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शोधसार 

जलविज्ञान सम्िन्धी तथ्याङ्कहरुको वनयवित पहुँचको सुवनश्चतताल े जलस्रोत सम्िन्धी योजना, 

विकास र व्यिस्थापनलाई दिगो बनाउन िहत्िपूर्ण भुविका पुयाणउछ। यस अिधारर्ावभत्र रहरे 

विवभन्न दकवसिका जलविज्ञान प्रारुपहरु जस्त ै Spatial Process in HYdrology (SPHY), 

Hydrologiske Byrån avdeling for Vattenbalans (HBV), and Hydrologic Engineering 

Centre Hydrologic Modelling System  (HEC HMS) को िूल्याङ्कनका िायराहरुको िेट्रिक्स 

प्रयोग गरी प्रभािकाट्ररताको अध्ययन गट्ररयो । उक्त िूल्याङ्कनका िेट्रिक्सहरुले िूख्यतयः Nash 

Sutcliffe Efficiency (NSE), Coefficient Correlation (r), Coefficient of Determination 

(R2 ), Root Mean Square  Error (RMSE), RMSE-observations Standard Deviation Ratio 

(RSR) and Volume Difference (P-Bias) लाइ सिेटेको हन्छ। तािाकोशी जलाधार अन्तगणत 

बुस्ती र रस्नालु केन्रहरुबाट प्राप्त तथ्याङ्कको आधारिा तीन िटै जलविज्ञान प्रारुपहरुको िैवनक र 

िावसकरूपिा जलप्रिाह तथ्याङ्कको NSE िान ०.६२ भन्िा बदि भएको जाुँच र प्रिार्ीकरर् 

सफलतापूिणक सम्पन्न गट्ररयो। अध्ययन गट्ररएका विवभन्न तथ्याङ्कीय सूचकाङ्कहरू िध्य े

Coefficient of Determination सापेविक रुपिा नवजक रहकेो पाइयो ।  

त्यसैगरी बेनीघाट जस्ता जलिापन केन्र नभएका स्थानहरुको जलप्रिाह पूिाणनुिान गनण SPHY, 

HBV light  and HEC HMS को प्रयोग गरी सि-जलधारको तथ्याङ्कन विलान गरी जलप्रिाह 

अनुिान गट्ररयो। ती पूिाणनिुानहरु िैवनक, िावसक, िार्षणक सिय सीिाको लावग िावथल्लो 

जलाधारिा उपलव्ध जलिापन केन्रको तथ्याङ  िा आधाट्ररत रहरे गट्ररयो । सुख्खायािको जलप्रिाह 

पूिाणनुिान उच्च जलप्रिाहको पूिाणनुिान भन्िा बिी प्रभािकारी िेवखयो भने जलप्रिाह 

पूिाणनुिानहरुको विसंगवत बषाणयाििा अवधक हने िेवखयो । तथावप अनुकरर्को क्रििा तीनिटै 

प्रारुपहरुले गैर जलिापन स्थानहरुिा उस्तै प्रकृवतको जलप्रिाह पूिाणनुिान िेवखयो । पूिाणनुिान 

अिवधिा गैर जलिापन स्थानहरुको जलप्रिाहको पूिाणनिुान नवजकका स्थानहरुको पूिाणनुिानको 

भन्िा बिी िेवखयो। गैर जलिापन प्रिाहको पूिाणनुिानका लावग एकल विवध भन्िा तलुनात्िक विवध 

बिी प्रभािकारी विकल्प िेवखन्छ ।  

तीनैिटा जलविज्ञान प्रारुपहरु िध्ये HBV light  model द्वारा िैवनक वनिेश पट्ररसचूकहरु प्रयोग 

गरी तािाकोशी निी जलाधारिा प्रभािकारी रुपिा जलप्रिाह अनुकरर् गट्ररयो । जलप्रिाहको 

विविधता यसका सम्भागहरुको सािवयक पट्ररितणनिा भरपिणछ। यस पट्ररपे्रििा तािाकोशी निी 

जलाधारको बुस्ती जलिापन केन्िकोको हकिा आधार-अिवधिा िषाण-बहािले िूख्यतः जलप्रिाहिा 

६३% को योगिान पुयाणउिै हािी भएको िेवखयो, जसिा भूविगत जलप्रिाह बहािको २०%, 

वहिनिी गलनबहाि १३%, र वहउुँगलन बहािको ५% योगिान रहकेो पाइयो। यस जलधार िेत्रिा 

उक्त आधार-अिवधिा जल सन्तुलनको भण्डारर् िितािा धनात्िक रहकेो िहत्िपूर्ण तथ्य पाइयो।  

तािाकोशी निी जलाधारको जलिायु पट्ररितणन प्रभाि विशे्लषर् गने क्रििा यस अध्ययनले तापक्रि 

र िषाणका आंकलनका लावग िईु िटा पट्ररिशृ्य सवहतको Coupled Model Intercomparison 

Projects(CMIP 6) विशे्लषर् प्रवतिेिनबाट चारिटा General Circulation Models (GCMs) लाई 

उपयोग गट्ररएको छ । ििुै पट्ररिशृ्यहरुको लावग तापक्रि र िषाण साथसाथै बढ्िै जाने वस्थर प्रिृवतको 

चट्ररत्र सिै GCMs ले प्रिशणन गरेका छन । विशेषतः SSP245 अन्तगणतको NorESM2 MM 



vii 

 

पट्ररिशृ्यले अपिािको रुपिा िषाणिा घटोत्तरी हने िेखाएको छ। अध्ययन िेत्रको लावग उक्त 

विशे्लषर्ले जलिायु पट्ररितणन र जलचक्रको जल सन्तुलनका पििीचको अनन्य विवशष्ट सम्िन्धलाई 

बुझ्न दिशा वनिेश गरेको छ। यसका अवतरक्त जल सन्तलुनका पिहरुलाई CMIP 6 को २ िटा 

GCMs लाई सिावजक-आर्थणक साझा पथपिणशक (SSPs) पट्ररिशृ्यहरु (SSP245 र SSP585) िाफण त 

िूल्याङ्कन गट्ररयो । उक्त विशे्लषर्ले िार्षणक, िावसक, ऋतुगत आधारिा आधार सियरेखा केवन्रत, 

वनकट-भविष्य, िध्य-भविष्य र सुिरु-भविष्य सवहतको जलप्रिाह आंकलन सिेटेको छ। २१औं 

शताब्िीको अन्तसम्ििा आधर सिय भन्िा ििुै पट्ररिशृ्य अन्तगणतका जलप्रिाहका घटकहरुः िषाण, 

बहाि, िास्तविक बाष्पीिाष्पोत्सजणन, िषाण बहाि, वहिनिी गलनको प्रिृवत बढ्न ेतर भूविगत बहाि 

र वहउुँगलन घट्न ेविशे्लषर्को नवतजा रहकेो छ, जसिा SSP585 प्रधान रुपिा िहत्ति प्रभाि पाने 

िेवखन्छ। िुख्यतया वहिनिी गलन बहाि जलिायु पट्ररितणनको प्रभागकोरुपिा रहकेो छ। यस िाहके 

िषणयािको िषाण गिीयाििा तािाकोशी जल िहािको प्राथविक कारकको रुपिा िेखा पने पाइएको 

छ। 

 यस अध्ययनले भविश्यको जलिायुको अिस्था आंकलन र जलवबज्ञान विधाका लावग िहत्िपूर्ण 

घटकको रुपिा निी बहािको भुविकालाई स्पष्ट गनण योगिान पुयाणउिछ। यसका साथै गरै-जलिापन 

िेत्र र तथ्याङ्क नभएका स्थानहरुका लावग आिश्यक तथ्याङ्क पट्ररपुर्तण गनण सन्िभण-सािग्रीको रुपिा 

दिशा वनिेश गनेछ। जलस्रोतको प्रभािकारी योजना, विकास र व्यिस्थापन र तािाकोशी निी 

जलाधारको बवहगणिन विन्ि ुिेवनघाटसम्ि आिश्यक जलपािपन पूिाणनुिान गनण पवन यो अध्ययनल े

सहायता पुयाणउने छ। साथै, जलिायु पट्ररितणनको पट्ररपे्रििा जलस्रोत सम्िन्धी पट्ररयोजनाको लावग 

उपयुक्त प्रारुपहरुको विशे्लषर् पवहचान गनण तथा जल-उत्पन्न प्रकोप व्यिस्थापनिा यस अध्ययनल े

विशेष सहयोग पुयाणउनेछ।  

 

िुख्य शब्िहरु: HBV light, SPHY, HEC HMS, Streamflow components, Water balance 

contribution, Climate change, Ungauged trans-boundary river, Tamakoshi river basin. 
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ABSTRACT 

Ensuring the consistent accessibility of hydrological data highlights the sgnificance of 

careful planning, development and management of water resource projects. Within this 

framework, the effectiveness of diverse hydrological models, such as the Spatial 

Process in Hydrology (SPHY), Hydrologiske Byrån avdeling for Vattenbalans (HBV), 

and Hydrologic Engineering Centre Hydrologic Modelling System (HEC HMS) 

models, are assessed using a range of evaluation metrics. These metrics include the 

Nash Sutcliffe Efficiency (NSE), Coefficient Correlation (r), Coefficient of 

Determination (R2), Root Mean Square Error (RMSE), RMSE-observations Standard 

Deviation Ratio (RSR) and Volume Difference (P-Bias). All three hydrological models 

were successfully calibrated and validated, demonstrating NSE values exceeding 0.62 

for daily and monthly discharge data, based on observations from Busti and Rasnalu 

stations within the Tamakoshi river basin. Among the various statistical parameters 

assessed, the coefficient of determination showed a relatively close fit. 

Similarly, continuous hydrological records for ungauged discharge predictions at 

locations like Benighat, are estimated using SPHY, HEC HMS, and HBV light  models 

by leveraging data from donor catchments. These predictions span daily, monthly, and 

annual time frames, sourced from upstream gauged stations. It is significant to note that 

the accuracy of lowflow predictions surpasses that of high flow predictions, and 

discrepancies in flow predictions tend to emerge primarily during peak flow periods. 

Nevertheless, all three hydrological models exhibit similar flow patterns in simulating 

ungauged streamflow, with discharge at the ungauged receiver site exceeding that of 

the donor site during simulations. This comparative method proves to be a preferable 

alternative to individual methods for estimating ungauged discharge. 

Among these three hydrological models, HBV light  model effectively simulates 

streamflow components using daily input parameters in the Tamakoshi river basin. The 

variations in streamflow are dependent on the temporal changes in its components. In 

this context, it is observed that rain runoff predominantly dominates streamflow, 

constituting 62% of the contribution, with baseflow runoff accounting for 20%, glacier 

melt runoff for 13%, and snow melt runoff for 5% at the Busti gauge station during the 

baseline period. It is important to note that there was a positive change in storage within 

the water balance during the baseline period. 
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In order to evaluate climate change impacts, this study employs four General 

Circulation Models (GCMs) from the Coupled Model Intercomparison Projects (CMIP 

6) Assessment Report 6, along with two scenarios for projecting temperature and 

precipitation in the Tamakoshi river basin. The findings of this study reveal a consistent 

trend among all GCMs, indicating a simultaneous increase in temperature and 

precipitation for both scenarios. Especially, the NorESM2 MM scenario under SSP245 

stands as an exception, demonstrating a noteworthy decrease in precipitation. These 

assessments provide valuable insights into the complex interplay between climate 

change and the water balance components of the hydrological cycle in the specified 

region. Furthermore, water balance components are evaluated using an ensemble of two 

GCMs from CMIP 6, coupled with two Shared Socio-economic Pathways (SSPs) 

scenarios (SSP245 and SSP585). The assessment covers streamflow components on an 

annual, monthly, and seasonal basis, focusing on baseline, Near Future (NF), Middle 

Future (MF), and Far Future (FF) projections. It is worth noting that streamflow 

predominantly leads the Far Future (FF) projections. Among the streamflow 

components, precipitation, discharge, actual evapotranspiration, rain runoff, and glacier 

melt, results showed increase, while baseflow and snow melt runoff decreases by the 

end of the 21st century in comparison of baseline period under both scenarios, with 

SSP585 having a more pronounced effect. Particularly noteworthy is the substantial 

increase in glacier melt runoff attributable to climate change. Moreover, precipitation, 

governed by monsoons, emerges as the primary determinant of river discharge during 

the summer season in the Tamakoshi river basin. 

This study contributes to projecting future climate conditions and the evolving role of 

streamflow components in hydrological regimes. Additionally, it provides valuable 

insights for future reference in generating streamflow data at ungauged sites and 

adderessing deficiencies in data records. This, in turn, facilitates effective planning, 

management, and development of water resource projects, extending from gauged 

stations to the outlet at Benighat within the Tamakoshi river basin.  The findings also 

aid in the assessment of suitable models for water resource projects and water-induced 

disaster management, especially in the context of climate change. 

Key Words: HBV light, SPHY, HEC HMS, Streamflow components, Water balance 

contribution, Climate change, Ungauged trans-boundary river, Tamakoshi river basin. 
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LIST OF ACRONYMS AND ABBREVIATIONS 

ACCESS CM2 
:Australian Community Climate and Earth System Simulator coupled 

model version 2 

AET :Actual Evapotranspiration 

AG :Calibration parameter (mm-1) 

Alpha :Non-linearity coefficient (-) 

alphaGW :Baseflow recession coefficient 

AM :Analogue Downscaling Method 

amsl :Average Mean Sea Level 

AR3 :Third Assessment Report 

AR5 :Fifth Assessment Report 

AR6 :Sixth Assessment Report 

BETA 
:Parameter that determines the relative contribution to runoff from 

rain or snow melt (-) 

CanESM5 :Canadian Earth System Model version 5 

CCCM :Canadian Climate Centre Model 

CFGlacier :Correction factor glacier 

CFMAX :Degree-Δt factor (mm oC-1 Δt-1) 

CFR :Refreezing coefficient (-) 

CFSlope :Correction factor slope (-) 

CGCM3 :Coupled Global Climate Model 

CHIRPS :Climate Hazards Group Infrared precipitation with stations 

CMFD :China Meteorological Forcing Datasets 

CMIP3 :Coupled Model Intercomparison Project Phase 3 

CMIP5 :Coupled Model Intercomparison Project Phase 5 

CMIP6 :Coupled Model Intercomparison Project Phase 6 

CS :Constant scaling 

CWH :Water holding capacity · 

DDFDG :Degree Day Factor Debris-covered glacier 

DDFG :Degree Day Factor Debris-free glacier 

DDFS :Degree Day Factor for Snow 

deltaGW :Ground Water delay 
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DEM :Digital Elevation Model 

DHM :Department of Hydrology and Meteorology 

DJF :December January February 

dKG :Maximum minus minimum outflow coefficient (t-1) 

E :Evaporation from the lake 

EQM :Empirical Quantile Mapping 

ET :Actual evapotranspiration 

EVU :Elevation Vegetation Unit 

FC :Maximum soil moisture storage (mm) 

FDC :Flow Duration Curve 

FF :Far Future 

GCM :General Circulation Model 

GDM :Glacier Degree Day Model 

GlacF :Glacier fraction 

GLOF :Glacial Lake Outburst Flood 

GoN :Government of Nepal 

HadCM3 :Hadley Centre Coupled Model 

HBV  :Hydrologiska Byråns Vattenbalansavdelning 

HEC HMS  :Hydrologic Engineering Center - Hydrological Modeling System 

HKH :Hindu Kush Himalayan Region 

HMA :High Mountain Asia 

ICIMOD :International Center for Integrated Mountain Development 

IPCC :Intergovernmental Panel on Climate Change 

JAMS :Jena Adaptable Modelling System 

JJAS :June July August September 

K :Storage (or recession) coefficient (Δt-1) 

K0 :Storage (or recession) coefficient (Δt-1) 

K1 :Storage (or recession) coefficient (Δt-1) 

K2 :Storage (or recession) coefficient (Δt-1) 

KGmin :Minimum outflow coefficient (t-1) 

Ki :Recession coefficient [1/Δt] 

km2 :square kilometer 

KSI :Snow to Ice conversion factor (Δt-1) 
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KW :Kinematic wave theory models 

Kx :Routing parameter recession coefficient 

LOCI :local intensity scaling 

LP :Soil moisture value above which AET reaches PET (-) 

LULC :land use and land cover 

m :meter 

MAM :March April May 

MAXBAS :Length of triangular weighting function (Δt) 

MBC :Monthly bias correction 

MF :Mid Future  

mm :millimeter 

mm Day -1 :millimeter per day 

mm y-1 :millimeter per year Day 

mm/year :Mili meter per year 

MoFE :Ministry of Forest and Environment 

MPI ESM1 2HR 
:Max Planck Institute for Meteorology Earth System Model version 

1-2 HighResMIP 

NBC :Nested bias correction 

NF :Near Future 

NorESM2 MM :Norwegian Earth System Model version 2 1degree MM 

NSE :Nash-Sutcliffe Criterion of Efficiency 

obs :Observed 

ON :October November 

P :Precipitation in the lake 

P :Precipitation 

P bias :Percent of bias 

PCALT :Precipitation correction 

PD :Probability distributed models 

PERC :Threshold parameter (mm Δt-1) 

PERC :Maximum percolation to the lower zone [mm/Δt] 

ppm :part per million 

PRECIS :Providing Regional Climates for Impacts Studies 

Q :Outflow (mm Δt-1) 
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Q :Discharge 

Q_Base :Baseflow runoff 

Q_Glac :Glacier melt runoff 

Q_Rain :Rain runoff 

Q_Snow :Snow melt runoff 

Qbf :Discharge contributed by baseflow runoff 

Qgm :Discharge contributed by glacier melt runoff 

Qi :Runoff component [mm/Δt] 

QM :Quantile mapping 

Qrr :Discharge contributed by rain runoff, 

QS :Quantile scaling 

Qsm :Discharge contributed by snow melt runoff, 

QTot :Total contributed discharge, 

RCM :Regional Climate Model 

RCPs :Representative Concentration Pathways 

RGI6 :Randolph Glaciers Inventory Version 6 

RMSE :Root Mean Square Error 

RSR :RMSE-observations standard deviation ratio 

S :Storage (mm) 

SCA :Snow Covered Area 

SDSM :Statistical Downscaling Model 

SFCF :Snowfall correction factor (-) 

sim :Simulated 

SLZ :Storage in lower zone [mm] 

SMA :Soil Moisture Accounting 

SMHI :Swedish Meteorological and Hydrological Institute 

SNBC :Simple nested bias correction 

SnowSC :Water storage capacity of Snow pack 

SP :Seasonal variability in degree-Δt factor (-) 

SPHY :Spatial Process in HYdrology 

SRES :Special Report on Emission Scenarios 

SRM :Snow Melt Runoff Model 

SRTM :Shuttle Radar Topography Mission 



xiv 

 

SSPs :Shared Socio-economic Pathways 

STZ :Storage in top zone [mm] 

SUZ :Storage in upper zone [mm] 

SWAT :Soil and Water Assessment Tool 

t :Time (Δt) 

TCALT :Temperature correction 

Tcrit :Critical Temperature 

Tmax :Maximum Temperature 
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CHAPTER 1  

1. INTRODUCTION 

1.1 Background 

The future global climate and current local climate is uncertain and thus posses some 

risk in hydrological regimes as well as hydrological cycles. Changing climate impacts 

hydrological regimes in the hydrological cycle through the distinguished streamflow 

components. Streamflow possesses mainly two parts: surface flow and sub-surface 

flow. Surface flow consists of direct runoff from rain and snow-glacier melt while sub-

surface flow is the infiltration of water from soil to subsoil. After 1960s, hydrological 

modeling systems were launched to simulate such hydrological processes. By now there 

are numerous hydrological models to estimate water balance and components by model 

parameterization. Firstly, Thornthwaite and Mather (1955) proposed their water balance 

model by continuous revision in their previous models. The water balance and 

hydrological regimes are affected by changing climate. Himalayas have a diverse 

climate, heterogeneous precipitation and hydrological regimes that cause water balance 

parameters including precipitation, runoff, evapotranspiration, soil moisture water 

deficit and temperature illustrate in-out flux hydrological system and water storage 

changes in temporal scale (Talchabhadel and Chhetri, 2023). The streamflow 

components contain different hydrological processes: rain-runoff contribution, 

groundwater-runoff contribution, snow melt and glacier melt-runoff contribution that is 

accumulated as the total river flow (Khanal et al., 2021). The classification of 

streamflow components by different methods are divided into empirical or statistical 

methods and hydrological modeling methods. However, hydrological modeling is a 

robust approach to the separation of streamflow components (Wu et al., 2021). The 

stochastic soil moisture water balance model suggests ways to partition precipitation 

into runoff and evaporation under different climate scenarios (Siegfried et al., 2023). 

The effects of climate change on streamflow components are precipitation, discharge, 

baseflow, melting runoff and evapotranspiration that may vary in spatial and temporal 

scale (Bajracharya et al., 2018). The knowledge of climate change impacts on 

hydrological regimes has greater importance which can contribute to sustainable water 

resources management in Himalayan regions (Nepal, 2016). The changing intensity and 

timing of precipitation will affect streamflow occurrence as floods or droughts. 
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Changing climate impacts on water resources and intensification of the global 

hydrological cycle as reported by the Third Assessment Report (AR3) of the 

Intergovernmental Panel of Climate Change (IPCC, 2001). A General Circulation 

Model (GCM) is a climate model that mathematically represents the general circulation 

of planetary atmosphere. These models are used to obtain reliable information regarding 

historical, current, and future climate trends (Gonzalez et al., 2010) over long periods. 

Generally, using an ensemble of various GCMs in place of single GCM can represent a 

range of possible scenarios which provide a better idea about possible future climate 

(Pierce et al., 2009). However, the spatial resolution of a GCM is not sufficient for 

countries with mountain regions, which makes it incompatible with local hydrological 

models. In practice a downscaling methods are used to fill this gap. Regional Climate 

Model (RCM) is available in relatively higher spatial resolutions than GCM. 

Furthermore, RCM can be placed within a given GCM to provide a more detailed 

simulation. RCM covers a smaller area with better resolution, which requires more 

intensive computation to run and is appropriate for  areas with mountainous and coasts. 

The Coupled Model Inter-comparison Project Phase 5 (CMIP5) developed different 

climate change scenarios called Representative Concentration Pathways (RCPs) 

(Meinshausen et al., 2011), which can project possible future climate scenarios. Studies 

have shown that RCP scenarios are an suitable approach in investigatiing future climatic 

conditions, and the results can be used to perform the impact analysis of climate change 

and plan future mitigation measures (Van Vuuren et al., 2011).  

The General Circulation Models (GCM) on future temperature and precipitation in the 

impact region and it’s projections for future hydrological regime patterns differ widely 

based on data inputs and detailed studies to measeure impacts of such differences are 

acutely lacking. Consequently, the demand of intensive knowledge about future climate 

change projection is relatively higher. Main focus of the study is in temperature 

increases and changes to the hydrological cycle as the tendency that recent scientific 

knowledge supported by observed weather events results that extremes related to 

hydrological changes can be substantial though and the geographical and time-wise 

resolution of predicted changes is still low in many areas.  This will produce frequent 

and intense rainfall events in consequent years which affects stream flow patterns on a 

basin scale, main focus of this study. 

Hydrological models have a wide range of applications, including water resources 

planning, development and management, flood prediction, coupled systems modeling 
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including water quality, hydro-ecology and climate change projection, etc. However, 

due to the limitation of resources and the range of available measurement techniques, 

there are limitations to the availability of spatial-temporal data. Hence there exists a 

need to extrapolate spatial-temporal information from the available measurements. 

Moreover, there is a need to assess the possible hydrological impact of future system 

response. Hydrological models are often used to simulate future hydrological cycles 

and GCM-projected temperature and rainfall data are used to force these models. 

Hydrological modeling often plays a vital role in decision-making for water resources 

management and planning. Developed countries have always developed own their 

model as required but developing and under-developing countries have limited models 

(Souffront Alcantara et al., 2019). Many conceptual hydrological models apply to water 

resource management (Nonki et al., 2023). Several hydrological models were employed 

to simulate hydrological regimes in the Himalayas river basin. Hydrological models are 

commonly classified into two categories physically based and conceptually based 

(Singh et al., 1995).  Besides these two models, some other tools simulate semi-

distributed nature. The models are also categorized into lumped, semi-distributed and 

distributed models.  

Continuous hydrological records at the desired site with spatial and temporal coverage 

are required for the planning, development and management of applications of water. 

The spatial and temporal coverage of continuous hydrological records is usually not 

available. Discharge stations and observations are limited at transboundary Himalayan 

River basins mainly in under-developing countries due to continuous monitoring, 

maintenance and cost. Continuous modeling is suitable for instance and effective design 

simulations support ungauged sites (Grimaldi et al., 2021). The ungauged simulation 

shall be linked to the runoff response from the routing process. Ungauged basins are 

partially or completely absent from the hydrological network those situations are unable 

to calibration. In the absence of flow records practitioners are using empirical 

approaches for discharge data and frequency analysis. Streamflow downstream is 

continuously changing due to climate change in Himalayan catchments (Adhikari et al., 

2022). The hydrological records require water resources project planning, development 

and management.  

The crucial question and challenge are what will be the impact of climate change on 

hydrological regimes and what are the resulting temporal variations in hydrological 

regimes over the Tamakoshi river basin? This research evaluates the changes in 
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hydrological regimes resulting from the projected climate change by using CMIP6 

datasets forced to the hydrological model. There are many regions where runoff and 

discharge will increase due to increasing precipitation but also many regions where 

there will be decreases. So, the individual basin and catchment may experience a 

significant impact of climate change in the whole hydrological regimes, locally and 

globally. The study is an overview of present hydrological regimes and their future 

prospective with respect to climate change which recognizes the fact that climate 

change impacts hydrological regimes in different ways volume of flow, timing of flow 

(discharge). This study aims to answer the questions related to the hydrological regime's 

expected increases and decreases due to climate change and water availability and the 

extent of such changes. 

1.2 Rational of the study 

The spatial and temporal coverage of river flow discharge data at a desired site is usually 

unavailable. Hydrological gauging stations installed across the basins are limited and 

not tolerable according to the norms and criteria of the World Meteorological 

Organization (WMO, 2008) in situ observations are limited due to the loss of gauging 

stations and the absence of a gauge reader, the continuous discharge data is a gap across 

the river basins in under development countries (Wongchuig-Correa et al., 2020). The 

availability of water from upstream to downstream in mountainous regions is changing 

and accurate hydrological predictions and information for the future supply are 

important (Lutz et al., 2016). Designing discharge data and transposing hydrological 

information at ungauged river basins is a significant task for water management (Seibert 

and Beven, 2009, Waseem et al., 2015).  

However, the changing climate and hydrological regime might pose a risk to overall 

water resources management. Based on an ensemble of the GCMs under different SSPs 

scenarios, the GCMs data sets of CMIP6 implemented comprehensive climate change 

projections from local to global scale. CMIP6 data sets improve the knowledge to 

understand projections of climate change impacts on hydrological regimes for past, 

present and future (Lalande et al., 2021, Eyring et al., 2016). 

This type of study ungauged streamflow simulation using hydrological models SPHY, 

HBV light  and HEC HMS models investigate the ungauged flow simulation and HBV 

light  model simulates climate change impacts on streamflow components viz; 

precipitation, actual evapotranspiration, water storage change, discharge from rain-
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runoff, baseflow runoff, glacier melt runoff and snow melt runoff with CMIP6 GCMs 

data input still gap in trans boundary river basin. This study provides information about 

the climate change impacts on water balance components and its prospects which are 

helpful for future water-resource planning in hydropower, irrigation and drinking water 

as well as hydraulic infrastructure, etc. The results are also useful for water resources 

systems analysis, watershed hydrology, flood management, water sustainability, 

adaptation planning and sustainable management of water resources in other same 

circumstances in the Himalaya region. Thereafter now has great importance the 

utilization in the planning and design for water resource projects, early warning 

systems, dry season water management, climate foresight and inventory of water 

resources potentiality in local as well as regional scale. 

1.3 Research questions  

This study, the observed temperature and precipitation trend has been increasing in 

Himalayans basins resulting in the shrinking of snow and glacier areas in recent years.  

As a consequence, the runoff generation components and streamflow regime are 

affecting. The research questions raised in this study are as follows: 

• What is the actual Catchment Area Ratio method for Ungauged basin? 

• What are melt contributions to water balance?  

• What is the temporal distribution of precipitation, temperature 

evapotranspiration, water storage change and discharges under SSPs?   

1.4 Research objectives 

The main aim of this research is to analyze the characteristics and variation of 

hydrological regimes under different climatic scenarios in high Himalayas Tamakoshi 

river basin. The specific objectives of this study are as follows.  

• To compare and calibrate the discharge of different gauging stations by using 

hydrological models.  

• To evaluate the melt contribution on water balance. 

• To analyze of changes in precipitation, temperature, baseflow, rain runoff, 

snow-glacier melt, river discharge, evapotranspiration and water storage change 

between the baseline and future period by using climatic and hydrological 

model.  
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1.5 Limitations  

The changes of climatological parameters in distances rapidly with the elevation in 

rugged mountainous regions effects temperature and precipitation patterns, Therefore 

the available hydro-meteorological stations could not covarage the complete basin area. 

Contineous data of  precipitation, temperature and discharge data are records available 

at the limited stations mostly at lower elevations. So, the trend of the meteorological 

parameters at high elevations is rather complicated. Limited climate change 4 GCMs 

data were used and evaporation estimation using the Banley-Criddle equation, 

evaporation station not available in the study area. 

1.6 Outline of the dissertation  

The major body of the thesis is divided into six chapters, and it also has references and 

appendices.  The thesis is summarized as follows. 

Chapter 1: includes Introduction, research question, objectives, limitations and thesis 

outlines. 

Chapter 2: includes Literature review on the Hydrological model, Stochastic model, 

Black box model, Deterministic model, Physically-based distributed model, Distributed 

model, Semi-distributed model, Lumped models physically based, Lumped model, 

Ungauged catchments, Climate change, Climate models, Scenarios and Bias correction. 

Chapter 3: includes Materials and Methods, Study area, Hypsometric curve, Observed 

precipitation, discharge and temperature characteristics of Tamakoshi river basin, Input 

data availability, Climate change projection data, Hydrological modeling, Spatial 

Process in HYdrology (SPHY), Runoff routing, HBV-light, The applications HBV light  

model, HBV light  Model routine, Snow routine, Parameters, Glacier routine, 

Parameters, Dynamic glacier, Response routine, Recession analysis, Soil moisture 

routine, Routing response, Model types, Three GW-boxes, STZ and SUZ distributed, 

Response routine, Model variants, Glacier, HEC HMS continuous simulation, 

Streamflow components, Water balance storage, Hydrological model calibration and 

validation, Evaluation methods, Bias correction of precipitation and temperature 

Chapter 4: includes Model calibration and validation, comparison of model with 

statistical index, Flow simulation at ungauged site, Observed water balance components 

contribution on streamflow, Water balance storage, Climate change analysis, Bias 

correction, Projected impacts of GCMs, Projected precipitation, Projected temperature, 
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Climate change impacts on water balance components, Climate change impact on 

precipitation, Climate change impact on river discharge, Climate change impact on rain 

runoff, Climate change impact on baseflow runoff, Climate change impact on glacier 

melt runoff, Climate change impact on snow melt runoff, Climate change impact on 

actual evapotranspiration, Water balance storage changes 

Chapter 5: Includes Conclusion and Recommendation  

Chapter 6: Includes Summary
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CHAPTER 2  

2. LITERATURE REVIEW 

2.1 Background 

The extensive evaluation of the literature includes an analysis of how climate change is 

affecting hydrological patterns. This chapter provides a detailed explanation of this 

study, with particular attention to Hydrological Models and their all-encompassing 

overview, the difficulties presented by Ungauged Basins concerning climate change, 

taking into account a range of scenarios and correcting any biases that may exist. This 

analysis's sources are from reliable places, such as Google Scholar, official documents, 

and library materials, guaranteeing the inclusion of factual data. Building on the 

knowledge gained from the thorough literature evaluation, the research gap was 

established and used as the basis for the overall study design. This study aims to 

investigate the effects of climate change on water balance components in the Tamakoshi 

river basin through the simulation of ungauged hydrological processes. A key 

component of this research is the use of Climate Change Models (CCMs) datasets, 

which provide a thorough evaluation of the consequences. The significance of the data 

about ungauged basin records and climate change cannot be overstated in terms of 

planning, development, and management of water resources. The following 

subheadings are used in this chapter to present the literature review: 

2.2 Hydrological model 

In the fields of planning, catchment-scale development, and water resource 

management, hydrological models are essential instruments that are frequently utilized. 

These types were first developed in the 1960s and 1970s, and they have been in use for 

more than 50 years. In order to mimic catchment runoff, a number of very simple 

hydrological models were developed at this time, which resulted in the production of 

multiple conceptual models. These models use a small number of parameters to depict 

the complex and varied hydrological processes that occur within a catchment (Seibert 

and Bergström, 2022). 

The signal that starts hydrological processes is precipitation. The amount of 

precipitation that eventually makes its way into streams is known as runoff or stream 

flow, and it captures the basin's overall response. A variety of factors are included in a 



9 

 

total runoff, including precipitation that falls directly onto a stream, groundwater or 

base flow, surface runoff, sub-surface runoff, and runoff from melting snow and 

glaciers. Stream flow data is crucial for hydrology and is needed for the design, 

management, and control of projects involving water resources. 

By definition, simplified conceptual representations of particular hydrologic cycle 

components are what hydrological models are. Hydrological prediction and the 

understanding of hydrological processes are their two fundamental functions. These 

models find many uses, such as flood prediction, planning, development, and 

management of water resources, as well as coupled system modeling that includes 

hydro-ecology, water quality, and climate-related issues. However, due to a lack of 

resources and measurement methods, the availability of spatial-temporal data is 

frequently limited. As a result, extrapolating spatial-temporal information from the 

existing data becomes necessary. It also becomes crucial to evaluate the possible 

hydrological effects of future system responses, such as those brought about by changes 

in land management and climate (Pechlivanidis et al., 2011). 

There are many different types of hydrological models that fall into two categories: 

conceptual models and physically-based models. Depending on the features of the 

particular catchment, lumped, semi-distributed, or distributed models might be chosen. 

Numerous hydrological model concepts are shown in Figure 1, but a few main 

classification structures also stand out; these are discussed in the section that follows. 
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Figure 1: Classification of hydrological model 

2.2.1 Stochastic model 

 These black-box models are data-driven systems that use statistical and mathematical 

principles to establish a connection between a given input (like rainfall) and the model's 

output (like runoff) (Cunderlik, 2003). Regression, transfer functions, neural networks, 

and system identification are often employed techniques. We refer to these models as 

stochastic hydrological models. The physical processes seen in the real world are 

attempted to be represented by these models. These models usually include channel 

flow, evapotranspiration, surface runoff, and subsurface flow. 

2.2.2 Black box model 

All that this model does is outline the functional connections between the inputs and 

outputs of the system (Pechlivanidis et al., 2011). It follows that they are lumped 

parameter models. When compared to process parameters like mass or heat transfer 

coefficients, reaction kinetics, etc., the parameters of these functions have little physical 

importance. Compared to mechanistic models, black box models have this drawback. 

Nonetheless, the black box modeling approach is as successful if the goal is simply to 

properly depict specific trends in process behavior. Additionally, the cost of modeling 

is orders of magnitude lower than the expense of creating mechanistic models. 
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2.2.3 Deterministic model 

 A given input always yields the same output in a deterministic model, which does not 

take randomness into account. Equations are used in such a model to express the domain 

(Physics) of a system (Pechlivanidis et al., 2011). Different combinations of lumped or 

distributed, empirical, conceptual, or physically based deterministic models are 

possible. Lumped, semi-distributed, and distributed models are the three basic types of 

deterministic hydrological models. 

Deterministic hydrological models are the name given to these models. Deterministic 

hydrology models are further classified as continuous simulation models (which deal 

with modeling a system over time by a representation in which state variables change 

continuously with respect to time) and single-event models (single-event hydrological 

models will always be of uncertain value). 

2.2.4 Physically based distributed model 

One or more partial differential equations are used to represent processes in physically-

based distributed models, where the equations and parameters are dispersed over space. 

A physically-based model, in contrast to lumped conceptual models, does not take into 

account that water flows in a region occur in a small number of storage units. Rather, 

the energy and water flows are computed directly from the governing continuum (partial 

differential) equations, like Boussinesq's equation for groundwater flow, Richard's 

equation for unsaturated zone flow, and the Saint Venant equations for overland and 

channel flow. Applications of distributed models include catchments with intricate 

channel networks, different land use and vegetation cover distributions in space, 

intricate subsurface aquifer systems, etc. These models enable the study of the 

interactions between surface water, groundwater, and the unsaturated zone, though 

flood modeling is the main area of interest. The spatiotemporal pattern of flood 

formation may be significantly influenced by the analysis of spatial variations in these 

interactions. 

2.2.5 Distributed model 

In contrast to lumped models, which average or disregard spatial variances, distributed 

models explicitly take these variations into account. In the Himalayan region, which is 

known for its high altitude and frigid temperatures, a distributed hydrological model is 
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essential for gaining important insights into the water cycle and cryosphere (Wang et 

al., 2023). 

The knowledge basis that underpins empirical, conceptual, and physically based models 

differs from one another. Physically based models describe each process's behavior 

using the laws of physics. Conceptual models are created when the behaviors used for 

the physically based models are drastically simplified. Rather than using physics, an 

empirical model is created via observations of the input and outcome. 

Distributed model parameters are free to change in space at a resolution selected by the 

user. In order to assess the impact of this distribution on simulated precipitation-runoff 

behavior, the distributed modeling approach aims to integrate data regarding the spatial 

distribution of parameter variations with computational tools. Large volumes of data, 

which are frequently unavailable, are typically needed for parameterization in each grid 

cell of distributed models. The controlling physical processes, however, are 

meticulously modeled and, when used correctly, can yield the highest level of precision 

(Cunderlik, 2003). 

The availability of spatially distributed data sets at relatively fine scales (such as 

remotely sensed data), information about physical catchment properties at small 

catchment scales, and the growing availability of powerful computer resources have all 

encouraged the use of distributed models. While rain gauge data is typically used by 

distributed models, remote sensing products have proven to be a useful substitute. 

Although it lacks the quantitative accuracy of rain-gauge networks, this type of data can 

provide good estimates of rainfall at precise geographical and temporal resolutions. In 

order to get around this issue, rain-gauge networks' point estimates of rainfall are 

typically used to calibrate remote sensed data (Pechlivanidis et al., 2011). 

Hydrological applications have long benefited from the use of distributed models for a 

variety of reasons, but problems with scale, parameter estimates, and calibration 

techniques arise. Distributed models are prone to becoming over-parameterized and 

hence ill-posed in relation to the available input-output data as the degree of spatial 

discretization grows. Accordingly, a typical issue is uncertainty in parameter 

estimations, which leads to ambiguity in model identification (Orlandini and Rosso, 

1998, Madsen et al., 2002), referenced in (Pechlivanidis et al., 2011). Furthermore, the 

literature does not clearly show that distributed models are more accurate in terms of 

flow estimates at the catchment outlet than lumped models in terms of spatial resolution 

(Pechlivanidis et al., 2011). This conclusion could be attributed to multiple sources of 
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uncertainty, including parameter estimation, data uncertainty, and model structure 

identifiability (Beven, 2009), as noted in (Pechlivanidis et al., 2011). 

Although the most important factor is often unclear because the results depend on the 

hydrological characteristics of the catchment, factors like the rainfall's spatial 

distribution, model parameters, and channel routing appear to make a distributed model 

more effective than a lumped model in some situations.  Furthermore, rainfall and 

model spatial resolution appear to be related to distributed model efficiency. However, 

a number of causes of error and uncertainty, including rainfall, model structure, and 

model parameter uncertainty, should be taken into account and handled for improved 

model performance in distributed modeling. On the other hand, when a lumped model 

outperforms a dispersed model, the primary cause has been identified as the 

geographical variation of the model parameters (Pechlivanidis et al., 2011). 

2.2.6  Semi distributed model 

By dividing a watershed into smaller subbasins, semi-distributed models—also referred 

to as simplified distributed models—allow for a partial geographic variation of 

parameters. Semi-distributed models fall into two main categories: conceptual models 

and physically based models. 

Models like HEC HMS  that are based on kinematic wave theory, also known as KW 

models, fall within the first group. The surface and subsurface flow equations used in 

more intricate distributed hydrologic models are represented more simply in these 

models. 

Models of probability distribution, or PD models, fall within the second group. 

According to Cunderlik (2003), probability distributions of input parameters across the 

watershed are incorporated into PD models to account for geographical variances. 

2.2.7 Physically based lumped model  

In the 1960s, a novel set of models emerged, known as lumped models with a physically 

based approach. These models were designed to offer a more robust foundation for 

representing watershed processes. They consist of interconnected conceptual elements, 

with each element symbolizing a subsystem within the hydrologic cycle, such as 

evaporation, surface runoff under saturated conditions, and rill surface runoff. 

Nevertheless, despite the numerous parameters involved, the process descriptions 
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remain rather simplified. Consequently, there is minimal distinction between these 

models and the conventional lumped conceptual models. 

In the 1970s, a fresh approach to hydrologic process modeling came into play. These 

models possess a flexible structure that adjusts to the system's inputs and outputs, 

earning them the label of "black box models." Among the initial iterations of these 

models were the autoregressive models, which were grounded in time series analysis. 

A more recent variant of this model, which allows for the incorporation of up-to-date 

data, is the artificial neural network model. While this model has yielded promising 

results in some cases, further research is essential to explore its full potential. 

The criteria governing model structures still lack clarity, which poses challenges when 

applying these models in watersheds with insufficient data or when regionalizing 

parameters. Nevertheless, modern technology empowers us to attain comprehensive 

knowledge of specific variables with high spatial precision and efficiently handle 

substantial volumes of information. Consequently, it is reasonable to believe that a 

model incorporating the spatial distribution of variables will outperform a lumped 

model. Distributed models, in particular, excel in this regard by accurately representing 

the spatial variability of variables and faithfully replicating watershed processes, as 

opposed to lumped models. 

Physically based distributed models delve into watershed processes with remarkable 

detail and can provide fine-resolution representations (typically at scales of 100-500 

meters). These models solve equations for each individual unit (cell), and the outputs 

of neighboring cells are amalgamated. However, these sophisticated models necessitate 

extensive data and, thus far, have required extensive parameter calibration, if not the 

estimation of all variables from field data. 

Presently, a middle ground is being explored between the two primary modeling 

approaches—lumped and distributed. This intermediate path is referred to as "models 

of distributed parameters." These models segment the watershed into smaller, more 

homogeneous units, to which lumped models are applied. The overall watershed 

response is an amalgamation of these unit-level responses. These models can be 

categorized based on the type of units used, which might include subwatersheds or 

artificial units defined by specific criteria. The application of lumped models to these 
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units is what characterizes them as "distributed models," although they retain a 

conceptual lumped nature. 

Distributed hydrologic modeling is an evolving field, with various approaches, 

philosophies, and research directions. For instance, one category of distributed 

hydrologic models seeks to integrate these units in order to represent the spatial 

distribution of variables in a simplified manner. 

2.2.8  Lumped model 

Lumped hydrologic models have fixed parameters across a basin, focusing solely on 

the basin's outlet response without considering the individual subbasin responses 

explicitly. These models often lack representation of the physical characteristics of 

hydrologic processes, relying on empirical approximations to some extent. To address 

the impact of spatial parameter variability, methods like area-weighted averages are 

employed to calculate effective values for the entire basin. Lumped models are 

generally unsuitable for event-scale processes. However, when the primary concern is 

forecasting discharge, these models can offer simulations of comparable quality to more 

intricate distributed models (Cunderlik, 2003). 

In conventional hydrological modeling, a prevalent approach involves the utilization of 

lumped models. These models depict a watershed as a unified entity and consider a 

single input of mean rainfall. The ensuing discharge at the outlet of the watershed is 

determined based on the overall system dynamics. Within this category, numerous 

hydrologic models are employed, typically hinging on the concept of the unit 

hydrograph (UH). 

This concept operates effectively within a framework that assumes the watershed to be 

a linear, causative, and time-invariant system, where only a portion of the rainfall, 

known as rainfall excess, generates runoff. However, it is imperative to note that these 

models do not adequately account for the potential infiltration of surface runoff as it 

traverses a permeable riverbed. Consequently, they tend to underestimate the subsurface 

contribution to river flow. 

Furthermore, identifying the unit hydrograph (UH) can be a complex undertaking. The 

derivation of the UH often necessitates solving the inverse problem using hydrological 
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information specific to the watershed, including rainfall and flow data. Unfortunately, 

such data may not always be readily available or of sufficient quality. Moreover, 

information regarding the spatial distribution of rainfall is often limited. 

To mitigate these challenges, an alternative approach has been developed, wherein the 

watershed is conceptualized as a simplified system. This simplification enables the 

derivation of a single UH based on a limited set of parameters, which can be obtained 

through statistical techniques. These models are commonly referred to as lumped 

conceptual models. 

Taking this concept a step further, efforts have been made to establish a relationship 

between the parameters of the unit hydrograph and the geomorphological characteristics 

of the watershed. This endeavor has given rise to the Geomorphologic Unit Hydrograph, 

which relies solely on the physical attributes of the watershed and does not rely on 

hydrological data for its formulation. 

A number of models were later created for hydrological simulation after the 

hydrological model was initially presented on a computer in the late 1960s (Bergstrom, 

2006). Although there are many uses for hydrological models, the simulation is limited 

in certain ways by the availability of geographical and temporal data. Hydrological 

models that have been verified and calibrated are used to assist basin and subbasin water 

resources planning management. According to Pechlivanidis et al. (2011), hydrological 

models evaluate the potential hydrological effects of potential system responses. 

According to basin characteristics, internal hydrological processes, data availability, 

and basin parameterizations, hydrological models are primarily divided into lumped, 

semi-distributed, and fully distributed models (Cunderlik, 2003, McDonnell et al., 

2007). The measured streamflow gauge station data at the basin is frequently used to 

calibrate and validate hydrological models (Dembélé et al., 2020, Zhang et al., 2023). 

 

Streamflow in river basins is primarily influenced by precipitation in the basin areas. 

The characteristics of precipitation in complex river basins exhibit variations, often 

attributed to orographic effects (Shrestha et al., 2019a). The attributes of rainfall are of 

great significance as they impact runoff and the functioning of hydrological systems in 

the central Himalayas region. Precipitation serves as the source of river discharge, 

which is composed of rain runoff, snow and glacier melting, and groundwater runoff 
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(Raghunath, 2006). River discharge plays a pivotal role in the hydrological cycle, a fact 

emphasized by Shiklomanov et al. in 2006. 

The hydrological cycle itself is subject to profound alterations brought about by shifting 

climate patterns and modifications in water resource structures. Therefore, 

comprehending the past and prospective trends in hydrological occurrences is crucial 

(Cong et al., 2009). Timely and accurate data on river discharge is the cornerstone for 

responding to the interplay of land surface and atmospheric forces. The livelihoods of 

human communities are heavily reliant on the availability of water from streams and 

rivers. In history, civilizations thrived along riverbanks primarily due to the dependable 

water supply (Spencer et al., 1978). However, the changing climate and human 

activities have led to changes in river hydrology. Over the past two decades, there has 

been a substantial decrease in the annual discharge of 22% of the world's rivers and a 

significant increase in the annual discharge of 9% of the world's rivers (Walling and 

Fang, 2003). It is important to recognize that river discharge is not uniform across global 

to local scales; it evolves with both time and space. Mainly, river discharge tends to 

increase in high-altitude river basins (Manabe et al., 2004, Peterson et al., 2002). 

In underdeveloped countries situated in the Himalayan River basin, there is a limitation 

in the number of discharge gauging stations, primarily due to cost and accessibility 

constraints (Wongchuig-Correa et al., 2020). In the absence of regular ground station 

gauge data, remote sensing data can be effectively employed in conjunction with 

hydrological models to generate discharge data at both gauged and ungauged sites (Kite 

and Pietroniro, 1996). While developed countries possess hydrological models tailored 

to their specific needs, developing nations often grapple with limited hydrological 

models, necessitating the testing of multiple models as required (Souffront Alcantara et 

al., 2019). The simulation of discharge and hydrological phenomena through various 

hydrological models is contingent upon the performance of the models (Nash and 

Sutcliffe, 1970). It is important to acknowledge that the performance of hydrological 

models is intricately linked to the characteristics of catchments and the quality of input 

data. 

Among the diverse hydrological models, Spatial Process in HYdrology (SPHY) is a 

spatially distributed model capable of simulating terrestrial hydrology at various 

climatic scenarios on a basin-to-subbasin scale (Terink et al., 2015). The SPHY model 

has found successful application in several river basins within the High Mountain Asia 

(HMA) region (Khanal et al., 2021). Furthermore, the HBV  model, a semi-distributed 
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conceptual model, has proven effective in modeling snow and glacier-fed river basins 

in Nepal (Adhikari, 2014, Adhikari et al., 2022). In evaluating model components, the 

response of a catchment to the model's operation is crucial (Jansen et al., 2021). These 

components encompass snow, soil moisture, and response and routing routines, which 

include parameters for lakes and glaciers. They are applied to generate discharge data 

at the outlet of catchments in HBV  models (Seibert, 2005). 

In situations where data is scarce or insufficient, precise model calibration and 

validation are indispensable, particularly for rainfall-runoff models. These models play 

a pivotal role in early warning systems and the development of surface and subsurface 

hydrological models (Teng et al., 2017). Selecting the most appropriate model for 

simulating streamflow data in specific watersheds can be a daunting task due to the 

diverse objectives of researchers and the unique characteristics of each watershed 

(Golmohammadi et al., 2014). 

Many studies have been conducted to under the temperature and precipitation changes  

(Dahal et al., 2018; Thakuri et al., 2019), hydrological behaviors of rivers of Nepal 

using hydrological models / tools, like SWAT (e.g. Neupane et al., 2014; Neupane et 

al., 2015; Shrestha et al., 2017; Neupane et al., 2022; Neupane et al., 2017; Neupane 

and Pandey, 2021; Lamichhane et al., 2024), J2000 (Nepal et al., 2015; Nepal et al., 

2017; Eeckman et al., 2015). Commonly used some of the available computation 

models, HBV  model (Bergström, 1976, Bergstrom, 1992), GDM model (Kayastha et 

al., 2020),  SPHY model (Terink et al., 2015), SWAT model (Arnold et al., 1998), Mike 

11 model (Célleri et al., 2003), JAMS J2000 model (Krause, 2002), HEC HMS  

(USACE) etc. investigates the water balance and streamflow components in basin to 

sub-basin scales in Himalayas river basin.  

A range of hydrological models, including those by Khanal et al. in 2021, Nepal et al. 

in 2014, Bharati et al. in 2014, Kaini et al. in 2021, Bajracharya et al. in 2018, Devkota 

and Gyawali in 2015, Adhikari et al. in 2022, Khadka et al. in 2014, and others, are 

designed to simulate the impacts of climate change in the Central Himalayas region. 

Notably, the HEC HMS  model, developed by the Hydrological Engineering Center 

(HEC) of the US Army Corps of Engineers (USACE), delves into rainfall-runoff and 

routing processes, encompassing both natural and controlled elements (Feldman, 2000). 

The Spatial Process in Hydrology (SPHY) model, conceived by Terink et al. in 2015, 

has found successful application in a spectrum of tasks, including real-time soil 

moisture projections in low-lying areas, irrigation management, assessments of climate 
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change impacts on snow and glacier-fed river basins, and operational flow forecasting 

in Himalayan catchments. The Hydrologiska Byråns Vattenbalans avdelning (HBV ) 

model is instrumental in estimating water balance components within the Himalaya 

river system, and it has been effectively applied in the context of Nepalese Himalayan 

rain runoff, snow, and glacier-fed river basins(Adhikari et al., 2022, Bhattarai et al., 

2018, Thapa et al., 2017, Shrestha and Alfredsen, 2011, Normand et al., 2010).  

Hydrological models, in general, play a pivotal role in simulating streamflow 

components and their contribution to river discharge in mountainous regions. Their 

utility in water resources research is steadily on the rise (Huang et al., 2022). These 

models are instrumental in partitioning water into evaporation, runoff, and infiltration, 

serving as valuable tools for understanding and managing water resources (Lian et al., 

2021, Porporato and Yin, 2022). Therefore, the need for hydrological models capable 

of simulating streamflow at both the basin and sub-basin scales is paramount in this 

endeavor. 

2.3 Ungauged catchment 

Hydrological records play an indispensable role in the planning, development, and 

management of water resources projects. However, the availability of river flow 

discharge data at specific locations is often lacking both in terms of spatial and temporal 

coverage. The installation of hydrological gauging stations across river basins is 

limited, falling short of the standards set by the World Meteorological Organization 

(WMO, 2008). In many cases, on-site observations are constrained due to the loss of 

gauging stations and the absence of gauge readers, resulting in significant gaps in 

continuous discharge data, particularly in underdeveloped countries (Wongchuig-

Correa et al., 2020). The dynamic nature of water availability from upstream to 

downstream in mountainous regions is subject to change. Therefore, the provision of 

accurate hydrological predictions and information for future supply is of paramount 

importance (Lutz et al., 2016). Transposing discharge data and hydrological 

information to ungauged river basins is a formidable task essential for effective water 

management (Seibert and Beven, 2009, Waseem et al., 2015). Streamflow downstream 

is subject to continuous fluctuations driven by climate change within Himalayan 

catchments (Adhikari et al., 2022). 

Various methods have been employed to simulate discharge at both gauged and 

ungauged sites. Among these, the drainage area ratio method is a simple, linear, and 
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straightforward approach used to estimate discharge at ungauged sites within single-

stream networks. A river basin typically consists of one or more sub-basins and the 

transposition of flow data to ungauged sites is achieved through different 

methodologies. These include the regionalization of parameters using nearest 

neighbors, the donor technique, and regional averaging, often accomplished through 

hydrological simulation using multiple modeling approaches (Razavi and Coulibaly, 

2016, Van Liew and Mittelstet, 2018). 

Flow forecasting, involving the transfer of data from gauged stations to ungauged ones 

through parameter transfer, is a more refined technique compared to the basic drainage 

area ratio method, especially when it comes to transfer of flow data upstream to 

downstream and vice versa (Li et al., 2019). By combining the drainage area ratio 

method with parameter transfers facilitated by a hydrological model, the estimation of 

discharge at ungauged basins becomes independent (Swain and Patra, 2017). 

Hydrological modeling presents a pragmatic alternative for predicting streamflow data 

and calibrating it at ungauged sites (Bergstrom, 2006). Fully distributed hydrological 

models are applicable for flow forecasting in areas where data is scarce and challenging 

to obtain, particularly in mountainous regions (Kayastha et al., 2020, Terink et al., 2015, 

Waseem et al., 2015). 

An ensemble approach combining the drainage area ratio, the inverse distance weighted 

method, and regional regression methods is more robust and effective than relying on a 

single traditional method (Waseem et al., 2015). In cases where in-situ ground 

discharge stations are lacking, satellite products have been used to estimate time series 

discharge at ungauged river basins (Sichangi et al., 2018). Additionally, precipitation 

estimates have been derived from satellite data (Talchabhadel et al., 2021). Satellite 

altimetry, which provides data on daily river stage, longitudinal channel slope, and river 

width, has enabled the estimation of river discharge at poorly gauged and ungauged 

sites when coupled with hydrological models (Birkinshaw et al., 2014) (Huang et al., 

2020). The prediction of runoff remains a significant challenge due to the heterogeneous 

topography of mountainous catchments, with varying catchment characteristics from 

gauged to ungauged sites (Zhang and Han, 2017). The average precipitation, slope, 

channel length and elevations are the main parameters for the estimation of ungauged 

catchments (WECS/DHM, 1990, Li et al., 2019, DHM, 2004). 

To address the limited availability of discharge gauge data, various areal precipitation 

products, such as the China Meteorological Forcing Datasets (CMFD), Climate Hazards 
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Group Infrared precipitation with stations (CHIRPS), and the Tropical Rainfall 

Measuring Mission (TRMM), have been utilized to simulate streamflow. However, 

uncertainty remains in streamflow predictions (Wu et al., 2019). The flow duration 

curve, which estimates the magnitude and frequency of river flow based on limited data 

samples, is a reliable tool for regional and long-term analysis of flow duration at 

ungauged sites (Castellarin et al., 2004). Parameter regionalization and hydrological 

model simulations have proven effective in predicting ungauged stream flow (Kim and 

Kaluarachchi, 2008, Panthi et al., 2021). Radar-based rainfall estimates have been 

employed for flood forecasting and early warning systems using fully distributed 

models at both gauged and ungauged sites (Cole and Moore, 2009). 

In the context of Himalayan River basins, it is essential to acknowledge the critical role 

of precipitation in streamflow contribution. Precipitation serves as the primary driver 

of hydrological regimes, significantly impacting water resource availability. This is 

especially evident in the Himalayan region (Raghunath, 2006). The variations in flow 

regimes, particularly during the summer season, are predominantly influenced by 

precipitation and temperature responses on discharge within Himalayan river basins. 

The characteristics of rainfall are integral to watershed and drainage management, 

exerting a profound influence on hydrological systems in the central Himalayas. In the 

monsoon season, precipitation increases with elevation due to orographic effects and 

the rain shadow (Shrestha et al., 2019a). Moreover, precipitation exhibits distinctive 

patterns in the middle mountain areas of the western and central high Himalayas, with 

increased precipitation in the lowland regions during the pre-monsoon season in the 

central Himalayas (Karki et al., 2017, Shrestha et al., 2019b). 

The spatial and temporal patterns of precipitation have a direct impact on downstream 

discharges. Changes in the timing of water availability have far-reaching consequences 

for mountainous communities, downstream agriculture, hydropower, and ecosystems 

(Khanal et al., 2021). Accurate prediction of climate change impacts in the Himalayas 

region is crucial, particularly with regard to its effects on water availability for 

downstream populations (Khadka et al., 2014). In the 21st century, climate change 

continues to present ongoing challenges (Shrestha et al., 2016). The reduction in glacier 

ice volume and variations in snow-glacier melt runoff contribute significantly to shifts 

in water resource availability within the Himalayan River basin. The diminishing 

glacier ice volume and the changes in snow-glacier melt runoff are substantial factors 

in this regard (Singh et al., 2021). 



22 

 

Continuous and comprehensive hydrological flow information is imperative for present 

and future planning and management. Effective hydrological planning and management 

policies are essential for safeguarding human communities and facilitating the 

development of physical infrastructure. 

2.4 Climate change 

The warming of the Earth's climate system is not uniform, with both the atmosphere 

and ocean experiencing a temperature rise. Additionally, there has been a reduction in 

the amounts of snow and glaciers, leading to a rise in sea levels. This increase in 

temperatures has been documented, with the Earth's temperature rising by 0.85°C 

between 1981 and 2012 over the past three decades. Furthermore, each successive 

decade has been warmer than the preceding one, as reported in the Fifth Assessment 

Report of the Intergovernmental Panel on Climate Change (IPCC, 2014a). In 

accordance with the more recent AR6 Sixth Assessment Report from the IPCC, the 

global average temperature increased by 1.10°C during the decade from 2011 to 2020. 

Projections based on low and high-emission scenarios suggest that the temperature 

could increase by approximately 1.3°C to 5.7°C by the end of the century in 2100 

(IPCC, 2021). 

The Tibetan Plateau and High Mountain Asia are often referred to as the "Asian Water 

Tower" due to their substantial freshwater storage in the cryosphere, surpassing that of 

polar ice sheets (Immerzeel et al., 2010, Yao et al., 2012, Yao et al., 2019). Climate 

change and intensified human activities have significant impacts on the Tibetan Plateau 

region (Yao et al., 2019). Numerous studies have indicated a rising trend in 

temperatures within the Himalayan basins (Qi et al., 2013, Hu et al., 2012, Shrestha et 

al., 1999). Recent research anticipates a temperature increase of 5.8°C in Nepal by the 

year 2100, with more pronounced warming at higher altitudes (Bartlett et al., 2010). 

The Himalayan region boasts the third-largest store of ice and snow globally, following 

only Antarctica and the Arctic. This region is highly vulnerable to global warming, as 

a substantial portion of the Himalayan River basins is covered by snow and glaciers. 

Therefore, it is particularly susceptible to the effects of climate change (Maskey et al., 

2011). 

The climate, weather, and hydrology of the Hindu Kush Himalaya region have been 

subject to continuous change from the past to the future (Lutz et al., 2016, Lutz and 

Immerzeel, 2013, Immerzeel et al., 2010). Climate change's potential impact on glacier 
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and snow melt runoff is particularly evident in the Himalayan region (Immerzeel et al., 

2013, Lutz et al., 2014). Climate change evaluations have been carried out considering 

both historical and future projections, using various scenarios and datasets to estimate 

surface air temperature, snow cover extent, and precipitation in High Mountain Asia, 

including the Tibetan Plateau (Lalande et al., 2021). The IPCC has identified a series 

of Representative Concentration Pathways (RCPs) for climate change future projections 

by the end of the century, based on the Coupled Model Intercomparison Project Phase 

5 (CMIP5) dataset (Van Vuuren et al., 2011).  

Many studies have investigated historical and projected climate change impacts on 

melting and streamflow components in the Himalayan region, at various scales from 

basin to sub-basin, and using a range of methodologies (Immerzeel and Droogers, 2008, 

Immerzeel et al., 2013, Lutz et al., 2016, Nepal, 2016). High Mountain Asia serves as 

a critical water reservoir, storing substantial quantities of snow and glaciers (Immerzeel 

et al., 2010, Kandel et al., 2021). The impacts of climatic change on regional 

hydrological systems in semi-arid Central Asia are expected to be significant (Sorg et 

al., 2012, Unger-Shayesteh et al., 2013, Su et al., 2022, Siegfried et al., 2012, Li et al., 

2020, Gulakhmadov et al., 2020, Zhang et al., 2020, Khanal et al., 2021). A 

comprehensive understanding of the effects of atmospheric warming on land ice and 

snow cover dynamics in Central Asian high mountain areas has been achieved through 

recent research and innovative data sources (Rounce et al., 2020, Hugonnet et al., 2021, 

Immerzeel et al., 2020, Huss and Hock, 2018). The impacts of climate change on 

catchment-scale hydrological processes can significantly affect streamflow (Huang et 

al., 2020b). Significant plan modifications are required on current policy and strategy 

for river basin management according to the climate change scenarios (Dahri et al., 

2021). The climate projections are constrained by high variability and large spread and 

dispersion of the General Circulation model outcomes (Kraaijenbrink et al., 2017, Lutz 

et al., 2016). Climate change poses numerous challenges to water resources, 

infrastructure development, agriculture and livelihood of South Asia evaluated by using 

13 GCMs of CMIP6 datasets projected a warmer 3-50C and wetter by 13-30% climate 

by the end of 21st century (Mishra et al., 2020). The vegetation change distribution will 

be difficult to observe and quantify. They play an important role in the partitioning of 

available water to evaporation, runoff and infiltration (Lian et al., 2021, Porporato et 

al., 2004, Porporato and Yin, 2022). 
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Hydrological modeling plays a key role in assessing the short and long-term 

hydrological response to climate change in the Himalayan River basin. These calibrated 

hydrological models generate projections of future streamflow under various scenarios 

(Adhikari et al., 2022). Climate change impacts hydrological responses in mountainous 

river basins on temporal and spatial scales, ranging from catchment to large river basin 

scales and from sub-daily to century-long timescales (Khanal et al., 2021). Predicting 

the impacts of climate change in the Himalayas is of utmost importance due to its effects 

on water availability for downstream populations (Khadka et al., 2014, Khanal et al., 

2021). 

Projections indicate an increase in the annual mean temperature (1.7-3.6 0C) and 

precipitation (11-23%) by the end of the century (MoFE, 2019). According to the 

Department of Hydrology and Meteorology (DHM), the annual maximum temperature 

trend is 0.056 0C per year and minimum temperature trend is 0.02 0C per year during 

monsoon season and the precipitation trend is increasing trend in monsoon and pre-

monsoon seasons (DHM, 2017). The Pre-monsoon precipitation is increasing in the low 

land and central Himalayas region while monsoonal precipitation is increasing in the 

middle mountain in the western and central high Himalayas region (Shrestha et al., 

2019b, Karki et al., 2017). 

Temporal variations in water availability in rivers are expected to impact downstream 

populations, even if the overall change in mean streamflow is not prominently 

noticeable in most basins (WECS, 2011). The flow regimes vary seasonally, particularly 

in summer, due to the influence of temperature and precipitation on discharge in the 

Himalayan basin (Adhikari et al., 2022, Adhikari, 2014). Water resources in the Hindu 

Kush Himalaya region are strongly influenced by climate change, and the region's 

abundance of water, combined with its topography, makes it highly suitable for 

hydropower generation (Shrestha et al., 2016). Although the average water availability 

is not anticipated to pose a significant challenge due to climate change, temporal 

variations are expected to increase in the future (Devkota and Gyawali, 2015). 

Precipitation patterns vary, with maximum precipitation occurring during the monsoon 

and post-monsoon seasons, while minimum precipitation is observed during winter. 

However, increased precipitation and runoff are expected during all seasons in trans-

mountain Himalayan regions, leading to an increase in average streamflow in the Koshi 

river basin (Bharati et al., 2014, Kaini et al., 2021). The predicted increase in future 

precipitation and temperature will likely impact river discharge in Nepalese river basins 
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(Khadka et al., 2014, Bajracharya et al., 2018, Dahal et al., 2020, Pandey et al., 2020). 

Evapotranspiration, the process of transferring water from land surface and water bodies 

to the atmosphere, plays a crucial role in the partitioning of available water into 

evaporation, runoff, and infiltration (Rajib et al., 2018, Shah et al., 2021, Zhang et al., 

2020). 

In conclusion, climate change significantly influences catchment-scale hydrological 

processes, particularly impacting streamflow. Hydrological modeling is an essential 

tool for assessing the short- and long-term hydrological responses to climate change in 

the Himalayan River basin. These models generate future streamflow projections, 

which are vital for understanding and adapting to the changing hydrological landscape 

in the region. 

2.4.1 Climate model 

Global climate models (GCMs) serve as the fundamental mathematical framework 

underpinning our understanding of Earth's climate system. These models are rooted in 

the principles of physics, specifically the conservation of mass, energy, and momentum, 

which govern the intricate interactions among various components of the climate 

system. By utilizing these fundamental relationships, GCMs enable us to simulate 

crucial aspects of Earth's climate, encompassing large-scale temperature and 

precipitation patterns. 

In the realm of future climate projections, there are two primary categories of models: 

General Circulation Models (GCMs) and Regional Climate Models (RCMs). GCMs 

provide a comprehensive representation of the physical processes taking place within 

the land, ocean, atmosphere, and cryosphere. However, GCM datasets are characterized 

by their relatively coarse spatial resolution. Conversely, RCMs extend the capabilities 

of GCMs by incorporating the same physical processes while offering higher spatial 

resolution over smaller geographic regions. Nevertheless, it is important to note that 

RCMs contend with similar uncertainties as GCMs, even when operating at higher 

resolutions. 

To bridge the spatial resolution gap, GCMs often employ statistical downscaling 

methods to refine their outputs, making them more relevant at regional scales. On the 

other hand, RCMs employ a technique known as dynamical downscaling, wherein 

climate models are nested within one another at varying resolutions. This nesting allows 

RCMs to achieve finer spatial resolutions within a domain already defined by a GCM. 
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While GCMs typically operate at spatial resolutions ranging from 100 to 250 

kilometers, RCMs create nested domains within the GCM's framework, affording 

spatial resolutions that span from 10 to 50 kilometers. Both GCMs and RCMs, despite 

their distinctions, serve as valuable and effective tools for projecting future climate 

scenarios, contributing significantly to our understanding and prediction of climate 

trends. 

2.4.2 Climate projection scenarios 

Global Climate Models (GCMs) datasets are utilized in climate research to understand 

and project future climate conditions. These datasets are organized under the framework 

of the Coupled Model Intercomparison Project (CMIP) and encompass various phases, 

such as CMIP3 (Phase 3), CMIP5 (Phase 5), and CMIP6 (Phase 6). They serve as 

crucial components of the Intergovernmental Panel on Climate Change (IPCC) 

Assessment Reports, denoted as AR4, AR5, and AR6. 

This CMIP3 released scenarios from the IPCC's Special Report on Emissions Scenarios 

(SRES) (AR4), CMIP5 uses Representative Concentration Pathways (RCP) (AR5) and 

CMIP6 (AR6) considers the impacts of socio-economy on greenhouse gas (GHG) 

emissions by linking with RCPs to SSPs (Shared Socioeconomic Pathways). The four 

Shared Socio-economic Pathways (SSPs) and Representative Concentration Pathways 

(RCPs) scenarios are investigated by SSP1 RCP2.6, SSP2 RCP4.5, SSP3 RCP6.5 and 

SSP5 RCP8.5 (Van Vuuren et al., 2011, Riahi et al., 2017) that refer to the SSP126, 

SSP245, SSP370 and SSP585 scenarios. Scenarios generated by the Intergovernmental 

Panel on Climate Change (IPCC) Special Report on Emissions Scenarios (Nakicenovic 

and Swart, 2000) formed on the basis for climate model projections in Phase 3 of the 

Coupled Model Intercomparison Project (Meehl et al., 2007) and their assessment in 

the IPCC AR4 Working Group I (IPCC, 2007c) and were used to model impacts on 

societies and ecosystems (IPCC, 2007a, IPCC, 2014a, IPCC, 2014b) and mitigation 

strategies (IPCC, 2001, IPCC, 2007b, IPCC, 2014c). In 2007, an expert meeting at 

Noordwijkerhout agreed on a process for the development of new climatic scenarios 

(Moss et al., 2010, Moss et al., 2008). That process began with the identification of the 

Representative Concentration Pathways (Van Vuuren et al., 2011), a set of four 

pathways of land use and emissions of air pollutants and greenhouse gases that spanned 

a wide range of future outcomes through 2100. The RCPs were the basis for climate 

model projections in CMIP5 (Taylor et al., 2012) and their assessment in the IPCC AR5 
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(IPCC, 2013). The initial design for CMIP 6 was published in 2014 and is open for new 

comments from scientific societies as well as the community (Meehl et al., 2014). 

Climate change impacts on a basin scale future water availability requires humans, 

industries and irrigation (IPCC, 2022a). The applications of GCMs increasing rapidly 

to climate change study context AR6 based on ocean and cryosphere changes (IPCC, 

2022b). CMIP 6 is the latest physical science working group WG1 report of climate 

change projections released in 2021 (IPCC, 2021) and Summary for Policymakers to 

Climate Change a Synthesis Report Contributed by Working Groups I, II and III 

released  (IPCC, 2023). 

CMIP3 (AR4) incorporated scenarios derived from the IPCC's Special Report on 

Emissions Scenarios (SRES). These scenarios were based on considerations of 

demography, technology, and socio-economic developments. The SRES scenarios were 

categorized into four groups: A1, A2, B1, and B2, serving as the basis for climate model 

projections. These scenarios included A2 and B2, used with the HADCM3 model, and 

A2 and A1B with the CGCM3 model. A1B represented a future with rapid economic 

growth, a declining global population, and the adoption of efficient technologies, 

maintaining a balance between fossil and non-fossil energy sources. A2 depicted a 

heterogeneous evolution with regional emphasis, slower technological advancement, 

and steady population growth. B2 highlighted local and regional governance solutions, 

with intermediate economic growth, a focus on environmental protection, and social 

equity at regional and local levels (IPCC, 2000). 

CMIP5 (AR5) introduced the concept of Representative Concentration Pathways 

(RCPs) to serve as the foundation for long-term and near-term climate modeling 

experiments (Van Vuuren et al., 2011). These four RCPs encompassed a range of 

radiative forcing values for the year 2100, from 2.6 to 8.5 W/m2. Climate modelers 

employed these RCPs to produce climate scenarios, enabling parallel experiments in 

tandem with the development of emission and socio-economic scenarios (Moss et al., 

2010). The four selected RCPs were considered to be representative of the literature and 

included one mitigation scenario (RCP2.6), two medium stabilization scenarios 

(RCP4.5/RCP6) and one very high baseline emission scenario (RCP8.5) (Van Vuuren 

et al., 2011). RCPs 8.5 stands for rising radiative forcing pathways leading to 8.5 W/m2 

(1370 ppm CO2 eq) by 2100, RCPs 6 stands for stabilization without overshoot pathway 

to 6 W/m2 (850 ppm CO2 eq) at stabilization after 2100, RCPs 4.5 stands for stabilization 

without overshoot pathway to 4.5 W/m2 (650 ppm CO2 eq) at stabilization after 2100, 
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RCPs 2.6 stands for peak in radiative forcing at 3 W/m2 (490 ppm CO2 eq) before 2100 

then declines (the selected pathways decline to 2.6 W/m2 by 2100. 

CMIP6 (AR6) further expanded the scenario framework by introducing five Shared 

Socio-economic Pathways (SSPs), which were linked to the RCPs. The SSPs addressed 

different challenges for mitigation, resource efficiency, adaptation, and development. 

For instance, SSP1 emphasized low challenges for mitigation, resource efficiency, and 

rapid development, while SSP3 posed high challenges for mitigation, regionalized 

energy and land policies, and slow development. SSP4 featured low mitigation 

challenges but a global high technology economy, alongside regional low technology 

economy adaptations, while SSP5 involved high challenges for mitigation, resource and 

fossil fuel-intensive development, and low adaptation to rapid development. SSP5 

stands for fossil fuel development, SSP4 for Inequality, SSP3 for Regional Rivalry, 

SSP2 for Middle of the road and SSP1 for Sustainability (O'Neill et al., 2016). 

These scenarios have been instrumental in climate studies conducted in various regions, 

such as the Himalayas River basin. Researchers have utilized SRES scenarios in their 

work, as demonstrated by Khadka et al. in 2014, Devkota and Gyawali in 2015, and 

others. Additionally, RCP scenarios have been employed in research, including studies 

by Bajracharya et al. in 2018, Adhikari et al. in 2022, and others. Furthermore, SSP 

scenarios have found application in research, exemplified by works from Lalande et al. 

in 2021, Mishra et al. in 2020, and Balu et al. in 2023. The evolution from SRES to 

RCP and subsequently to SSP scenarios reflects the dynamic nature of climate modeling 

and projections. These scenarios have become increasingly integral to the latest climate 

research, offering valuable insights into the diverse facets of climate change. Notably, 

the three generations of CMIP models, namely CMIP 1, 2, and 3, emphasize the 

importance of these scenarios and their correlations (Tian and Dong, 2020). 

2.4.3 Bias correction 

General Circulation Models (GCMs) frequently exhibit multiple biases in hydro-

meteorological analysis, necessitating the application of bias correction methods. These 

methods typically employ statistical techniques and measurements, utilizing observed 

and simulated datasets of hydro-meteorological parameters to rectify projections in 

model runs. The selection of bias correction methods can be challenging due to their 

varying strengths and weaknesses, with their effectiveness hinging on the specific 
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objectives of the study, including parameters such as rainfall, temperature, runoff, and 

the chosen time period (daily, monthly, seasonal, or annual). 

Several bias correction techniques are available, including linear scaling, local intensity 

scaling, power transformation, distribution mapping, and the delta change approach. 

GCMs consistently exhibit the most biases (Wilby and Harris, 2006, Nóbrega et al., 

2011) in precipitation (Dibike and Coulibaly, 2005), attributed to incomplete 

knowledge of global geophysical processes and scenario uncertainties related to future 

projections (Ghosh and Mujumdar, 2007, Themeßl et al., 2012). A multitude of bias 

correction methods exists, ranging from scaling factors (Lenderink et al., 2007, Chen et 

al., 2011) to more complex non-parametric methods (Ghosh and Mujumdar, 2007), 

probability mapping (Teutschbein and Seibert, 2010), and imprecise mapping. The 

Delta change approach, Mean bias correction, and Quantile Mapping are commonly 

employed bias correction methods for climate change analysis (Maraun, 2016, Maraun 

and Widmann, 2018, Teutschbein and Seibert, 2013). 

For the correction of daily temperature and precipitation data, the Mean bias correction 

method has been widely utilized (Mahmood and Babel, 2013). However, GCMs face 

significant challenges in minimizing biases in hydro-meteorological analysis, 

necessitating the identification of their sources and the quantification, mixing, and 

tracking of data analysis uncertainties (Themeßl et al., 2012). Bias correction methods 

serve to mitigate systematic errors in climatic models, thereby improving their accuracy 

(Teutschbein and Seibert, 2010). Commonly employed bias correction methods for 

GCM rainfall scenarios include constant scaling (CS), quantile scaling (QS), quantile 

mapping (QM), monthly bias correction (MBC), simple nested bias correction (SNBC), 

and nested bias correction (NBC) (Johnson and Sharma, 2012). These methods are 

particularly useful for correcting daily rainfall data used to simulate runoff, thereby 

reducing biases in the process (Christensen and Lettenmaier, 2007). Extensive research 

has been conducted to address bias correction in GCMs for hydrological simulations. 

Nonetheless, the impact of climate change on hydrological regimes using GCM CMIP6 

data remains largely unknown in the Tamakoshi river basin. The temporal variation of 

climate change on water balance components is not uniform across the entire basin, 

affecting the contributions of snow and glacier melt, rain runoff, and baseflow, which 

vary based on physiographic zones. Consequently, the flow regime of rivers and their 

connected stream networks in the basin remains uncertain. 
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This study aims to assess the performance of the SPHY, HBV , and HEC HMS  models 

in the complex river system of the Tamakoshi river basin, taking into account river 

discharge, melt contributions, and ungauged simulations. Furthermore, the research 

investigates the impacts of climate change on the hydrological regimes of water balance 

components. In the context of a trans-boundary river system in the southern slopes of 

the central Himalayas, hydrological simulations are imperative due to the absence of 

adequate climate and discharge monitoring stations. The evolving climate, hydrological 

structures, and infrastructure development have profound effects on river discharge, its 

perennial flow, and water availability. This research contributes to a better 

understanding of the characteristics and variations in streamflow, aiding in the planning, 

development, and management of water resource projects. 
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CHAPTER 3  

3. MATERIALS AND METHODS 

3.1 Study area 

Tamakoshi river is a transboundary Himalayan River basin which is one of the main 

tributaries of the Koshi river basin system located in the southern slope of central 

Himalayas in eastern Nepal. Tamakoshi river basin is a transboundary Himalaya River 

basin where 1444.57 km2 areas lie in Chinese territory. Tamakoshi river basin 

geographically lies in the Dolakha and Ramechhap districts on the political boundary 

of Nepal. The basin occupies 2933.29 km2 at Busti gauging station. Tamakoshi river 

basin is located at 27020’ N to 28020’ N and 85040’ E to 86040’ E elevation at Busti 

gauging station ranging from 849 masl to 6945 masl. This basin runoff and water 

balance is dominated by the monsoon rainfall. The geographical location of the research 

area is shown in Figure 2 with hydro-meteorological stations. 
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Figure 2: Study area with hydro-meteorological stations in Tamakoshi river basin. 

3.2 Hypsometric curve 

The aspect, elevation and area required to model simulation in non-vegetation glaciated 

and vegetation non-glaciated regions. The basin area is categorized into 13 and 14 

elevation zones at 500 m high intervals at the catchment setting. Characteristics of 

precipitation (Rain or Snow) depend on the elevation and the threshold air temperature. 

The temperature and precipitation need to be corrected factor as PCALT 10-25 % and 

TCALT 6.5 0C/km accordingly elevation increment factor of HBV model. The area 



33 

 

elevation distribution hypsometric curve is shown in Figure 3 showed the total area to 

aspect wise East-west horizontal is 1327.85 km2, North oriented area occupied 618.64 

km2 and South oriented area occupied in 901.62 km2 among them 253.59 km2 area 

covered by the glacier in Tamakoshi river basin.  

 

Figure 3: Hypsometric curve of the Tamakoshi river basin. 

3.3 Observed precipitation, discharge and temperature characteristics of 

Tamakoshi river basin 

An extensive analysis of observed data, encompassing precipitation, discharge, and 

temperature, was conducted on both an annual and monthly basis spanning the period 

from 1991 to 2020. This analysis was based on data collected from various 

meteorological and hydrological stations within the Tamakoshi river basin, which were 

made available by the Department of Hydrology and Meteorology (DHM), a division 

of the Government of Nepal. 

Figure 2 presents a comprehensive overview of the station network, which comprises 

six meteorological stations and two hydrological station. Within this basin, the average 

annual precipitation stands at 1610 mm, while the average annual discharge amounts to 

1542 mm. A more detailed breakdown reveals the following annual precipitation figure 

4B showed at specific stations: Station 1103 recorded the highest with 2479 mm, 

followed by Station 1102 at 2148 mm, Station 1124 at 2056 mm, Station 1101 at 1218 

mm, Station 1123 at 902 mm, and the lowest annual precipitation was observed at 

Station 1104 with 859 mm, as illustrated.  
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Examining the monthly variations, it is observed that Figure 4A showed the month of 

March consistently receives the lowest discharge, while August consistently registers 

the highest discharge levels. Notably, figure 4A showed the month of July experiences 

the highest levels of precipitation, while December consistently exhibits the lowest 

levels of precipitation within the Tamakoshi river basin. 

Furthermore, the analysis of temperature data reveals that the mean temperature in 

January consistently exhibits the lowest values, while the mean temperature in June 

consistently reaches its peak. These observations were recorded at Station 1103 within 

the Tamakoshi river basin, as illustrated in Figure 4C. 

It is essential to recognize that the climate in this basin exhibits a diverse range of 

characteristics. It is subtropical at lower elevations, transitioning to tundra conditions at 

higher elevations, indicating the dynamic climatic variability within this region (Karki 

et al., 2016). 
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Figure 4: A) observed stations and average area monthly precipitation and discharge, B) stations 

average annual precipitation and C) monthly mean temperature of Tamakoshi river 
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3.4 Input data availability 

The SPHY, HBV light and HEC HMS  models predominantly rely on two categories of 

data layers i.e. static and dynamic datasets. The static datasets encompass land use/land 

cover (LULC) maps, soil maps, and digital elevation models, while the dynamic 

datasets consist of meteorological parameters such as precipitation, temperature 

(average, minimum, and maximum), and discharge. The Globecover dataset for the year 

2009, which is openly accessible at http://due.esrin.esa.int/page_globcover.php, is 

employed as a static resource. Additionally, the digital elevation model (DEM) sourced 

from the Shuttle Radar Topographic Mission (SRTM) with a spatial resolution of 3 arc 

seconds and hydrologically conditioned data, available at 

http://hydrosheds.cr.usgs.gov/, is integrated into the model, as indicated in Appendix 

(Table A1). To further enhance the model's accuracy, the outlines of glaciers are 

obtained from the RGI 6.0 South Asia East dataset (Consortium, 2017). The dynamic 

component of the models relies on observational data, specifically precipitation and 

discharge records obtained from ground station datasets, meticulously collected by the 

Department of Hydrology and Meteorology (DHM). For the purpose of data filling, a 

normal ratio method is employed for the rainfall data. In addition to the existing six 

stations, an extra three stations are included in the analysis. To ensure the temperature 

data is appropriately adjusted, a temperature lapse rate is applied. Furthermore, 

evapotranspiration datasets are generated using the Blaney–Criddle equation, utilizing 

the mean monthly temperature data from Jiri. The climatic and hydrological data, as 

outlined in Appendix (Table A2), play a pivotal role in this research. The geographical 

locations corresponding to these datasets are depicted in Figure 2 for reference. 

3.5 Climate change projection data 

The future climate remains uncertain, contingent upon anthropogenic activities, 

socioeconomic development, and technologies aimed at mitigating greenhouse gas 

emissions in the Earth's atmosphere. This uncertainty necessitates the use of daily bias-

corrected data for precipitation, maximum and minimum temperatures at a spatial 

resolution of 0.25°. This data is crucial for South Asian countries, including India, 

Pakistan, Bangladesh, Nepal, Bhutan, and Sri Lanka, as well as for 18 river basins 

within the Indian subcontinent. 

The development of this bias-corrected dataset involved the application of Empirical 

Quantile Mapping (EQM) to both historical (1951-2014) and projected (2015-2100) 
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climate data. These projections encompass four climatic scenarios, namely SSP126, 

SSP245, SSP370, and SSP585, utilizing output from CMIP6-GCMs datasets, as 

detailed by Mishra et al. in 2020. The accuracy of this bias-corrected dataset was 

assessed by comparing it with observations, both for mean values and extremes of 

precipitation, maximum and minimum temperatures. 

These bias-corrected projections derived from CMIP6-GCMs datasets hold 

considerable potential for climate change impact analyses in South Asian countries and 

hydrological impact assessments in the river basins of the Indian subcontinent in South 

Asia. The data encompasses spatial and temporal projections from ACCESS CM2, 

CanESM5, MPI ESM1 2HR, and NorESM MM spanning three scenarios, including 

historical references for bias correction, SSP2-4.5 (a medium stabilization scenario 

without an overshoot pathway to 4.5 W/m²), and SSP5-8.5 (an extreme emission 

scenario with a rising radiative forcing pathway of 8.5 W/m²). These projections have 

wide-ranging effects on local topography and global climatic conditions. 

The daily precipitation and maximum and minimum temperatures were sourced from 

CMIP6-GCMs datasets, available via https://esgf-node.llnl.gov/search/cmip6/. These 

variables and scenarios were exclusively accessible from these GCMs datasets, and the 

scope of bias correction was consequently limited to these models. The spatial 

resolutions of these datasets are provided in the Appendix (Table A3). These variables 

were selected for the historical period (1850-2014), SSP245 scenario (2015-2100), and 

SSP585 scenario (2015-2100) under the r1i1p1f1 initial condition in daily time series. 

The scenarios in CMIP6 combine Shared Socioeconomic Pathways (SSP) with target 

radiative forcing levels after the 21st century. To ensure consistency, CMIP6 GCMs re-

gridded all variables to a spatial resolution of 1°. The effect of this re-gridding, achieved 

through bilinear interpolation, was verified by comparing the gridded datasets against 

raw data, focusing on the all-India mean values of precipitation, maximum, and 

minimum temperatures. 

It is well-acknowledged that outputs from various atmospheric parameters, including 

maximum and minimum temperatures and precipitation, acquired from GCMs often 

exhibit systematic biases. To produce reliable estimates for climate change impact 

assessments at regional and local scales, bias correction is essential. This correction 

involves employing statistical transformations to establish a function that maps the 

model output to a new distribution, aligning it with observations, a concept elucidated 

by Piani et al. in 2010. 
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For the Tamakoshi river basin, four Coupled Climate Model (CCM) datasets spanning 

1991-2014 were employed as reference data. These were used to facilitate bias 

correction for near-future projections covering 2025-2049, mid future projections 

spanning 2050-2074, and far-future projections extending to 2075-2099. This approach 

aids in assessing the potential impact of climate change over various timeframes within 

the Tamakoshi river basin. 

3.6 Hydrological modelling 

3.6.1 Spatial Process in HYdrology (SPHY)  

The Spatial Process in HYdrology (SPHY) model, as conceptualized by Terink et al. in 

2015, is a dynamic glacier-based module that operates as a fully distributed 

hydrological model. It is designed to simulate hydrological processes across a broad 

range of spatial scales, encompassing large-scale basins, sub basins, and regional 

hydrology. This model employs a leaky bucket type water balance framework and 

effectively captures the intricacies of cryospheric hydrology, which includes integrated 

processes such as rainfall runoff, cryospheric interactions, evaporation, and soil 

hydrology. Importantly, the SPHY model operates with a high degree of flexibility, 

allowing it to adapt to different scales and conditions. 

In the SPHY model, daily input parameters are employed to calculate the total runoff 

for each grid cell individually. This approach ensures a comprehensive evaluation of 

hydrological processes within the model's domain. The model maintains distinct storage 

components for soil water, dynamic snow, and groundwater in each grid cell. 

Specifically, it calculates snow melt runoff from snow covered grid cells, designating 

the runoff from glacier surfaces as glacier melt runoff. To compute snow melt and 

glacier melt runoff, a degree day approach calibrated for melt rates is employed. Snow 

melt is systematically calculated and subtracted from the snow storage during each time 

step. The model also addresses the refreezing of meltwater within the snowpack. When 

the accumulated snow melt surpasses a predefined storage threshold, snow melt runoff 

is generated. 

Rainfall runoff within the SPHY model is determined by summing the contributions of 

surface runoff from rainfall and lateral flow from the soil water storage layer. Surface 

runoff calculation relies on saturation excess runoff principles. The resulting soil 

moisture, contingent on soil properties, is subject to processes like evapotranspiration, 
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capillary rise, and the land use type. Any remaining moisture contributes to river 

discharge through lateral flow or surface runoff, as part of the model's comprehensive 

hydrological representation. 

Furthermore, the model accounts for groundwater storage and its gradual release as 

baseflow runoff. To ensure efficient routing of runoff, each runoff component is 

directed downstream using a straightforward recession coefficient. Meteorological 

stations and outlets are strategically positioned within the delineated watersheds of the 

cloned Digital Elevation Model (DEM). To interpolate meteorological data, bilinear 

interpolation methods are employed for station locations. Outlets must be placed within 

each subbasin and positioned on the river network to facilitate the model's accurate 

functioning. Accuflux, a function integrated into the SPHY model, serves the critical 

role of determining flow accumulation, particularly with regard to the total discharge, 

at the outlets situated within the river network. This feature enhances the model's ability 

to accurately assess flow dynamics and discharge patterns. 

In summary, the SPHY model serves as a versatile and comprehensive hydrological 

tool that excels in simulating a wide range of hydrological processes at varying spatial 

scales. It incorporates sound principles and approaches to replicate the complexities of 

cryospheric hydrology, rainfall-runoff, and related phenomena. The model's efficiency 

in routing runoff and its integration of meteorological data and outlet locations ensure 

its utility in assessing flow dynamics within delineated watersheds. Accuflux, as a 

crucial component, contributes to the model's accuracy in determining flow 

accumulation and total discharge at specific outlets along the river network. 

3.6.1a Runoff routing 

The routing of streamflow deals with the transportation of water over a network of 

connected open-channel systems. Because flow in open channels is unstable, 

streamflow routing often requires the use of complex partial differential equations. 

Inside the SPHY model, the calculation is figuring out the total amount of water that 

leaves each cell, one after the other downstream. 

For each cell under consideration, the SPHY model uses an integrated function within 

PCRaster called "accuflux" to quantify the cumulative runoff originating from upstream 

cells. This calculation includes the particular runoff produced inside the cell. 

Furthermore, a flow recession coefficient, represented by the symbol "kx(–)," is 
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included in the SPHY model to account for flow travel time that is impacted by channel 

friction. River flow in the context of the SPHY model is determined by applying the 

flow recession coefficient (Kx), which is controlled by the following three equations 

1,2 and 3. 

𝑄𝑡𝑜𝑡∗ =
𝑄𝑇𝑜𝑡.0.001.𝐴

24.3600
                                                                   (1) 

𝑄𝑎𝑐𝑐𝑢, 𝑡 = 𝑎𝑐𝑐𝑢𝑓𝑙𝑢𝑥(𝐹𝑑𝑖𝑟, 𝑄𝑡𝑜𝑡 ∗)                                      (2) 

𝑄𝑟𝑜𝑢𝑡, 𝑡 = (1 − 𝐾𝑥). 𝑄𝑎𝑐𝑐𝑢, 𝑡 + 𝑘𝑥. 𝑄𝑟𝑜𝑢𝑡, 𝑡 − 1               (3) 

where, Qtot* (m
3/s) the specific runoff on day t, QTot the specific runoff in mm on day 

t, A (m2) the grid-cell area, Qaccu;t (m3/s) the accumulated streamflow on day t without 

flow delay taken into account, Qrout;t (m3/s) the routed streamflow on day t, Qrout;t-1 

(m3/s) the routed streamflow on day t-1, F the flow direction network, and kx (–) the 

flow recession coefficient. kx has values ranging between 0 and 1, where values close 

to 0 correspond to a fast-responding catchment, and values approaching 1 correspond 

to a slow-responding catchment. 

3.6.2 HBV light 

The HBV (Hydrologiske Byrån avdeling for Vattenbalans) precipitation-runoff 

hydrological model, developed by the Swedish Meteorological and Hydrological 

Institute (SMHI) in Sweden, has a notable history. First introduced in the 1970s at 

SMHI, the HBV  model found its initial application in Norway for runoff forecasting in 

1974. Over the past half-century, the HBV model has served as a cornerstone for 

catchment-based hydrological modeling (Seibert and Bergström, 2022). Built upon a 

conceptual framework, the HBV  model focuses on simulating basin hydrology, with a 

particular emphasis on estimating snow melt and glacier melt, employing the degree-

day model approach. 

The HBV model, a semi-distributed conceptual model, typically operates on daily 

timesteps. Its functioning revolves around the utilization of evaporation, temperature, 

and precipitation data inputs to simulate streamflow (Vormoor et al., 2018). Within this 

modeling system, the HBV model effectively captures and represents various 

hydrological processes, including snow accumulation, glacier melt, snow melt, as well 

as the storage of moisture in soil and groundwater. Furthermore, it models runoff at 

both basin and sub-basin scales. 
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The components of the HBV model encompass distinct routines, each designed to 

address specific aspects of hydrology. These include the snow routine, glacier routine, 

routing routine, response routine, and soil moisture routine. The degree-day approach 

is employed to simulate snow melt and glacier melt. Soil water dynamics and 

evaporation are accounted for, along with groundwater, described using three linear 

reservoir equations. Channel routing is achieved through a triangular weighting 

function (Seibert, 1997). The HBV model has established a strong track record of 

success, having been applied globally to assess various hydrological phenomena and to 

investigate the impacts of climate change on river hydrology. It offers a reliable and 

straightforward framework for capturing runoff-generating processes and, notably, does 

not demand an extensive array of data inputs. This versatility has made the HBV  model 

an effective tool for hydrological research in the Himalayan regions. 

In the context of the HBV model, calibration and sensitivity analysis of selected model 

parameters are essential. Parameter values are initially estimated and subsequently fine-

tuned through calibration. Within the model, the only physical features that require 

specification are the mean catchment elevation and the elevations of precipitation and 

temperature stations. Among the different variants of the HBV model, this research 

employs HBV light  4.0, as presented by Seibert and Vis in 2012, for streamflow 

simulation. 

The model setup for the HBV model is applied at two specific locations: the Busti 

gauging station and Benighat. It simulates daily streamflow using daily data for rainfall, 

temperature, and potential evapotranspiration (PET) as input variables. At both 

locations, the HBV  model is configured with elevation zones, featuring 13 zones at the 

Busti gauging station and 14 zones at Benighat. These zones are separated by 500-meter 

elevation differences, and a contributing area approach is employed in the soil routing 

routine when the model operates in distributed mode. Incorporating height increment 

correction factors denoted as PCALT (10%) and TCALT (0.00065/m), is essential for 

adjusting temperature and precipitation data. These correction factors ensure the 

accuracy of model outputs. Moreover, the HBV model can effectively simulate 

discharge at both glacierized and non glacierized zones, allowing for differentiation 

based on elevation and orientation within the basin area. The HBV model offers a robust 

and accessible tool for understanding and simulating the dynamics of streamflow, 

contributing to the analysis of hydrological processes in various contexts. The general 
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structure of the HBV model is visually depicted in Figure 5, alongside the relevant 

model parameters. 

 

Figure 5: General structural overview of HBV  model. 

The applications HBV  model 

➢ To generate the runoff time from the metrological data (precipitation, air 

temperature)  

➢ To determine the effect of the changes in the catchment.  

➢ To generate continuous time series discharge data (or fill missing records) 

➢ To study water balance components. 

➢ To compute design floods for projects 

➢ To simulate discharge with climate change scenarios 

➢ Generation of the synthetic data runs for civil engineering work and  

➢ other applications.  
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3.6.3 HBV model routine  

The glacier, snow routine, response routine, routing routine, and soil moisture routines 

are among the model routines included in the HBV model. The model procedures that 

generate runoff are liable for the corresponding parameters. The following section 

presents the detailed HBV model structures: 

3.6.3a Snow routine 

The accumulation of snow occurs when temperatures drop below the threshold 

temperature (TT), which is typically close to 0oC. Snow melt commences when 

temperatures rise above TT, and this is calculated using a simple degree day method, 

denoted as degree-Δt for non-daily time steps. The rate of snow melt, denoted as 

meltwater, can be determined by the formula equation 4 follows: 

𝑚𝑒𝑙𝑡𝑤𝑎𝑡𝑒𝑟 = 𝐶𝐹𝑀𝐴𝑋(𝑇 − 𝑇𝑇)(𝑚𝑚∆−1)                                 (4) 

Here, CFMAX varies normally between 1.5 and 4 mm oC-1 day-1 (in Sweden), with 

lower values for forested areas. As an approximation, the values 2 and 3.5 can be used 

for CFMAX in forested and open landscapes respectively. The snowpack retains 

meltwater until it reaches a specific threshold, denoted as CWH, which is typically set 

at 0.1 times the water equivalent of the snowpack. When temperatures drop below TT, 

the previously melted water refreezes. This refreezing of meltwater can be calculated 

using equation  5 the formula:  

𝑟𝑒𝑓𝑟𝑒𝑒𝑧𝑖𝑛𝑔 𝑚𝑒𝑙𝑡𝑤𝑎𝑡𝑒𝑟 = 𝐶𝐹𝑅 ∗ 𝐶𝐹𝑀𝐴𝑋(𝑇𝑇 − 𝑇)               (5) 

The degree-Δt factor, represented by SP, plays a pivotal role in this process. When SP 

is set to 0, it indicates a constant degree-Δt factor. Values of SP greater than 0 

correspond to a seasonal variation of the degree-Δt factor, with its peak occurring during 

the summer in the Northern Hemisphere. Conversely, values smaller than 0 results in a 

seasonal variation of the degree-Δt factor, with the optimum during the summer in the 

Southern Hemisphere. For a value of 1 (or -1), the degree-Δt factor varies between 0 in 

winter and 2 times CFMAX in summer, maintaining an average degree-Δt factor equal 

to CFMAX. Furthermore, all precipitation that is simulated as snow is subject to 

adjustment using a correction factor denoted as SFCF. These calculations are conducted 
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individually for each elevation and vegetation zone. To summarize, the key parameters 

involved in this snow melt and refreezing process are as follows: 

CFMAX = degree-Δt factor (mm oC-1 Δt-1)  

TT = threshold temperature (oC)  

SP = Seasonal variability in degree-Δt factor (-)  

SFCF = snowfall correction factor (-)  

CWH = water holding capacity (-) 

CFR = refreezing coefficient (-)  

3.6.3b Glacier routine 

The computation of glacier melt employs the degree-day model concept approach, and 

the resultant meltwater is added to the glacier's water content. During each time step, a 

minor fraction denoted as KSI, of the simulated snow storage, is transformed into 

glacier ice. The parameter SP, with values ranging from less than 0 to larger than 0, 

governs the seasonal variation in the degree-Δt factor. When SP equals 0, a constant 

degree-Δt factor is assumed. Values of SP greater than 0 correspond to a seasonally 

varying degree-Δt factor with its peak in the summer in the Northern Hemisphere, while 

values smaller than 0 lead to a seasonally varying degree-Δt factor with its maximum 

in the summer in the Southern Hemisphere. When SP equals 1 (or -1), the degree-Δt 

factor oscillates between 0 in winter and 2 times CFMAX in summer, resulting in an 

average degree-Δt factor equal to CFMAX. The degree-day factor, CFMAX, is 

modified by a glacier correction factor (CFGlacier) and further multiplied or divided by 

a slope correction factor (CFSlope) depending on whether the slope is oriented to the 

north or south, respectively. These calculations are performed independently for each 

elevation and vegetation zone. The relationship between glacier water content and 

outflow varies over time to reflect the seasonal evolution of the subglacial drainage 

system (Stahl et al., 2008). In the glacier routine module, the following parameters play 

a key role in determining glacier melt  equation 6 and outflow: 

𝑄𝑔 = (𝐾𝐺𝑚𝑖𝑛 + 𝑑𝐾𝐺 ∗ 𝑒
(−𝐴𝐺∗𝑆𝑊𝐸)) ∗ 𝑆                            (6) 

 

Here, SWE represents the water equivalent of the snowpack on top of the glacier, and 

S signifies the liquid water content of the glacier. The critical parameters governing 

the glacier model include: 
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CFMAX= degree-Δt factor (mm 0C-1 Δt-1)  

TT = threshold temperature (oC)  

SP = Seasonal variability in degree-Δt factor (-)  

CFGlacier = Correction factor glacier (-)  

CFSlope = Correction factor slope (-)  

KGmin = Minimum outflow coefficient (t-1)  

KSI = Snow to Ice conversion factor (Δt-1) 

AG = Calibration parameter (mm-1)  

dKG = Maximum minus minimum outflow coefficient (t-1)  

Dynamic glacier  

For simulating glacier melt, the HBV  model provides a Glacier Profile file. Throughout 

the simulation period, the extent of the glaciers will be changed. Prior to the 

commencement of the actual model run, a lookup table is constructed using the Δt-

parameterization method as described in (Huss et al., 2010), based on the Glacier Profile 

file. Wideness scaling is added to the Δt-parameterization approach in order to reduce 

the glacier area of the distinct elevation bands (as indicated in the glacier profile) with 

decreasing thickness. Throughout the real model simulation, this lookup table is 

utilized. Every hydrological year, the corresponding glacier areas are chosen from the 

lookup database and applied to the various elevation zones depending on the percentage 

of glacier volume compared to the initial glacier volume (Seibert et al., 2018). The 

spatial distribution of the glacier is contained in the Glacier Profile file, which is also 

utilized to create a lookup table that discusses the relationship between glacier area and 

glacier mass balance. The Glacier Routine uses the lookup table to update the glacier 

extent based on the simulated change in glacier mass balance after each hydrological 

year. 

3.6.3c Response routine 

The model of a single linear reservoir is a simple description of a catchment where the 

discharge runoff Q(t) at time t is supposed to be proportional to the water storage S(t). 

Figure 6 represents the response routine with a single linear reservoir.  

PERC = threshold parameter (mm Δt-1)  

UZL = threshold parameter (mm)  
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Alpha = non-linearity coefficient (-)  

K2 = storage (or recession) coefficient (Δt-1) 

K1 = storage (or recession) coefficient (Δt-1)  

K0 = storage (or recession) coefficient (Δt-1)  

 

 

Figure 6: A response routine with single linear reservoir with outlet. 

Q = outflow (mm Δt-1)  

S = storage (mm)  

K = storage (or recession) coefficient (Δt-1)  

t = time (Δt)  

A realization of a single linear reservoir is a box with a porous outlets, thus obtaining 

Equation (7) from Darcy's law.  

Water balance of the catchment in HBV  using equation (8) as follows:  

𝑃(𝑡) = 𝐸(𝑡) + 𝑄(𝑡) +
𝑑∗𝑆(𝑡)

𝑑𝑡
                                                         (8) 

Ignoring precipitation and evapotranspiration gives  

0 = 𝑄(𝑡) +
𝑑∗𝑆(𝑡)

𝑑𝑡
                                                                           (9) 

and together with (7) the differential equation  

0 =
𝑑

𝑑𝑡

𝑄(𝑡)

𝑘
+ 𝑄(𝑡)                                                                         (10) 

with the solution function  

𝑄(𝑡) = 𝑄(𝑡0) ∗ 𝑒
(𝑡0−𝑡)𝑘                                                               (11) 

Recession Analysis: 
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If ln Q is plotted in Figure 7 against time during a dry period, the slopes of the 

hydrograph at different runoff values provide good firstly estimates of the response-

function parameter 

 

Figure 7: Schematic representation of recession of response function parameters. 

Slope of the recession:  

Intermediate: K1 + K2  

Peaks: K0 + K1 + K2  

Baseflow: K2  

Thresholds:  

Q(T2): PERC 

Q(T1): PERC+K1·UZL  

3.6.3d Soil moisture routine 

The soil's capacity to retain moisture, as depicted in Figure 8, is determined by the field 

capacity (FC) parameter, which can be either at its maximum or minimum value. 

Infiltration into the soil is contingent upon the ratio between the current soil moisture 

level (Soil Moisture) and the field capacity (FC), and this relationship is governed by a 

non-linear function. The distinctive infiltration characteristics of various soil types are 

influenced by the BETA parameter, which plays a key role in determining how much 

water is allowed to pass through to subsequent stages, even when the soil moisture is 

considerably less than the field capacity. The actual evaporation process is calculated 

within the soil moisture management routine and is dependent on the LP values, which 
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define the fraction of FC above which the actual evaporation equates to the potential 

evaporation. When the actual soil moisture (Soil Moisture) falls below the LP value but 

remains above FC, a linear reduction of potential evaporation commences. 

To clarify the terms used: 

 FC = maximum soil moisture storage (mm)  

BETA= parameter that determines the relative contribution to runoff from rain or snow 

melt (-) 

LP = soil moisture value above which AET reaches PET (-)  

 

 

Figure 8: Soil moisture routine of HBV  model. 

FC is the field capacity of the model parameter and that does not necessarily equal 

measured values of the ‘field capacity’. 

3.6.3e Routing routine  

By solving for and presuming the conservation of mass principle, discharge can be 

represented as an exponential function. The higher groundwater box SUZ (mm) 
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receives an addition of groundwater recharge. The maximum rate of percolation from 

the upper layer to the lower layer groundwater box SLZ (mm) is defined by PERC 

(mm/day). The computation of runoff from the groundwater boxes involves summing 

up two or three linear outflow equations, depending on whether the SUZ value exceeds 

the threshold value, UZL (mm). The modeled runoff (mm/day) is ultimately obtained 

by utilizing a triangle weighting function in (Figure 9) that is defined by the parameter 

MAXBAS. Plotted in the figure is the streamflow transformation function of the HBV  

model's routing response.  

MAXBAS = Length of triangular weighting function (Δt)  

 

Figure 9: Transformation function of routing Response of HBV  model. 

3.6.3f Model types   

Three GW-boxes, STZ and SUZ distributed  

Response routine 

Compared to the normal model variant, a third box named STZ is used on top of the 

other boxes, which is used in place of the two outflows from the upper groundwater 

box. STZ and SUZ boxes are distributed types, meaning that separate boxes are utilized 

for every height vegetation unit. A single linear outflow is determined by taking the 

water level and each box's constant (K0, K1, and K2 for STZ, SUZ, and SLZ, 

respectively). Using PERC, the flow from SUZ to SLZ is computed as before. The 

calculation of the flow from STZ to SUZ follows the same formula, with the maximum 

flow rate denoted by UZL (mm/Δt). Figure 3.9 shows the response function and 

response routine schematically. 
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Figure 10: Response routine and Response function of HBV  model. 

SUZ = Storage in upper zone [mm]  

STZ = Storage in top zone [mm]  

SLZ = Storage in lower zone [mm]  

PERC = Maximum percolation to the lower zone [mm/Δt]  

UZL = Maximum percolation to the upper zone [mm/Δt]  

P = Precipitation into the lake  

E = Evaporation from the lake  

Qi = Runoff component [mm/Δt]  

Ki = Recession coefficient [1/Δt] 

 recharge = Input from soil routine [mm/Δt]  

runoff = Total amount of generated runoff [mm/Δt] 

3.6.3g Model variants 

Glacier 

When Elevation Vegetation Units (EVUs) are categorized into three primary groups 

based on their orientation: East/West oriented, South oriented, and North orientated. 
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This helps in choosing the glacier model variation for a model run. Every EVU can also 

be divided between areas with and without glaciers. 

Two correction factors, a glacier correction factor (CFGlacier) and a slope correction 

factor (CFSlope), are defined for each vegetative zone. For south-oriented slopes, the 

degree day factor CFMAX's value is multiplied by CFSlope; for north-oriented slopes, 

it is divided by CFSlope. For slopes oriented east/west, CFMAX does not apply a 

correction factor. Between the soil routine, the glacier routine and the snow routine is 

applied, particularly to EVUs classified as glacier areas. This process is in charge of 

figuring out how much snow melts and turns into ice on the glacier. For these 

computations, the degree day factor is the CFMAX value multiplied by CFGlacier.  

3.6.4 HEC HMS  continuous simulation 

The continuous modeling of river flow was conducted using HEC HMS  version 4.9, 

developed by the U.S. Army Corps of Engineers in Davis, California. This versatile 

version serves multiple purposes, offering the capability to integrate with other software 

systems for a wide range of studies encompassing water resource assessment, urban 

drainage analysis, flow conveyance, flow forecasting, assessment of urbanization's 

future impact, design of reservoir spillways, flood damage mitigation, regulation of 

floodplains, and management of water systems. The outcomes of these modeling efforts 

are securely stored within the HEC-DSS data storage system. 

In the course of this modeling endeavor, a user-friendly graphical interface (GUI) was 

harnessed within the HEC HMS  model to construct basin and sub-basin configurations 

based on terrain data. The HEC hydrological modeling system effectively replicates the 

intricate hydrologic processes within the watershed. The simulation of key parameters 

within this model encompasses considerations such as the initial flow, recession ratio, 

and threshold flow.  

Furthermore, the model's parameterization encompasses a breakdown into subbasins 

(10), junctions (9), reaches (10), sinks (1), along with components like the simple 

canopy model, deficit and constant loss methodology, simple surface model, monthly 

baseflow dynamics, wet and dry evapotranspiration periods, and the application of the 

Clark Unit Hydrograph transformation method. These settings within the HEC HMS  

model are primarily tailored for continuous simulations. The rainfall input is managed 

in such a way that all precipitation is initially intercepted and retained until the canopy's 
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storage capacity is reached. Once this threshold is met, any surplus precipitation flows 

onto the soil surface following the canopy's saturation. The surface method, as defined 

in the HEC HMS  settings, emulates the ground's topography and accounts for the 

depressions where water accumulates subsequent to soil pores reaching their field 

capacity. Accumulated water within these depressions remains until runoff initiation, 

which occurs when the precipitation rate surpasses the soil's infiltration capacity, and 

the depression storage attains full capacity.  

The values pertaining to canopy and surface storage were acquired through an analysis 

of Land Use and Digital Elevation Maps (DEM) derived from the Tamakoshi river 

basin. Additionally, to account for infiltration losses, the Soil Moisture Accounting 

(SMA) Loss Method, a component integrated within HEC HMS , was employed in 

conjunction with the canopy and surface methods. This comprehensive approach 

ensures a robust representation of hydrological processes within the studied watershed. 

3.7 Streamflow components 

The HBV light  model is employed to simulate the parameters governing streamflow 

contributions within the Tamakoshi river basin. These contributions primarily comprise 

four components: accumulated runoff from rain, runoff resulting from snow melt, 

runoff derived from glacier melting, and baseflow runoff. The process of snow 

formation hinges on critical temperature thresholds coinciding with precipitation 

events. The contribution from snow and glaciers melting is determined using degree-

day factor methodologies. In the case of the hydrological station at Busti, the HBV  

model calculates the streamflow contribution, denoted as QTot, using the following 

equation 12: 

𝑄𝑇𝑜𝑡 = 𝑄𝑟𝑟 + 𝑄𝑠𝑚 + 𝑄𝑔𝑚 + 𝑄𝑏𝑓                                               (12) 

Here, Qbf is discharge contributed by baseflow, Qrr is discharge contributed by rain, Qgm 

is discharge contributed by glacier melt, Qsm is discharge contributed by snow melt and 

QTot is total contributed discharge. 

3.8 Water storage change 

The water balance was evaluated by hydrological cycle components using HBV  model. 

The water balance estimated at Busti gauging station is based on the principle of water 

mass conservation i. e. entering and discharging of water (Milly, 1994). The water 

availability storage is changing spatially and temporally. The water balance accounts 
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for changes in water storage. Water balance components simulated by the model are 

discharge Qsim, observed discharge, Qobs, Precipitation, Actual Evaporation and 

Potential Evaporation. The changing of water storage to calculated using equation 13. 

∆𝑆 = 𝑃 − 𝑄 − 𝐸𝑇                                                                    (13) 

Where, P is Precipitation, ∆S is change in storage, Q is discharge and ET is actual 

evapotranspiration. 

Hydrological regimes categorized in this study into P is Precipitation, Q is discharge 

and AET is actual evaporation, where Q discharge includes total discharge that 

summation of contributed discharge (Q_rr+Q_sm+Q_gm+Q_bf), Qrr is discharge 

contributed by rain runoff, Qsm is discharge contributed by snow melt runoff, Qgm is 

discharge contributed by glacier melt runoff and Qbf is discharge contributed by 

baseflow runoff. 

3.9 Hydrological model calibration and validation 

Three distinct models, namely SPHY, HBV light, and HEC HMS, were utilized for 

simulating streamflow data. The calibration of these models was conducted either 

manually or through a trial-and-error methodology. The study focused on the 

Tamakoshi river basin, a river system primarily fed by snow and glaciers, encompassing 

multiple tributaries. Among these tributaries, Khimti is the most significant as it is rain-

fed. The hydrological models incorporated a combination of static datasets, including 

latitude maps, land use land cover (LULC), Digital Elevation Model (DEM), and the 

Randolph Glacier Inventory version 6 (RGI 6). Additionally, dynamic datasets were 

employed, consisting of daily time series data from ground stations for key 

meteorological parameters, such as maximum temperature, minimum temperature, 

mean temperature and precipitation. Calibration of the simulated discharge data was 

executed using observed discharge data obtained from the Busti discharge station with 

station ID 647 and the Rasnalu discharge station with station ID 650. This calibration 

period spanned from 2004 to 2008 and was consistently applied to all models. 

Furthermore, in the case of the SPHY model, calibration was performed at the Rasnalu 

discharge station in Khimtikhola and validation at the Busti discharge station within the 

Tamakoshi river basin, and vice versa. The Tamakoshi river basin is equipped with two-

gauge stations, specifically the Busti discharge station with ID 647 located at 

Tamakoshi and the Rasnalu discharge station with ID 650 situated at Khimti. The 

evaluation of model performance was carried out using the Nash-Sutcliffe Efficiency 
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(NSE), a commonly used metric for assessing model accuracy. In addition to NSE, the 

simulated discharge data were evaluated based on other statistical parameters, including 

the coefficient of determination (R2) and the volume difference. The latter was assessed 

using the P bias, which measures the relative difference in volume between simulated 

and observed discharge data. 

3.10  Evaluation metrices 

The overall methods are presented in Figure 11. The performance of the hydrological 

model in the Tamakoshi river basin for hydrological simulation is evaluated by the Nash 

Sutcliffe Efficiency (NSE) (Nash and Sutcliffe, 1970) calculated by equation 14. NSE 

ranges from -∞-1, the observed mean is the better predictor than the model is closer to 

1 is an excellent fit with observed discharge and simulated discharge.  

NSE = 1 −
∑ (Oi−Si)

2
n

i=1

∑ (Oi−O̅)
2

n

i=1

                                                    (14)                                                 

The total variation of simulated discharge by a hydrological model with observed 

discharge is evaluated by coefficient of determination (R2) in equation 15. The range of 

coefficient of determination (R2) is 0-1, closer to 1 is the best fit between observed 

discharge and simulated discharge.  

𝑅2 =

(

 
 ∑ (𝑂𝑖−𝑂)(𝑆𝑖−𝑆)

𝑛

𝑖=1

√∑ (𝑂𝑖−𝑂)
2𝑛

𝑖=1
√∑ (𝑆𝑖−𝑆)

2𝑛

𝑖=1
)

 
 

2

                           (15) 

Root Mean Square Error (RMSE) equation 16 measures the error between observed and 

simulated discharge values it equals 0 (zero) is a perfectly fit, with increasing RMSE 

values indicating an increasingly poorly fit, and RMSE values less than half the standard 

deviation of the observed (measured) data might be considered low and indicative of a 

good model simulation. 

𝑅𝑀𝑆𝐸 = √∑
(𝑆𝑖−𝑂𝑖)

2

𝑛
𝑛
𝑖=1                                                   (16) 

The RMSE-observations standard deviation ratio (RSR) is calculated using equation 17 

as the ratio of the RMSE and standard deviation of measured discharge data. RSR varies 
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from the optimal value of 0 to a large positive value. The lower the RSR, the lower the 

RMSE and the better the model simulation. 

𝑅𝑆𝑅 =
∑ (𝑆𝑖−𝑂𝑖)

2𝑛
𝑖=1

√∑ (𝑂𝑖−𝑂̅)
2𝑛

𝑖=1

                                                         (17) 

The goodness of fit between simulated and observed discharge was calculated using 

equation 18  the percent of bias (P bias).  

𝑃𝑏𝑖𝑎𝑠 𝑜𝑟 𝑃𝐸𝑉  = 100 × [
𝑂𝑖−𝑆𝑖

𝑂𝑖
]                                      (18) 

where, Oi is measured observed discharge, Si is simulated discharge, O is observed 

average discharge and S is simulated average discharge. 

The degree of relation  the pearson correlation between simulated and observed 

discharge was calculated using equation 19 as follows.  

𝑟 =
𝑛(∑𝑜𝑠)−(∑𝑜)(∑𝑠)

[𝑛∑𝑜2−(∑𝑜)2][𝑛 ∑ 𝑠
2 
−(∑𝑠)2]

                                              (19)  

Where r is correlation coefficient which is closer to 1 is best correlation of observed and 

simulated discharge, o is observed discharge and s is simulated discharge.  
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Figure 11: Schematic flow chart and overview of methodology. 

 

3.11  Bias correction of precipitation and temperature 

The study compares the downscale CMIP6, 4 GCM datasets of precipitation and 

temperature data with observed data bias correction required to both temperature and 

precipitation data due to the basin characteristics and spatial averaging. The numerous 
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sources of biases in hydroclimatic data analysis using GCMs are due to GCMs selection 

and ensembles, choice of the projection scenarios, downscaling techniques and 

modeling. Therefore, the downscaling of GCMs on a smaller scale requires 

hydrological modeling. In this research equations 20 and 21. are used to bias correction 

daily precipitation and temperature data (Mahmood and Babel, 2013).  

 

𝑃𝑏𝑑𝑇=𝑃𝑔𝑐𝑚 × (
𝑃𝑜𝑏𝑠𝑀𝑀

𝑃𝑔𝑐𝑚𝑀𝑀
)                                                            (20) 

𝑇𝑏𝑑𝑇 = 𝑇𝑔𝑐𝑚 − (𝑇𝑔𝑐𝑚𝑀𝑀 − 𝑇𝑜𝑏𝑠𝑀𝑀)                                       (21) 

where, PbdP and TbdT  are bias-corrected daily precipitation and temperature respectively. 

Pgcm and Tgcm are daily precipitation and temperature obtained from downscale data. 

PgcmMM and TgcmMM are long-term monthly mean of observed precipitation and 

temperature respectively, while and PobsMM and TobsMM are long-term monthly mean of 

precipitation and temperature simulated using GCMs for observed period. 
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CHAPTER 4  

4. RESULTS AND DISCUSSION 

4.1 Model calibration and validation 

Hydrological models were used to calibrate and validate the Tamakoshi river at 

discharge station ID 647 as Busti and Khimti Khola at Station ID 650 Rasnalu. The 

calibration of the model took place between 2004 and 2008 in Busti while the validation 

occurred in Rasnalu during the period. This was due, to the distributed features of the 

model (Terink et al., 2015 Terink et al., 2017). Additionally, both HBV light and HEC 

HMS  models were calibrated between 2004 and 2008 in Busti. Validated from 2011-

2012 at the station. Daily discharge data was utilized for calibration and validation 

purposes across all models. The performance of these models was assessed on a 

monthly basis demonstrating good results. Please refer to Table 1 for daily and 2 for  

monthly details regarding their performance and statistical indexes in. 

At the Busti gauging station, the SPHY model performed well, as evidenced by its 0.62 

Nash Sutcliffe Efficiency (NSE), 0.76 coefficient of determination (R2) for both 

simulated and actual discharge, and 26% simulated volume bias (P bias). The model got 

an NSE of 0.76, an R2 of 0.76, and a P bias of 4% when it was verified at the Rasnalu 

station. Upon comparing the model's performance in the validation and calibration 

periods, we found that although the R2 was relatively constant, the NSE and volume 

differences (P bias) increased. It is important to note, too, that as Figure 12A illustrates, 

the hydrographs of calibrated discharge overestimated peak discharge during rainy 

months. The disparity may be ascribed to multiple elements, including but not limited 

to data quality, model assumptions, local circumstances, input data uncertainty, and 

restricted data during extreme occurrences (Tigabu et al., 2023). The calibrated and 

validated hydrographs at the Busti station are shown in Figure 12, along with the 

corresponding scatter plots. 
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Figure 12: SPHY model daily calibration at Butsi A, scatter plot B and validation at Rasnalu C, Scatter 

plot D. 

When the SPHY model was calibrated at the Rasnalu station, it performed fairly well.  

The bias between the simulated and observed volumes (P bias) was just 4%, the NSE 

was 0.79, and the R2 comparing the simulated and observed discharge was 0.79.  Not 

as positive were the outcomes of the model's validation at the Busti station, where the 

P bias increased to 26% and the NSE decreased to 0.61.  The hydrograph demonstrated 

how the model miscalculated the peak discharges that occur during the wet season.  This 

can be the result of problems with the model's assumptions about the input data or 

regional circumstances (Tigabu et al., 2023, Nguyen et al., 2022, Abbaspour et al., 

2019).  It appears that low flows are better simulated by the SPHY model than large 

flows. Remarkably, when it came to simulating low-flow settings, the SPHY model 

outperformed the high-flow conditions in accuracy. It is noteworthy that, as Tables 1 

and 2 show, the model's efficiency as indicated by NSE, R2, and P bias seemed to be 

higher during the calibration period than during the validation period for the Rasnalu 

station. In Figure 13, the results are shown graphically with the hydrographs for the 

Rasnalu station that have been calibrated and validated together with corresponding 

scatter plots. Finally, when this comparative evaluation was made, the Rasnalu gauging 

station showed more resilient performance from the SPHY model than the Busti station. 
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Figure 13: SPHY model daily calibration at Rasnalu A, scatter plot B and validation at Busti C, Scatter 

plot D. 

The SPHY model's assessment of peak discharge at the Busti station fell short of 

accurate prediction. The reason for the discrepancy in estimation could be because the 

DHM’s assessment of the discharge data, which is categorized as poor, fair, or good, 

places the statistics of both discharge stations in the ‘fair’ category. Furthermore, it’s 

possible that the weather stations in the Busti watershed do not accurately reflect the 

real conditions throughout the watershed. The Himalayan basin has been witnessing a 

recurrent cascading nature hazard (Adhikari et al., 2023; Talchabhadel et al., 2023), 

mainly because of extreme events that obstruct the flow of water through the network 

of rivers. In order to overcome these obstacles, the parameters were calibrated and 

validated with values quantified in Appendix (Table A4). Remarkably, during the 

calibration, the groundwater parameters delta GW and alpha GW as well as the routing 

parameter recession coefficient (Kx) showed up as especially sensitive parameters in 

the basin. 

The HEC HMS  model was calibrated using observed river discharge data for the 

periods 2004-2008 and 2011-2012 for validation at the Busti discharge station ID 647 

along the Tamakoshi river. The model's calibration results showed that its simulated 
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volume bias (P bias) was -2%, its Nash Sutcliffe Efficiency (NSE) was 0.78, and its 

coefficient of determination (R2) between the simulated and observed discharge was 

0.79. The NSE of 0.77, the R2 of 0.78 for both simulated and observed discharge and 

the simulated volume bias (P bias) of 0.26% were found in the validation findings for 

2011–2012. These model parameters were established using the values listed in 

Appendix (Table A5). Figure 14 displays hydrographs and scatter plots as a visual 

depiction of the calibration and validation performance of the HEC HMS  model. 

 

Figure 14: HEC HMS model daily calibration at Butsi A, scatter plot B and validation at Busti C, 

Scatter plot D. 

When the HBV light  model was run at the Busti location, the result was an NSE value 

of 0.77. The simulated volume difference (P bias) had a negative bias of -3%, and the 

Coefficient of Determination (R2) between the simulated and observed data was also 

0.77. Likewise, while evaluating the model's validation performance, the simulated 

volume difference (P-bias) revealed a bias of -21%, the NSE was 0.82, and the R2 for 

the observed and simulated discharge was 0.87. Figure 15 shows the calibration and 

validation findings of the HBV light  model graphically. Furthermore, Appendix (Table 

A6) provides comprehensive details about the calibrated and validated model 

parameters. 
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Figure 15: HBV  model daily calibration at Butsi A, scatter plot B and validation at Busti C, Scatter 

plot D. 

4.2 Comparison of model with statistical index 

During both the calibration and validation periods, the model's simulated streamflow 

data was thoroughly assessed using statistical parameters. It should be noted that 

compared to the monthly calibration, the calibration procedure for the continuous daily 

simulation was more difficult. After evaluation, the statistical parameters showed that 

physically based, fully distributed models such as SHPY and semi-distributed models 

like HBV light  and HEC HMS performed better in the validation phase than in the 

calibration phase. The model performance of fully distributed NSE values categorized 

to fully distributed models are Insufficient 0-0.2, Sufficient 0.2-0.4, Good 0.4-0.6, Very 

good 0.6-.0.8 and Excellent >0.8 (Foglia et al., 2009) and the model performance NSE 

values categorized to semi-distributed models are unsatisfactory 0-0.50, Satisfactory 

0.50-0.70, Good 0.70-0.80, Very good 0.80-1.00. 

Various statistical indices showed that these three models performed well overall when 

compared to one another. Prominently, the assessed statistical indices (r, R2, and RSR) 

were shown in Tables 1 and 2, which demonstrated similar daily simulation 

performance across the calibration. In terms of all statistical characteristics, such as r, 
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R2, RMSE, and RSR, the HBV light  and HEC HMS models showed similarities. 

Additionally, a similar pattern was seen in the model performance for HBV light   and 

HEC HMS when assessed using NSE. During the simulation's calibration phase, the 

HBV light and HEC HMS  models exhibited a volume differential (P bias) that 

significantly understated the actual discharge. 

The validation phase revealed a similar trend to the calibration phase for all three 

models. Crucially, the simulation of the hydrological model showed that monthly 

calibration performed better than daily calibration (Table 1). The HBV light, HEC HMS 

and SPHY models were ranked based on their performance when compared to each 

other, and the models collectively showcased their distinct characteristics. On the basis 

of calibration and validation, the comparison of statistical indexes in table 1 HBV light  

model performed better than SPHY and HEC HMS in Tamakoshi river basin. The 

model performance mainly depends on the types of models and included parameters 

(Nonki et al., 2021; Ouyang et al., 2014). Generally, physically based distributed 

models are more reliable than conceptual and lumped modeling system (Tran et al., 

2018). Lumped models always exhibits better than physically based models (Das et al., 

2008) due to available functions of models’ parameters but physically based distributed 

models are more reliable. 

Table 1: Statistical indexes of daily calibration and validation of hydrological models 

Models 
Calibration  

NSE R2 P-bias r RMSE RSR Period 

SPHY 0.62 0.76 26.16 0.87 2.48 0.01 2004-2008 

HBV  0.77 0.77 -3.54 0.88 1.92 0.01 2004-2008 

HEC HMS 0.77 0.77 -2.71 0.88 1.93 0.01 2004-2008 

Models 
Validation  

NSE R2 P-bias r RMSE RSR Period 

SPHY 0.76 0.76 3.82 0.87 0.27 0.01 2004-2008 

HBV  0.82 0.87 -21.17 0.93 49.03 0.27 2011-2012 

HEC HMS 0.77 0.78 0.26 0.88 86.89 0.47 2011-2012 
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Table 2: Statistical indexes of monthly calibration and validation of hydrological 

models 

Models 
Calibration  

NSE R2 P-bias r RMSE RSR Period 

SPHY 0.71 0.86 25.98 0.93 15.57 0.09 2004-2008 

HBV  0.86 0.86 -3.76 0.93 10.61 0.07 2004-2008 

HEC HMS 0.93 0.94 -2.86 0.97 7.34 0.05 2004-2008 

Models 
Validation  

NSE R2 P-bias r RMSE RSR Period 

SPHY 0.87 0.87 3.80 0.94 1.44 0.06 2004-2008 

HBV  0.88 0.93 -21.36 0.97 6.81 0.04 2011-2012 

HEC HMS 0.95 0.95 0.15 0.97 4.50 0.03 2011-2012 

 

4.3 Flow simulation at an ungauged site 

At Rasnalu and the Busti station, the annual mean discharge from the contributing 

catchments was 21.88 m3/s and 138.72 m3/s, respectively. The Benighat receiving 

basin's annual mean discharge was estimated using a variety of hydrological models. 

The annual mean discharges were estimated from Busti station using the HBV light 

model, HEC HMS model, and SPHY model to be 201.55 m3/s, 175.03 m3/s, and 164.35 

m3/s, respectively. Likewise, the SPHY model from Rasnalu station estimated a 

discharge of 164.18 m3/s. 

The daily estimated streamflow data is shown in Figure 16A, which shows a good 

agreement between the daily flows obtained from the two calibrated sites and the 

ungauged site. The flow patterns match up nicely, however, because of the 

unpredictable nature of the rainfall, it is difficult to simulate the daily flow continuously 

at the ungauged site. 

Monthly estimated streamflow data is shown in Figure 16B, showing lower flow rates 

in March based on the HBV light and HEC HMS  simulations and lower flow rates in 

February based on the SPHY model. It is clear that the biggest flows are predicted by 

all models for August. 
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In addition, Figure 16C presents the yearly average streamflow simulation results for 

the years 2005 and 2006, demonstrating a consistent pattern in all models. For the 

ungauged site, Benighat, however, the HBV light model yields greater values than the 

SPHY and HEC HMS  models. This disparity is explained by variations in the model's 

parameterization throughout the calibration process, which is a separate procedure for 

every model variation. An overview of the annual streamflow is also shown in Figure 

16C, which shows that all hydrological models produce meaningful findings during low 

flow times, while the simulated estimated streamflow varies during high flow periods. 

The application of ensemble modeling resulted in the uniformity and dependability of 

streamflow simulation throughout the basin. Utilizing the SPHY, HEC HMS, and HBV 

light models, the estimated discharge at Benighat demonstrated an annual average of 

175.03 m3/s, with monthly averages varying from 36.82 m3/s in February to 526.97 m3/s 

in September. The remaining months, from January to December, showed values of 

39.88 m3/s, 38.68 m3/s, 52.96 m3/s, 89.01 m3/s, 235.26 m3/s, 423.27 m3/s, 385.74 m3/s, 

154.45 m3/s, 73.29 m3/s, and 48.60 m3/s. Two different multi-modeling strategies were 

used in this work to simulate streamflow at ungauged sites. Streamflow from gauged 

stations to ungauged places was simulated in the first method, while calibrated models 

within the basin from the head donor catchment to the downstream receiver basin were 

used in the second. When used in conjunction with ensemble streamflow modeling, this 

creative method of using numerous models for streamflow estimation at ungauged 

locations constitutes a useful and comparative tool. 

The different approaches to calculating ungauged streamflow could not simulate similar 

discharge (Van Liew and Mittelstet, 2018). When observational data is lacking, 

hydrological models can be used without the necessity for calibration as they can 

function well both inside and outside of gauged basins (Bergstrom, 2006). These 

hydrological models' special features and the characteristics of the catchments have an 

impact on how well they operate, as the calibration and validation procedures have 

shown. Notably, depending on their special characteristics, the SPHY, HBV light, and 

HEC HMS  models display different performances. Each model could not simulate 

similar flow due to parameterization of model during calibration (Myes et al., 2021). 

The process of parameterization is independent accordingly model variants (Refsgaard 

et al., 1997). Hydrological models are independent to streamflow simulation at the 

ungauged site. The performance of the hydrological models varied based on their 
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features and the characteristics of the catchments, as revealed by the results of the 

calibration and validation process (Pechlivanidis et al., 2011; Refsgaard et al., 1997).  

After calibration and validation, the SPHY model reliably models the streamflow 

transfer from the upstream catchments of Rasnalu and Busti to the downstream 

catchment of Benighat. On the other hand, streamflow from Busti to Benighat is 

transposed in both the HBV light  and HEC HMS  models. Particularly, Benighat is the 

basin that receives water from the Tamakoshi river basin, while Rasnalu and Busti are 

the main catchments that supply water to them. Using these calibrated models, the 

streamflow at Benighat is approximated. 

For its daily flow simulation at Benighat, the SPHY model uses a spatially distributed 

modeling system and two different approaches: one simulates flow from the Busti 

station, and the other from the Rasnalu station. There is a strong correlation and close 

alignment between these daily streamflow simulations from Rasnalu and Busti at 

Benighat. In contrast to other models, the HBV light  model typically produces greater 

daily, monthly, and yearly streamflow numbers. Simulating peak daily discharge is 

where the HEC HMS  model shines, especially during high-flow seasons. 

The total discharge from the upstream gauging stations of Busti and Rasnalu is less than 

the total streamflow at Benighat, according to all of these hydrological simulation 

results. This difference can be explained by the stream network's contribution to runoff, 

which raises the discharge downstream. As the last outflow of the Tamakoshi river 

basin, Busti and Rasnalu, as upstream donor catchments, direct their flow into the 

downstream receiver basin at Benighat. 
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Figure 16: Comparison of ungauged discharge daily (A), monthly (B) and annual (C). 

4.4 Observed water balance components’ contribution to streamflow 

The different streamflow components have been divided into discrete groups in this 

study. These components primarily include precipitation in the form of rain or snow, 

which depends on the critical temperature, as well as evapotranspiration, rain-runoff, 

baseflow runoff, snow melt runoff, and glacier melt runoff. The HBV light model was 
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used to simulate these streamflow components because it has outperformed other 

models that are currently available in glacier simulation. 

The purpose of the study is to evaluate how much various streamflow components 

contribute to the river flow at the Busti Station over a thirty year period, from 1991 to 

2020 (Figure 17B). The streamflow components that are specifically examined include 

the snow-glacier melt and rain-baseflow, both of which are important to the 

hydrological cyclic processes at the Busti discharge station. It is significant to note that 

these streamflow components are responsible for the yearly, seasonal, monthly, and 

daily temporal variations in the river discharge at the Busti hydrological station. 

In the Tamakoshi river watershed, the monthly average streamflow contributions vary 

significantly; they are between 58.05 mm and 2.75 mm for glacier melt, 27.78 mm and 

0.88 mm for snow melt, 41.55 mm and 35.40 mm for baseflow, and 601.05 mm and 

45.01 mm for rain runoff. The combined effect of these various contributions is a total 

discharge that varies from 601.05 mm to 45.01 mm. 

The Tamakoshi river basin's monthly, seasonal, and yearly relative percentages of 

streamflow contributions are shown in Figures 18A, 18B, and 18C. Remarkably, 

August exhibits the largest monthly contributions to streamflow, mostly due to 

precipitation runoff. On the other hand, baseflow makes a major contribution in 

October, and snow melt makes a considerable contribution in July. Conversely, 

streamflow in August is greatly impacted by glacier melt. 

On the other hand, snow melt, baseflow, and glacier melt account for the lowest monthly 

streamflow contributions; these events mostly take place in February, with March 

serving as an exception because that month's lowest contributor is rain runoff. August 

records the largest total streamflow, while February records the lowest total discharge. 

The monthly analysis of relative streamflow contributions by runoff components, as 

shown in Figure 18A, reveals that baseflow dominates the remaining months from 

November to May, forming the overall streamflow's character. Rainfall runoff 

dominates from June to October. 
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Figure 17: Annual water balance contribution (1991-2020). 

The results show that, on average, the proportion of streamflow components peaks in 

the summer (June to September), while their contributions to streamflow are lowest in 

the winter (December to February) and pre-monsoon (March to May). In addition, the 

data shows that snow melt contributes the least to overall streamflow, whereas rain 

runoff contributes the most. 

Specifically, the monsoon season records the lowest streamflow contribution, at 6.96%, 

while the winter season records the highest share, at 73.88%. The contribution of 

baseflow is mostly observed during the post-monsoon season. 

 Please refer to Figure 18B for an illustration of the seasonal fluctuations in the 

contributions of the streamflow component to riverine flow. 
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Figure 18: Relative contribution of runoff components to streamflows at the monthly (A), seasonal (B) 

and annual (C) time scales. 

An annual water balance for the Busti gauging station shows variable contributions 

from several sources. The greatest portion, 1448.10 mm, is accounted for by runoff from 

rain, groundwater, glacier melt, and snow melt, with respective amounts of 465.03 mm, 

111.95 mm, and 295.88 mm. Certain percentages of the cumulative streamflow, as 

shown in Figure 17A, can be credited with these contributions. Contributions from snow 
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melt (5%), baseflow (20%), glacier melt (13%), and rain runoff (62%), are the most 

special. 

The annual contribution of these elements varies. The melting of glaciers peaked in 

2016 and lowered to its lowest point in 1997. The impact of snow melt on streamflow 

peaked in 1998 and peaked in 1995. While baseflow peaked in 2020 and fell to its lowest 

point in 1991, rain runoff reached its highest point in 2000 and fell to its lowest point 

in 2009. At Busti, the overall runoff contribution fluctuated, reaching its highest point 

in 2016 and its lowest point in 2009. 

Glacier melt ranges from 358.05 mm to 217.076 mm, snow melt contributions range 

from 210.99 mm to 62.88 mm, baseflow varies from 494.28 mm to 424.26 mm, and 

rain runoff varies from 1845.51 mm to 836.1 mm annually. These variations are 

represented in the simulated streamflow contributions Figure 18C and 19c has further 

information on the yearly streamflow contributions from various components. Figure 

17B describes these streamflow components schematically. 
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Figure 19: Annual e), Seasonal c & d) a and Monthly a & b)  streamflow contribution components. 

4.5 Water balance storage 

In order to evaluate the water components' availability in the hydrological cycle using 

model simulations, it is crucial to make sure the outcomes make sense. However, 

differences between the simulated and observed discharge could occur for a number of 

reasons, such as the restrictions placed by the standard meteorological network of the 

World Meteorological Organisation (WMO), the availability of real-time data, the 

complexity of the geographical terrain, and the difficulties involved in gathering data 

and rating estimation. 
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The Busti gauging station's estimation of changes in water balance storage is based on 

a rather short 30-year period, from 1991 to 2020. Incoming water must equal departing 

water, which is the basic idea driving these variations in water balance storage. Here, 

"incoming water" refers to precipitation, and "outgoing water" refers to discharge and 

water body evaporation. Equation 13 illustrates how this theory, which is in line with 

the idea of mass conservation, helps to explain the variations in water storage in the 

Tamakoshi river basin, particularly at the Busti gauging station. 

Precipitation, evaporation, the total discharge from rain runoff, baseflow, snow melt 

runoff, and glacier melt runoff are some of the several elements that affect streamflow 

dynamics. Together, these elements have an impact on how much water is stored over 

time. These temporal variations take place on a variety of time ranges, from seasonal 

and annual variations to daily and monthly changes. 

From April to August, the water balance storage showed a positive trend; the subsequent 

months had negative changes. The main cause of the negative water balance storage 

was precipitation events. Significantly, the water balance of the basin peaked in October 

and declined to its lowest point in July. The monthly storage of water balance was 

enhanced from September to March by streamflow, which was reinforced by 

groundwater recharge from precipitation and the activities of snow-glaciers. 

Groundwater resources were refilled during this time. As a result, the basin's water 

storage reached its maximum levels between April and August, then began to decrease 

between September and December. Please see Figure 20a for a graphic depiction of 

these monthly fluctuations in water balance storage. 

 Figure 20b illustrates the different patterns that the basin's seasonal changes in water 

storage follow. Water storage rises most significantly during the monsoon season and 

decreases least during the post-monsoon season. This seasonal disparity is further 

demonstrated by the distribution of precipitation over the course of the year. Summer 

precipitation makes up a significant 80.47% of the yearly total, with 14.15% occurring 

in the pre-monsoon season, 3.15% in the post-monsoon season, and 2.21% in the winter. 

These patterns are reflected in the basin's water release, with the monsoon season 

accounting for a resounding 74% of the total release. On the other hand, the post-

monsoon season contributes just 11%, and the winter and pre-monsoon seasons 
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contribute 7% and 8% of the discharge, respectively. The total water balance and 

storage dynamics in the area are significantly shaped by this discharge pattern. 

Furthermore, there is seasonal variation in the behavior of evapotranspiration. During 

the monsoon season, a substantial 40% of evapotranspiration occurs. This is followed 

by 20% during the post-monsoon season, 14% during the winter season, and 25% 

during the pre-monsoon season. The water balance and storage fluctuations in the basin 

are directly impacted by these evapotranspiration patterns. 

The fluctuations in water storage in the basin are influenced by seasonal variations in 

precipitation, discharge, and evapotranspiration, as illustrated in Figure 19b. The 

monsoon season contributes the most to the rise in storage, while the post-monsoon 

season contributes the least. The general water management of the area is greatly 

influenced by this seasonal pattern of water balance. 

The water storage varied annually, averaging 148.39 mm. The amplitude of these 

variations varied from 447.35 mm in 2002 to -122.81 mm in 2012. The water balance 

reserve was always measured at 148.39 mm. A yearly precipitation of 2905.52 mm, an 

actual evapotranspiration of 434.58 mm, and a simulated discharge of 2322.66 mm are 

used to maintain that balance. 

The elements of the yearly water balance simulation showed fluctuations. The amount 

of snow melt varied between 210.99 mm and 62.88 mm, whilst the contribution of 

glacier melt ranged from 358.05 mm to 217.08 mm. Rainfall-runoff varied from 

1845.51 mm to 836.09 mm, while baseflow fluctuated between 494.26 mm and 424.28 

mm. The range of annual precipitation was 3494.80 mm to 2068 mm. 

Evapotranspiration varied between 488 mm and 374.98 mm, whereas cumulative 

discharge varied between 2777.11 mm and 1690.17 mm. 

The water balance components, namely total discharge, evaporation, precipitation, rain 

runoff, baseflow, snow melt, and glacier melt, showed increasing trends over the course 

of a year. On the other hand, the trend for changes in water storage was declining.  

Figure 20 illustrates the water balance trends in the Tamakoshi river basin during 

various time periods, shedding light on the changing dynamics of water storage. These 

findings are crucial for estimating downstream water availability and guiding future 

research in other basins as necessary. 



75 

 

 

Figure 20: Monthly (a), seasonal (b) and annual (c) water balance storage. 

This study explores the temporal variation of the Water balance component's 

contribution to streamflow and water storage changes in the Tamakoshi river basin by 

using the HBV  model. Previously limited research was done in the same basin by using 

the SWAT model to investigate the climate change impacts on hydropower 

development (Shrestha et al., 2016) and climate change impact analysis on glacier and 

snow melt contribution by using the SRM model (Khadka et al., 2014).  
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It's important to note that, despite its usefulness, the SWAT model is unable to account 

for glacier inputs, which makes it more difficult to calculate glacier melt runoff in 

hydropower impact calculations. Nevertheless, SWAT has been able to quantify 

meltwater contributions from both snow and glaciers in the Dhudhkoshi River basin by 

using the T-index approach (Thakuri and Salerno, 2016). This is very important to know 

in order to comprehend how changes in the components of the water balance affect 

streamflow, particularly in the winter and monsoon seasons. 

The present study aims to examine the many components of streamflow, including 

baseflow, snow and glacier melt, rain runoff, and their contributions to variations in 

water storage and balance, particularly at the Busti gauging station. Especially, no prior 

research has been conducted in the Tamakoshi river basin using this particular 

combination of research strategies, adding to the body of knowledge. 

The reaction of runoff components in the glacierized area of the High Mountain Asia 

(HMA) upstream river basin at Devghat, Narayani River, was simulated using the 

SPHY model. Four components of runoff were successfully simulated by the model: 

baseflow, snow melt, glacier melt runoff, and rain runoff. The primary source of 

streamflow, rain runoff, made up between 63% and 65% of the total, with slow baseflow 

contributing 21%. Glacier melt contributed 3–4% of the total, and snow melt 

contributed 9%–12% (Khanal et al., 2021, Wijngaard et al., 2017). It is noteworthy that 

although the Tamakoshi river basin is much smaller than the Narayani Basin in terms 

of area covered, the overall melting contribution is still the same. 

Rain runoff constituted the predominant component at downstream stations of total 

streamflow (Zhang et al., 2022), however, snow and glacier melt had a greater influence 

at upstream locations in the Himalayan areas (Mukhopadhyay and Khan, 2015). This 

demonstrates how the components of runoff are not distributed uniformly in various 

places. 

According to Adnan et al.'s observations in 2022, glacier melting contributed 45% of 

the streamflow in the Gilgit river basin, whereas slow baseflow contributed 27%, snow 

melt contributed 24%, and rain runoff contributed just 5%. On the other hand, our 

findings for the Tamakoshi river basin indicated that 62% of the total streamflow was 

contributed by rain runoff, 20% by baseflow, 5% by snow melt, and 13% by glacier 

melt. 
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Most streamflow components contribute in the summer season but relatively snow melt 

contribution is pre-monsoon season and glacier melt contribution is post-monsoon 

season. The snow and ice melting contribution was annually 17.7%, seasonally in the 

spring season 24.7%, summer season 17%, autumn season 16.4% and winter season 

30.9% on streamflow in the same basin area (Khadka et al., 2014), where streamflow 

contribution by melting snow and glacier in winter is minimum on total streamflow and 

maximum in post monsoon season in our results but same as total streamflow 

contribution by melting although differed in seasonal melting contribution on total 

streamflow main cause there is two processes of runoff as surface and subsurface as a 

different runoff contributor viz glacier melting, baseflow and rain runoff were not 

categorized only snow and ice melting contribution were estimated by (Khadka et al., 

2014). Snow is not directly converted to surface runoff there is transformed to store 

glacier and groundwater recharge. Snow and glacier-fed river basin melting process 

depend on heat energy to surface runoff and sub-surface runoff contribution to 

streamflow (Lang, 1987). The model simulation period was 10 years but our simulation 

duration was 30 years. Observed baseflow is the dominant flow during DJF and MAM 

of total streamflow, Rain runoff is the dominant flow during JJAS and ON of the total 

flow. Results show that Rain runoff is dominant in May- October and in the remaining 

months, November-April baseflow is dominant in total streamflow. Maximum snow 

melt was observed during MAM and glacier melt contribution was ON of total 

streamflow. The river basin most of the precipitation occurs in the summer season in 

the HMA Ganga river basin 71% it states that precipitation is dominant in the summer 

season which is similar to our results but amount of rainfall received quietly differed 

from our results because area coverage of Ganga River basin at Devghat station is 37 

times greater than Tamakoshi river. Tamakoshi river basin receives in monsoon season 

(JJAS) that is 80% (Khadka et al., 2014). Similarly, which is closely correlated with 

our results also shows 80 % of rainfall receives in monsoon season. April-August water 

storage change is positive and September -March shows the negative water storage 

change simulated by using the same modeling approach with the other two models 

SWAT and BTOPMC model in the KV watershed (Thapa et al., 2017, Shrestha et al., 

2016). Our result is completely similar to that result. Streamflow is dominant in the 

summer season compared with the dry season because the maximum precipitation 

occurs in summer season (Shrestha et al., 2016). Our results show that 78% of 

streamflow occurred in the summer season. It is clear that most streamflow occurred in 
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summer season.  Hence runoff component's contribution to streamflow and water 

balance storage change varies according to basin characteristics. 

4.6 Climate change analysis 

In the Tamakoshi river basin, we employed General Circulation Models (GCMs) that 

have been meticulously adjusted for biases using observed datasets. These models were 

utilized to make future projections concerning precipitation and temperature. The 

specific GCMs selected for this purpose include ACCESS CM2, CanESM5, MPI ESM1 

2HR and, NorESM2 MM. Two distinct projection scenarios were considered: one 

involving stabilization without overshoot, denoted as SSP245, and the other focusing 

on the radiative forcing scenario associated with fossil fuel development, referred to as 

SSP585. 

To ensure the accuracy of the GCMs, they were meticulously bias-corrected using 

historical periods as references. The analysis of climate change and future projections 

was divided into distinct time frames: historical (1991-2014), near future (2025-2049), 

mid future (2050-2074) and far future (2075-2099) perspective. 

4.7 Bias correction 

The downscale Global Climate Models (GCMs) ACCESS CM2, CanESM5, MPI 

ESM1 2HR, and NorESM2 projected datasets needed bias adjustment for bias 

correction factors for temperature Appendix (Table A7) and precipitation Appendix 

(Table A8)  both data in the Tamakoshi river basin. Because of their coarse geographical 

resolution and the spatial disparities in the data products, GCMs generally display 

biases. 

The air temperature data was adjusted using Jiri's station 1103 data in order to remove 

these biases. For precipitation data, bias adjustment was performed using the historical 

period's observed average precipitation data, which ran from 1991 to 2014. The bias 

correction technique used was compliant with the 2013 methodology reported by 

Mahmood and Babel. 

The resulting monthly average mean bias-corrected temperature and precipitation data 

show a notable increase in bias reduction. An obvious indicator of the bias correction 

method's efficacy was obtained by comparing these bias-corrected datasets before and 

after the correction procedure. 
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Please see Figure 21, which shows the bias correction of precipitation, for a visual 

depiction of the bias correction results. Sections A) ACCESS CM2 bias correction, B) 

CanESM5 bias correction, C) MPI ESM1 2HR bias correction, and D) NorESM2 MM 

bias correction comprise its division. The bias correction of temperature is shown in 

Figure 22, where sections A) exhibit the bias correction of ACCESS CM2, B) show the 

bias correction of CanESM5, C) show the bias correction of MPI ESM1 2HR, and D) 

presents NorESM2 MM bias correction comprise its division of temperature. The 

efficiency of the bias correction procedure for temperature and precipitation data is 

shown graphically in these graphs. 
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Figure 21: Bias correction of precipitation A) Bias correction of ACCESS CM2 B) Bias correction of 

CanESM5 C) Bias correction of MPI ESM1 2HR D) Bias correction of NorESM2 MM. 
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Figure 22: Bias correction of temperature A) Bias correction of ACCESS CM2 B) Bias correction of 

CanESM5 C) Bias correction of MPI ESM1 2HR D) Bias correction of NorESM2 MM. 
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4.8 Projected impacts of GCMs 

The projected impacts of selected GCMs: ACCESS CM2, CanESM5, MPI ESM1 2HR 

and NorESM2 MM were individually analyzed. Projected impacts of precipitation and 

temperature were analyzed in SSP245 and SSP585 scenarios. 

4.8.1 Projected precipitation 

It is clear that the ACCESS CM2 model forecasts higher precipitation for both the 

SSP245 and SSP585 scenarios across all time periods after evaluating the bias-corrected 

precipitation data from the General Circulation Models in the Tamakoshi river basin. 

The initially recorded precipitation amount of 1584 mm was used as the baseline for 

these results. For the SSP245 scenario, we found significant increases in precipitation 

throughout various time intervals. More specifically, precipitation increased by 44% 

during the Near Future (NF) period, 34% during the Middle Future (MF) period, 22% 

during the Far Future (FF) period towards the end of the 21st century. On the other 

hand, the pattern of precipitation variations under the more extreme SSP585 scenario 

was different. In this scenario, precipitation increased by a more moderate 2% during 

the Near Future (NF) period and by a considerable 24% during the Middle Future (MF) 

period. Precipitation increased by an astounding 65% throughout the Far Future (FF) 

period with the end of the 21st century, marking the most notable development. It is 

important to note that the changes in precipitation between the SSP245 and SSP585 

scenarios differ significantly. The Near Future time period in the SSP245 scenario 

shows the most rise in precipitation, while the Far Future timeframe shows the least 

amount of change. Conversely, the SSP585 scenario indicates the least significant 

change in precipitation during the Near Future period and the largest rise during the Far 

Future period. 

The NorESM2 MM model indicates varying precipitation scenarios for different Shared 

Socioeconomic Pathways (SSP) in all time periods. The baseline precipitation level was 

observed to be 1584 mm. Under the SSP245 scenario, the Near Future (NF) 

precipitation is projected to decrease by 7%, Middle Future (MF) precipitation by 6%, 

Far Future (FF) precipitation by 11%, the end of the 21st century. Conversely, in the 

more extreme SSP585 scenario, the NF precipitation is expected to increase by 5%, MF 

precipitation by 20%, FF the end-of the 21st century precipitation by 1%. Notably, the 

most significant decrease in precipitation is anticipated in the Far Future time period 

under the SSP245 scenario, while the least decrease is projected for the Middle Future. 
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In contrast, under the SSP585 scenario, the greatest increase in precipitation is expected 

in the Middle Future, and the smallest increase is projected for the Far Future time 

period. 

For both the SSP245 and SSP585 scenarios, the CanESM5 model shows a significant 

increase in precipitation over all time periods. There was 1584 mm of precipitation 

recorded as the baseline. The Near Future (NF) precipitation is expected to rise by 39%, 

the Middle Future (MF) by 70%, the Far Future (FF) by 85%, by the end of the 21st 

century, precipitation is expected to rise under the SSP245 scenario. On the other hand, 

even higher increases in precipitation are predicted by the more extreme SSP585 

scenario. Precipitation is predicted to increase by 73% in the Near Future (NF), 110% 

in the Middle Future (MF), a significant 199% in the Far Future (FF), the end of the 

twenty first century. It is interesting to observe that for both scenarios, the minimum 

increase in precipitation happens in the Near Future time period, while the highest rise 

occurs during the Far Future time period. 

For the SSP245 and SSP585 scenarios, the MPI ESM1 2HR model shows a significant 

rise in precipitation levels over all time periods. At 1584 mm, the first baseline 

measurement of precipitation was made. In the context of the SSP245 scenario, 

precipitation increased by 5% in the Near Future (NF) time windows, 4% in the Middle 

Future (MF) time windows, 5% in the Far Future (FF) time windows that end of the 

twenty first century. On the other hand, the more extreme SSP585 scenario predicted 

that by the end of the twenty first century, precipitation would have increased by 2% 

for the Near Future (NF) time windows, 1% for the Middle Future (MF) time windows, 

a significant 11% increase for the Far Future (FF) time windows. Under the SSP245 

scenario, the least rise in precipitation is shown in the Middle Future time period, but 

there is a notable difference in the highest increase in precipitation that occurs in the 

Near Future and Far Future time periods. The SSP585 scenario shows that the Far 

Future time period experiences the highest rise in precipitation, while the Middle Future 

time period experiences the lowest increase. 

For both the SSP245 and SSP585 scenarios, the ensemble of four General Circulation 

Models (GCMs) shows a rise in precipitation over all time periods. The baseline 

precipitation, which was first measured at 1584 mm, has increased noticeably. The Near 

Future (NF) period saw a 20% increase in precipitation under the SSP245 scenario, 
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whereas the Middle Future (MF) observed a 25% increase. Similarly, precipitation 

increased by 25% over the Far Future (FF) era increased by the end of the 21st century. 

On the other hand, the more extreme SSP585 scenario predicted that precipitation 

would increase by 21% in the near future, 39% in the middle future, a significant 69% 

in the far future with the end of the 21st century. In the SSP245 scenario, it is noteworthy 

that the greatest increases in precipitation were recorded in the Middle and Far Future 

time periods, whereas the least notable increases were recorded in the Near Future time 

periods. Conversely, for the Far Future time period, the SSP585 scenario demonstrated 

the highest increase in precipitation, while the Near Future time period saw the least 

increase. Notably, under the SSP245 scenario, the CanESM5 projection showed the 

largest increase in precipitation throughout all time periods, but the NorESM2 MM 

prediction showed a drop in precipitation. With CanESM5 representing the highest 

increase in precipitation over all time periods and MPI ESM1 2HR reflecting the 

minimal precipitation projection for the Near Future and Middle Future time periods, 

(Figures 23A and 23B) visually show these projections. In the SSP585 scenario, 

NorESM2 MM predicted negligible precipitation during the Far Future time frame. An 

annual graphical representation of precipitation from the four GCMs, each of which 

corresponds to a different scenario, is shown in Figure 23. 

 

Figure 23: Historical with projected precipitation of four GCMs A) SSP245 B) SSP585. 
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4.8.2 Projected temperature 

After applying the General Circulation Models (GCMs) to the bias-corrected 

temperature data of the Tamakoshi river basin, it was found that the ACCESS CM2 

model predicts a rise in temperature for the SSP245 and SSP585 scenarios over the 

course of all time periods. This region's baseline temperature was 14.43˚C. Under the 

SSP245 scenario, the temperature is expected to rise by the end of the twenty-first 

century, by 1.54 ˚C for the Near Future (NF) time window, 3.11 ˚C for the Middle 

Future (MF) time window, and 3.97 ˚C for the Far Future (FF) time window. The 

temperature estimates are considerably more important for the more extreme SSP585 

scenario. A temperature increase of 1.88 ˚C is predicted for the Near Future (NF) time 

window, 4.33 ˚C is predicted for the Middle Future (MF) time window, 6.80 ˚C is 

predicted for the Far Future (FF) time window is predicted for the end of the 21st 

century. Notably, in both scenarios, there is a significant difference in temperature 

increase between the windows for the Far Future and the Near Future time periods. 

The NorESM2 MM model demonstrates differing temperature trends across two 

scenarios: SSP245 and SSP585, spanning various time periods. The baseline 

temperature is established at 14.43 °C. Under the SSP245 scenario, the Near Future 

(NF) time frame experiences a increase of 1.31 °C in temperature, while the Middle 

Future (MF) sees an increase of 2.38 °C. The Far Future (FF) timeframe witnesses a 

more substantial temperature rise of 2.89 °C by the end of the 21st century. In contrast, 

the more extreme SSP585 scenario projects a temperature increase in the Near Future 

(NF) by 1.50 °C, a more significant increase of 3.17 °C in the Middle Future (MF), and 

a substantial rise of 5.32 °C in the Far Future (FF) by the end of the 21st century, 

temperatures under SSP585. It is noteworthy that the most substantial temperature 

increase occurs in the Far Future time period window in both scenarios, while the 

minimum temperature increase is observed in the Near Future time period window. 

The CanESM5 model demonstrates an elevation in temperature for both the SSP245 

and SSP585 scenarios across all time periods. The baseline temperature stands at 

14.43°C. Under the SSP245 scenario, the temperature in the Near Future (NF) time 

frame increases by 1.73°C, the Middle Future (MF) experiences a 3.12°C increase, the 

Far Future (FF) sees a rise of 3.80°C, and by the end of the 21st century, the temperature 

elevates. In contrast, the more extreme SSP585 scenario projects a 2.28°C increase in 

the Near Future (NF), a substantial 4.69°C rise in the Middle Future (MF), a significant 
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7.76°C increase in the Far Future (FF), the temperature surge by the end of the 21st 

century. Notably, there is a marked disparity in temperature escalation, with the Far 

Future period experiencing the highest increase and the Near Future period showing the 

least significant temperature rise in both scenarios. 

In comparison to the baseline temperature of 14.43 °C, the MPI ESM1 2HR model 

shows a steady increase in temperature for both the SSP245 and SSP585 scenarios over 

all time periods. In the SSP245 scenario, the Near Future (NF) temperature is projected 

to increase by 0.90 °C, the Middle Future (MF) temperature by 1.85 °C, the Far Future 

(FF) temperature by 2.41 °C, the end of the 21st century, there is a predicted increase. 

The temperature forecasts are much greater in the more extreme SSP585 scenario: an 

increase of 0.94 °C is predicted for the NF, 2.57 °C for the MF, 4.63 °C for the FF by 

the end of the century. It's important to note that in both scenarios, the temperature rises 

most significantly in the Far Future time period and least in the Near Future time period. 

For both the SSP245 and SSP585 scenarios, the combined model of four Global Climate 

Models (GCMs) shows a steady increasing trend in temperature throughout a range of 

time periods. 14.43°C is the starting benchmark temperature. Within the Near Future 

(NF) time range of the SSP245 scenario, there is a significant 1.37°C increase in 

temperature. Moreover, the temperature rises by 2.61°C more significantly during the 

Middle Future (MF) period and by 3.27°C more significantly within the Far Future (FF) 

time range. On the other hand, the extreme SSP585 scenario predicts a significantly 

more severe rise in temperature over time. The temperature is expected to rise by 1.65°C 

in the Near Future (NF) timeframe and by a significant 3.69°C in the Middle Future 

(MF) period. The anticipated temperature increase in the Far Future (FF) time span is 

6.13°C. By the end of the twenty-first century, more warming is predicted. It is 

noteworthy that, for both scenarios, the largest temperature increase is recorded in the 

Near Future time period, while the smallest increase occurs in the Far Future time 

period. The CanESM5 projection is shown in Figure 24, with subfigures (A) and (B) 

displaying the pattern of significant temperature rises for both the SSP245 and SSP585 

scenarios over all time frames. In a similar vein, Figures 24A) and (B) show the MPI 

ESM1 2HR projection and highlight the minimum temperature projection for each 

scenario over the course of all time periods. Figure 24 Shows an annual graphical 

representation of selected GCMs. 
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Figure 24: Historical with projected temperature of four GCMs A) SSP245 B) SSP585. 

4.9 Climate change impacts on water balance components 

Climate change impacts on precipitation, discharge, evapotranspiration, rainfall runoff, 

baseflow runoff, glacier melt runoff, and snow melt runoff included in the following 

sections. A calibrated HBV light 4.0 hydrological model was used to simulate these 

components of the streamflow that make up the water balance. The chosen ensembled 

GCMs, MPI ESM1 2HR and NorESM2 MM were used to simulate the chosen 

hydrological model. When it comes to simulating glaciers, the chosen hydrological 

models outperform the other two, and the chosen GCMs exhibit reduced divergence in 

extreme annual precipitation occurrences when compared to historical precipitation 

data. The yearly variations in the streamflow components of the water balance are 

displayed in Figure (25A and 25B) for all time periods considered in both scenarios. 
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Figure 25: Climate change impacts on streamflow components during the Historical, NF, MF and FF 

under SSP245 (top) and SSP585 (bottom) scenarios. 
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Figure 26: Relative contribution of water balance components during Historical (A, E), NF (B, F), MF 

(C, G) and FF (D, H) under SSP245 (left) and SSP585 (right) scenarios. 
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4.9.1. Climate change impact on precipitation 

The hydrological cycle is largely regulated by precipitation, especially in terms of how 

streamflow is affected. Significantly, precipitation is more common in the wet months, 

which is mainly due to the summer monsoon's dominance in the river basin. Significant 

seasonal fluctuations in the precipitation pattern are caused by this climatic 

phenomenon. The season with the most rainfall, or wettest season, usually runs from 

June to September. The season with the least amount of rainfall, or driest season, usually 

runs from December to February in Figure 27A and 27C. This precipitation pattern 

continues till the end of the century and remains constant throughout historical eras and 

all-time windows. 

There is some uncertainty in the predicted range of precipitation, which, depending on 

the particular scenario, can range from 80% to 84% during the monsoon season and 

from a tighter range of 2% to 3% in the dry season in Appendix (Table A9). SSP245 

projects somewhat different values than SSP585 ranging from 75%-84% in monsoon 

in Appendix (Table A10). Nonetheless, a little decrease in the rate of precipitation is a 

general pattern seen in both situations showed by Figure 27B and 27D. 

Comparing projected variations in precipitation amounts over different months to 

historical data, Figure 25 shows how this will likely happen. It is noteworthy that the 

summer season shows the strongest departures from the historical average, with 

increased precipitation levels. 

In the past, 2733 mm of precipitation served as the baseline. Figure 25A shows 

precipitation is predicted to drop under the SSP245 scenario over a range of time 

windows: there will be 1% in the Near Future (NF), 1% in the Middle Future (MF), and 

3% in the Far Future (FF) by the end of the 21st century. The SSP585 scenario, on the 

other hand Figure 25B predicts an increase in precipitation, with a rise of 4% in the 

Near Future, 11% in the Middle Future, 6% in the Far Future by the end of the 21st 

century. Notably, the SSP585 scenario predicts that precipitation will increase most 

significantly in the Middle Future time period and least in the Near Future time period. 

In contrast, the SSP245 scenario shows the greatest precipitation decrease in the Far 

Future time frame, with very minor decreases in the Near Future and Middle Future 

time frames. 
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Overall, the findings highlight that, in comparison to the SSP245 scenario, the SSP585 

scenario predicts higher precipitation impacts throughout the basin over all time 

periods. 

 

Figure 27: Monthly climate change impacts on the precipitation A) & C) during the Historical, NF, 

MF, FF and annual linear trend of projected precipitation B) & D) under SSP245 (top) and SSP585 

(bottom) scenarios. 

4.9.2. Climate change impact on river discharge 

Summer rainfall produces monsoon precipitation, which largely affects river discharge 

in the basin. Rain runoff, baseflow runoff, and runoff from snow and glacier melt all 

byproducts of different hydrological processes combine to produce this discharge. In 

both the SSP245 and SSP585 scenarios, the majority between 73% and 76% is 

anticipated to come from the estimated river flow during the monsoon season, which 

runs from June to September in Appendix (Table A9). According to the SSP585 

scenario, the basin's discharge is expected to rise by 71% to 73% during the monsoon 

season in Appendix (Table A10). 

Baseflow and the contribution from snow and glacier melt are responsible for the river's 

low flow, which reaches its lowest point in the winter months of December through 
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February in Figure 28A and 28C. In all scenarios and time frames, this low flow 

accounts for 6% to 7% of the total flow. The overall river flow is influenced by a number 

of streamflow components, which are discussed in more detail in the dissertation's 

section on water balance components. 

For both scenarios, the hydrograph at the gauging station shows a continuous pattern of 

rise and recession over historical data, all time periods, and at the end of the century 

(28B and 28D). In both cases, projected discharge rates indicate a general increase. In 

comparison to the historical period, Figure 28 shows that the rate of anticipated 

discharge can vary based on precipitation levels in all months; however, summertime 

river flow is consistently higher. 

The baseline discharge for the historical era was found to be 2004 mm. With a 5% rise 

in discharge for the Near Future (NF), 8% increase for the Middle Future (MF), 5% 

increase for the Far Future (FF) at the end of the 21st century, the anticipated discharge 

in Figure 25A the SSP245 scenario is predicted to drop. On the other hand, the SSP585 

scenario Figure 25B exhibits an increase in the predicted discharge, with increases of 

9% for the Near Future (NF), 22% for the Middle Future (MF), 25% for the Far Future 

(FF) by the end of the 21st century. Notably, in the SSP245 scenario, the largest increase 

in discharge occurs during the Middle Future time, but in the SSP585 scenario, the 

largest increase occurs during the Far Future period. 

The findings show that, for all time period windows and through the end of the century, 

the SSP585 scenario predicts a larger discharge in the basin than the SSP245 scenario. 
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Figure 28: Monthly climate change impacts on the discharge A) & C) during the Historical, NF, MF, 

FF B) & D) annual linear trend of projected discharge under SSP245 (top) and SSP585 (bottom) 

scenarios. 

4.9.3. Climate change impact on rain runoff 

One of the most important factors influencing the overall streamflow in a given area is 

rain runoff. It is largely dependent on the amount of rainfall; more rainfall causes more 

rain runoff, whereas less rainfall causes less rain runoff during a certain period of time. 

Remarkably, rainfall-runoff is highest during the wet season, primarily due to the 

summer monsoon's predominance in the basin. 

In this basin, rain runoff stands out as a significant factor, accounting for approximately 

60% of the total discharge. Looking (Figure 26A-H) at two prominent scenarios, 

SSP245 and SSP585, historical data reveals that rain runoff contributed around 62% of 

the total discharge in the past. In the near future (NF), this contribution slightly increases 

to 63% for SSP245 and remains at 62% for SSP585. In the mid-term future (MF), rain 

runoff’s influence remains substantial, with a 61% contribution for SSP245 and 63% 

for SSP585. However, in the far future (FF), there is a decline in rain runoff’s impact, 

with both scenarios showing a decrease to 58% of total discharge. 
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Looking further out, particularly near the end of the century, both SSP245 and SSP585 

scenarios exhibit a more consistent contribution from rain runoff, stabilizing at the total 

flow. Remarkably, rain runoff maintains its dominance in the near future (NF) and mid-

term future (MF), but in the far future (FF), it becomes less significant in both scenarios. 

As a result, by century's end, the scenarios come closer together, showing rain runoff's 

constant and equal contribution to streamflow. 

 Two possibilities had significant impacts on rain runoff in both historical and end-of-

century time frames. The August maximum and the February and March low rainfall 

were impacted by these situations (Figure 29A and Figure 29C). The measured baseline 

precipitation total was 1237.18mm. 

First, because of the significant effect of decreasing precipitation, there was a decrease 

in expected rain runoff in the SSP245 scenario (Figure 29B). In particular, Figure 25A 

showed the rain runoff increased by 7%, and 7%, in the Near Future (NF), Middle 

Future (MF), respectively. On the other hand, rain runoff decreased by 1% in the Far 

Future (FF) with the end of the 21st century. 

On the other hand, Figure 29D the SSP585 scenario had a rise in anticipated 

precipitation runoff, mainly due to the noteworthy influence of decreased snow 

formation brought on by higher temperatures. In this scenario, Figure 25B there would 

be an increase in rain runoff of 10% in the Near Future (NF), 24% in the Middle Future 

(MF), 18% in the Far Future (FF), near the end of the 21st century. Remarkably, the 

Near Future and Middle Future periods witnessed the largest increases in rain runoff, 

while the Far Future period saw the least. 

Overall, the findings show that, in comparison to the SSP245 scenario, the SSP585 

scenario in the basin produced more rainfall runoff at the end of the century and 

throughout all time periods. 
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Figure 29: Monthly climate change impacts on the rain runoff A) & C) during the Historical, NF, MF, 

FF and annual linear trend of projected rain runoff B) & D) under SSP245 (top) and SSP585 (bottom) 

scenarios. 

4.9.4. Climate change impact on baseflow runoff 

Baseflow runoff is a continuous streamflow component that contributes significantly to 

a water basin's overall discharge. This hydrological phenomenon is a significant aspect 

of the flow regime because of its consistent behavior, particularly during the driest 

months. Baseflow runoff is dependent on groundwater replenishment during the wet 

seasons. More notably, (Figure 30A and 30C) it is more noticeable from December to 

May than runoff from snow and glacier melt in the basin and from rain. 

Among the several components of streamflow, baseflow runoff is the second most 

significant contribution to overall discharge, usually making up around 20% of the total. 

As seen in scenarios SSP245 and SSP585, the baseflow runoff's contribution to the 

overall discharge changes over different times (Figure 26A-H). 

According to historical data, baseflow runoff has historically made up 23% of the 

basin's total discharge under the SSP245 scenario. The contribution levels are predicted 
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to be 21%, 18%, and 21%, respectively, for the Near Future (NF), Mid Future (MF), 

Far Future (FF) with end of the Century. 

The historical baseflow runoff contribution to the overall discharge in the SSP585 

scenario stays at 23%. The future predictions, however, indicate differences: the 

contributions during the Near Future (NF) and Far Future (FF) periods are larger, at 

21% and 18%, respectively, while the contributions during the Mid Future (MF) era are 

lower, at 20%. 

It is noteworthy that in SSP245 and SSP585, baseflow runoff dominates in both the 

Near Future (NF) and Far Future scenarios. But in the SSP245 and SSP585 scenarios, 

it contributes very little during the Mid Future (MF), suggesting a more dynamic 

behavior at this time. These patterns offer vital information on the dynamics of baseflow 

runoff and how it contributes to the basin's overall discharge. 

Both scenarios led to an increase in the maximum baseflow runoff in October and the 

minimum baseflow runoff in February during both historical, all-time period windows 

(Figure 30A and 30C), and the end of the century. The projected baseflow runoff 

exhibited an accelerated increase rate due to the significant influence of groundwater 

recharge resulting from precipitation in both scenarios (Figure 30B). The initial rainfall 

runoff measurement recorded 463 mm. 

In the context of the SSP245 scenario, the projected baseflow runoff is expected to 

decrease. Specifically, (Figure 25A)in the time windows for the Near Future (NF), 

Middle Future (MF), Far Future (FF), and at the end of the 21st century, the baseflow 

runoff is projected to decrease. Conversely, under the SSP585 scenario, (Figure 25B) 

the baseflow runoff for the Near Future (NF), Middle Future (MF), and Far Future (FF) 

is anticipated to decrease by 3%, while at the end of the 21st century, it is projected to 

decrease. 

Notably, both scenarios predict a reduction in baseflow runoff across all time windows 

and at the end of the century, but the SSP585 scenario indicates a more substantial 

reduction in baseflow runoff, particularly in the Far Future time period window. In all 

other time frames, the reduction is similar between the two scenarios. 
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The results indicate that the projected impact of the SSP585 scenario will result in a 

more pronounced decrease in baseflow runoff compared to the SSP245 scenario 

throughout all time period windows at the end of the century. 

 

Figure 30: Monthly climate change impacts on the baseflow A) & C) during the Historical, NF, MF, 

FF and annual linear trend of projected baseflow B) & D) under SSP245 (top) and SSP585 (bottom) 

scenarios. 

4.9.5. Climate change impact on glacier melt runoff 

The changing climate poses a significant concern, particularly in relation to the runoff 

of glacier melt, which constitutes a major component of total discharge accumulation 

in streamflow. The extent of glacier melt runoff is closely tied to prevailing 

temperatures, where rising temperatures result in increased runoff, while minimum 

temperatures lead to reduced melt runoff over time. 

Historically, glacier melt runoff has dominated the basin, contributing to approximately 

17% of the total discharge. Under the SSP245 scenario, this contribution was 12% in 

the past, 14% in the Near Future (NF), 17% in the Middle Future (MF), 19% in the Far 

Future (FF) in the end of the Century. In the SSP585 scenario, the historical glacier melt 

runoff contribution was also 12%, but it increased to 14% in the Near Future (NF), 17% 
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in the Middle Future (MF), 23% in the Far Future (FF), at the end of the Century. 

Notably, glacier melt runoff dominates in the Far Future (FF) for both scenarios, while 

the minimum contribution occurs in the Near Future (NF) for both scenarios (Figure 

26A-H). 

Both scenarios exhibit an increase in maximum glacier melt runoff in August and a 

decrease in minimum glacier melt runoff in February across historical, all-time period 

windows, and at the end of the century (Figure 31A and 31C). Projected glacier melt 

runoff displays an escalating trend due to the rising temperatures in both scenarios. The 

baseline glacier melt runoff, which was observed to be 245 mm, is projected to increase. 

According to the SSP245 scenario (Figure 25A), during the Near Future (NF), glacier 

melt runoff is expected to increase by 23%, while in the Middle Future (MF), it is 

projected to increase by 48%, and in the Far Future (FF), it is expected to increase by 

61%. At the end of the 21st century, glacier melt runoff is projected to increase. In the 

SSP585 scenario (Figure 25B), glacier melt runoff during the Near Future (NF) is 

expected to increase by 22%, in the Middle Future (MF) by 66%, in the Far Future (FF) 

by 136%, and at the end of the 21st century, it is projected to increase. 

Overall, there is a notable contrast between the minimum increase in glacier melt runoff 

during the Near Future time period window and the maximum increase in the Far Future 

time period window for both scenarios. Nevertheless, it's important to emphasize that 

the minimum glacier melt runoff increase is anticipated during the Near Future time 

windows for both scenarios. 

The results indicate that the SSP585 scenario has a more pronounced impact on glacier 

runoff (Figure 31D) than the SSP245 scenario (Figure 31B) across all time period 

windows at the end of the century in the basin. 
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Figure 31: Monthly climate change impacts on the glacier melt A) & C) during the Historical, NF, MF, 

FF and annual linear trend of projected glacier melt B) & D) under SSP245 (top) and SSP585 (bottom) 

scenarios. 

4.9.6. Climate change impact on snow melt runoff  

Snow melt runoff is a crucial component contributing to the total discharge 

accumulation in a basin. The magnitude of snow melt runoff is contingent upon the 

interplay of precipitation and temperature. Notably, this runoff is more prominent 

during the rainy months, primarily due to the basin's dominance by summer monsoons 

and the concurrent rise in temperatures. However, its contribution to the overall 

discharge in the basin is relatively modest, accounting for approximately 3% of the 

total. 

When considering two different scenarios, SSP245 and SSP585, we observe variations 

in the historical and projected contributions of snow melt runoff to the basin's 

streamflow. Under the SSP245 scenario, historical contributions have remained at 3%, 

while in the near future (NF), mid future (MF), far future (FF) by the end of the century, 

these contributions are projected to be 2% of the total discharge. 
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Conversely, the SSP585 scenario depicts historical contributions at 3%, but with 

differing projections. In the near future (NF), snow melt runoff is projected to rise to 

3%, but then decline to 2% in the mid future (MF), 1% in the far future (FF) ultimately 

return the end of the century. Notably, snow melt runoff assumes a prominent role in 

the near future under both scenarios, but its contribution diminishes significantly in the 

far future (Figure 26A-H). 

Both scenarios indicate an increase in maximum snow melt runoff during June and a 

decrease in minimum rain runoff in February across historical, all-time periods, and the 

end of the century (Figure 32A and 32B). These changes are attributed to the influence 

of temperature and precipitation patterns in the SSP245 scenario, where temperature 

fluctuations play a vital role. In contrast, the SSP585 scenario results in a decline in 

snow formation due to increasing temperature. 

The baseline measurement of snow melt runoff is 58 mm. According to the SSP245 

scenario, (Figure 25A) the projected snow melt runoff is expected to decrease over time. 

Specifically, in the near future (NF), it is anticipated to decrease by 24%, in the mid 

future (MF) by 45%, in the far future (FF) by 19%, at the end of the 21st century. 

Under the SSP585 scenario, (Figure 25B) there is a different trend. In the near future 

(NF), snow melt runoff is projected to increase by 16%. In the mid future (MF), snow 

melt runoff is expected to decrease by 17%, while in the far future (FF), it will 

experience a substantial decline of 73%. Temperature is also anticipated to decrease 

snow melt contribution by the end of the 21st century under this scenario. Importantly, 

there is a contrast in the snow melt runoff pattern between the scenarios, with maximum 

runoff occurring in the far future in SSP585 and minimum runoff increasing in the mid 

future. 

In summary, the results indicate that the SSP585 scenario leads to a greater snow melt 

runoff impact on the basin in all time periods and at the end of the century compared to 

the SSP245 scenario (Figure 32B and 32D). 
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Figure 32: Monthly climate change impacts on the snow melt A) & C) during the Historical, NF, MF, 

FF and annual linear trend of projected snow melt B) & D) under SSP245 (top) and SSP585 (bottom) 

scenarios. 

4.9.7. Climate change impact on actual evapotranspiration 

Evapotranspiration is influenced by both temperature and the availability of water 

resources, with variations occurring at different temporal scales. Temperature, in turn, 

is contingent upon the duration of sunshine within a given basin. Evapotranspiration 

exhibits more significant levels during months characterized by higher rainfall, owing 

to increased water availability. Notably, in historical records, both scenarios indicate a 

rise in maximum evapotranspiration levels during October and a decrease in minimum 

evapotranspiration levels in February (Figure 33A and 3C). Projected 

evapotranspiration rates show a discernible increase, primarily due to the substantial 

impact of rising temperatures in both scenarios. 

Figure (Figure 33B and 33D)  illustrates the projected evapotranspiration's upward trend 

across all months when compared to the historical period, particularly in the SSP585 

scenario. In contrast, the SSP245 scenario forecasts an increase in evapotranspiration 

only from January to May, with marginal deviations in other months when compared to 

historical data. This trend is primarily attributable to the projected increases in 
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temperature, precipitation, and contributions from melting ice to local water bodies, all 

of which stimulate evapotranspiration. 

The altering precipitation patterns and temperature fluctuations have a profound impact 

on evapotranspiration within the basin area. A baseline evapotranspiration rate of 478 

mm was recorded. According to the SSP245 scenario, Figire 25A future 

evapotranspiration levels are anticipated to increase. In the Near Future (NF), 

evapotranspiration is projected to rise by 8%, in the Middle Future (MF) by 13%, in the 

Far Future (FF) by 17%, by the end of the 21st century. Conversely, under the SSP585 

scenario, Figure 25B evapotranspiration is expected to increase even further, with a 

10% rise in the Near Future (NF), a 19% increase in the Middle Future (MF), a 27% 

increase in the Far Future (FF) by the end of the 21st century. Notably, the most 

significant surge in evapotranspiration occurs in the Far Future timeframe, while the 

least significant increase is observed in the Near Future across both scenarios. 

These findings underscore the substantial impact of the SSP585 scenario, which results 

in greater evapotranspiration levels when compared to the SSP245 scenario across all 

time period windows, including the end of the century. 

 

Figure 33: Monthly climate change impacts on the actual evapotranspiration A) & C) during the 

Historical, NF, MF, FF and annual linear trend of projected actual evapotranspiration B) & D) under 

SSP245 (top) and SSP585 (bottom) scenarios. 
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4.9.8.  Climate change impact on water balance storage change 

This section presents an assessment of water storage fluctuations over different time 

periods. The analysis reveals positive changes during rainy months, with negative 

changes observed in the remaining months. Subsequently, we provide estimates of 

annual water storage variations. It is important to note that the hydrological cycle's 

water components, as determined by model simulations, are generally reasonable. 

Nevertheless, disparities between observed and simulated discharge exist due to several 

factors, including limitations in the availability of data from the WMO standard 

meteorological network, real-time data, complexities associated with the geographical 

terrain, data collection procedures, and rating estimation. 

The evaluation of water balance storage at the Busti station encompasses different time 

frames: a historical period spanning from 1991 to 2014, a Near Future time window 

from 2025 to 2049, a Mid Future period between 2050 to 2074, a Far Future outlook 

from 2075 to 2099, and an analysis extending until the end of the century. The 

fundamental principle guiding this assessment is the conservation of mass, where the 

quantity of incoming water (primarily precipitation) equals the quantity of outgoing 

water (comprising discharge and water body evaporation). Equation 8 is employed to 

calculate the changing water storage in the Tamakoshi river basin at the Busti gauging 

station. 

During the historical period, the water balance in the basin exhibited a positive trend, 

with water storage increasing by 251 mm. SSP245 scenario Figire 34A in the Near 

Future time period, there was a notable increase of 79 mm in water storage, indicating 

a positive balance. However, in the Mid Future, the water balance shifted to a negative 

value of -0.6 mm, and in the Far Future, it dropped further to -5 mm, suggesting 

decreasing water storage. By the end of this century, the water balance rebounded to a 

positive 24 mm in the basin (Figure 34A). 

When considering the different greenhouse gas emission scenarios, the results diverge. 

According to SSP585, (Figure 34B) the water balance remained positive during the 

Near Future, with an increase of 140 mm in water storage, and the Mid Future, with an 

increase of 23 mm. However, in the Far Future, there was a substantial negative balance 

of -214 mm, and by the end of the century, the basin's water balance was still negative. 

It is worth noting that, for both scenarios, the Far Future time periods consistently 

displayed the lowest and most negative water storage changes, while the Near Future 
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time period consistently showed the highest positive water storage changes. These 

findings underscore the temporal variations in simulated water balance components and 

their contributions to streamflow in the Tamakoshi river basin, emphasizing the 

importance of these factors for downstream water availability. This research aims to 

provide critical insights into the dynamics of water storage in the face of future 

environmental changes and offers valuable guidance for further investigations in similar 

river basins. 

 

Figure 34 Climate change impacts on water balance storage change during Historical, NF, MF, FF under 

SSP245 (top) and SSP585 (bottom) scenarios 

The model simulation period was 10 years but our simulation duration was 30 years. 

Observed baseflow is dominant flow during DJF and MAM of total streamflow, Rain 

runoff is dominant flow during JJAS and ON of the total flow. Results show that Rain 

runoff is dominant in May- October and in the remaining months, November-April 

baseflow is dominant in total streamflow. Maximum snow melt was observed during 

MAM and glacier melt contribution was ON of total streamflow. The river basin most 

of the precipitation occurs in the summer season in the HMA Ganga river basin 71% it 

states that precipitation is dominant in the summer season which is similar to our results 

but amount of rainfall received quietly differed from our results because area coverage 
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of Ganga River basin at Devghat station is 37 times greater than Tamakoshi river. 

Tamakoshi river basin receives in monsoon season (JJAS) that is 80% (Khadka et al., 

2014). Similarly, which is closely correlated with our results also shows 80 % of rainfall 

receives in monsoon season. April-August water storage change is positive and 

September -March shows the negative water storage change simulated by using the 

same modeling approach with the other two models SWAT and BTOPMC model in the 

KV watershed (Thapa et al., 2017, Shrestha et al., 2016). Our result is completely 

similar to that result. Streamflow is dominant in the summer season compared with the 

dry season because the maximum precipitation occurs in summer season (Shrestha et 

al., 2016). Our results show that 78% of streamflow occurred in the summer season. It 

is clear that most streamflow occurred in summer season.  Hence runoff component's 

contribution to streamflow and water balance storage change varies according to basin 

characteristics. 

Multiple studies have demonstrated the increasing impact of projected climate change 

in the Himalayas region, according to various scenarios such as SRES, RCPs, and SSPs, 

using General Circulation Models (GCMs) and Regional Climate Models (RCMs) 

within different timeframes. Previous research has utilized varying timeframes, GCMs, 

and scenarios to project future climate changes in an upstream basin of the Himalayas. 

These projections are contingent upon the original model resolution biases inherent in 

the GCMs' datasets due to spatially heterogeneous lapse rates. 

The investigation encompassed water balance components during historical periods 

with baseline data, Near Future (NF), Middle Future (MF), and Far Future (FF), 

examining annual, monthly, and seasonal timeframes. Our findings indicate that 

streamflow is primarily influenced by mid future (MF) projections. Precipitation, 

discharge, actual evapotranspiration, rain-runoff, and glacier melt all exhibit an 

increase, whereas baseflow and snow melt runoff decrease with varying timeframes, 

particularly toward the end of the 21st century. Among these components, glacier melt 

runoff is anticipated to increase substantially due to the changing climate, while snow 

melt runoff is expected to decrease. 

It is worth noting that previous studies predominantly employed SRES and RCPs 

scenarios within different timeframes compared to our study in the upstream Himalayas 

river basin, as outlined by Khadka et al. (2014). This earlier research suggested that 

mean temperature, annual precipitation, and discharge would increase in the future, 

utilizing SRES scenarios over a decadal scale in the same river basin. However, it 
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contradicts our findings as snow cover is expected to decrease while snow melt runoff 

increases. Previous studies did not differentiate discharge into rain runoff, baseflow, 

glacier melt runoff, and snow melt runoff within this region. Precipitation in the soil 

partitions water into runoff and evaporation  (Lian et al., 2021, Porporato et al., 2004, 

Porporato and Yin, 2022). 

Similarly, Bharati et al. (2014) projected that average flow and precipitation would 

increase in all seasons in trans-mountain regions but decrease baseflow. Future 

discharge is anticipated to increase in the Koshi River (Nepal, 2016, Nepal et al., 2014, 

Kaini et al., 2020). Nepal (2016) highlighted that mean temperature, maximum, and 

minimum temperature would rise in the Himalayas basin due to climate change. 

Evapotranspiration is expected to increase, while snowfall decreases due to rising 

temperatures, resulting in reduced snow storage capacity and diminished snow melt 

runoff in the future. The future glacier melt runoff remains uncertain, although various 

studies suggest that glacier melt is accelerating in Himalayan regions (Immerzeel et al., 

2010, Lutz et al., 2014). 

In the same basin, Shrestha et al. (2016) projected higher streamflow toward the latter 

part of the century. The climate change impact over High Mountain Asia (HMA), 

including the Tibetan Plateau, has been studied under historical periods (1979-2014) 

and projected under four Shared Socioeconomic Pathways: SSP1-2.6, SSP2-4.5, SSP3-

7.0, and SSP5-8.5, using CMIP6 datasets. These investigations revealed a general trend 

of decreasing snow cover and increasing precipitation associated with warming 

(Lalande et al., 2021). 

Climate change presents numerous challenges for water resources, infrastructure 

development, agriculture, and the livelihoods of South Asian regions. These challenges 

have been evaluated using CMIP6 datasets, which project a warmer climate by 3-5°C 

and increased precipitation by 13-30% by the end of the 21st century (Mishra et al., 

2020). It is important to note that the rate of climate change impact analysis depends 

significantly on the choice of GCMs, scenarios, timeframes, study areas, and 

methodologies. Differences in these factors account for variations in changing rates 

when compared to previous climate change studies, even though our results align with 

the overall trends of increasing temperature, precipitation, discharge, evaporation, and 

melting ice. In summary, our findings are consistent with previous research conducted 

in the Himalayas region and High Mountain Asia, including the Tibetan Plateau.
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CHAPTER 5  

5. CONCLUSION AND RECOMMENDATIONS 

5.1 Conclusion 

The model performance of the fully distributed SPHY model and semi-distributed HBV  

and HEC HMS  models was examined with daily observed discharge at Busti station 

with daily inputs. All three models performed according to their features having 

limitations and advantages successfully applied in the Tamakoshi river basin using the 

same hydrological and meteorological data. The performance of hydrological models 

was evaluated through a comprehensive analysis using both graphical and statistical 

methods. All three hydrological models effectively simulated the discharge of the 

Tamakoshi river basin. The calibrated results were similar although the features, 

concept and spatial distribution of models. Both SPHY and HBV  models incorporate 

glacier modules based on the degree day method for the snow and glacier melt. The 

calibration process used five years of daily data records from the Busti station, with the 

same period employed for SPHY validation due to its physically based spatially 

distributed nature. In contrast, HBV  and HEC HMS  models underwent validation 

using a two-year timeframe. This study intentionally focused on these three 

hydrological models as an independent choice. However, it is emphasized that a 

multiple model evaluation approach offers a more robust selection process for achieving 

accurate results, thereby facilitating the informed choice of the most suitable 

hydrological model. Future studies are encouraged to explore numerous models within 

the same timeframe or available data, thus enhancing the overall understanding and 

selection criteria for hydrological modeling. 

In transboundary Himalaya River basins within developing countries, the scarcity of 

hydrological gauging stations and observational data arises from challenges related to 

monitoring, maintenance, and cost. Hydrological information at ungauged basins is 

important to water resources projects. The comparison of fully distributed and semi-

distributed hydrological models i.e.  SPHY, HBV, HEC HMS  is a robust approach to 

estimate discharge at ungauged sites. In the overall comparison of Nash Sutcliffe 

Efficiency, coefficient of determination and volume differences of hydrological 

models’ simulation, the coefficient of determination showed almost similar 
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performance. The SPHY model, characterized by its spatially distributed features, 

demonstrated a highly correlated estimation of ungauged discharge, particularly when 

transferred from two distinct gauged stations. Especially, the SPHY model exhibited 

superior performance at the Rasnalu gauge station (650) compared to the Busti gauge 

station (647).  The ungauged discharge was estimated on a daily, monthly and annual 

basis from upstream to downstream. The low flow was a better match in prediction than 

the high flow, with deviations primarily observed during high flow periods. However, 

hydrological models, despite variations in flow simulation, remained independent due 

to their inherent feature availability. The spatial and temporal coverage of 

climatological station data is limited at the upstream site from Busti gauge station 647 

which covered 71% of the area of total basin area up to Benighat. Although there is one 

rainfall station and two additional stations around the Busti gauging station, the 

deficiency in station data upstream of Busti necessitates further studies. Enhancing 

hydrological simulation capability in ungauged sites can be achieved through the 

incorporation of satellite and reanalysis data. In conclusion, the comparative method 

emerged as a more reliable approach for discharge estimation at ungauged sites within 

the transboundary Himalaya River basin, surpassing the capability of individual 

methods. In such complex and data-limited environments, this emphasises the 

significance continuous simulation and the possible incorporation of alternate data 

sources to further hydrological modelling. 

In this study, water balance, streamflow components, water storage change and their 

trend have been evaluated in Tamakoshi river basin (TRB). The hydrological simulation 

in the basin was effectively conducted using the HBV  model, which demonstrated good 

performance. The model performance indicators, including Nash Sutcliffe Efficiency 

(NSE), Determination (R2), and volume difference (Pbias), were employed to assess the 

accuracy of the model's simulations across various time durations. While the model 

slightly underestimated peak flow, the overall performance remained satisfactory, with 

minimal differences observed between simulated and observed discharge during the 

calibrated 5 year period. The investigation extended to a comprehensive 30 year 

estimation of water balance, water storage changes, and streamflow components at the 

Busti gauging station. The model simulated discharge amounted to 2198 mm, with 

precipitation reaching 2905.64 mm over the basin area. It is worth to note that the TRB 

is monsoon dominant precipitation pattern, with 80% of rainfall occurring during this 
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season, contributing to 74% of the total discharge. The model indicated that streamflow 

contribution was maximum in the summer season and minimum in winter, while 

baseflow contributes in the pre-monsoon season. The water storage changes are positive 

in the water balance at Busti gauging station. In streamflow contribution, rain runoff is 

maximum, whereas snow melt runoff is minimum. The maximum flow occurred in 

August, while the minimum flow occurred in February. Results showed an increase in 

water storage during rainy months and a decreased during the driest months. Therefore, 

the implications of these findings underscore the importance of considering temporal 

fluctuations in water availability and understanding water balance contribution 

components for sustainable development in water resources projects. This study used 

meteorological observations from DHM stations to estimate water balance components 

and water storage changes at the Busti gauging station. Considering the limitations of 

the meteorological station network, satellite and reanalysis meteorological data 

products are suggested for potentially enhanced results. Additionally, future studies 

should explore the potential impacts of climate change on streamflow components and 

their implications for water balance. 

 

The ensemble of 4 GCMs model shows an increase in precipitation for both the SSP245 

and SSP585 scenarios across all time periods. Under the SSP245 scenario, Near Future 

(NF) precipitation is projected to rise by 20%, Middle Future (MF) precipitation by 

25%, Far Future (FF) precipitation by 25%, with end of the 21st century. In the more 

extreme SSP585 scenario, NF precipitation is expected to increase by 21%, MF 

precipitation by 39%, FF precipitation by 69% by end of the 21st century. Similarly, the 

ensemble GCMs model indicates a temperature increase for both SSP245 and SSP585 

scenarios across all time periods. Under SSP245, NF temperature is projected to 

increase by 1.37 ˚C, MF temperature by 2.61 ˚C, FF temperature by 3.27 ˚C with end 

of the 21st century. In the more extreme SSP585 scenario, NF temperature is anticipated 

to rise by 1.65 ˚C, MF temperature by 3.69 ˚C, FF temperature by 6.13 ˚C with end of 

the 21st century. Projections for discharge follow a similar pattern, with an increase 

expected under both SSP245 and SSP585 scenarios. For SSP245, NF discharge is 

projected to increase by 5%, MF discharge by 8%, FF discharge by 5% with end of the 

21st century. Under SSP585, NF discharge is anticipated to rise by 9%, MF discharge 

by 22%, FF discharge by 25%, by end of the 21st century. This climate foresight 

contributes to planning, development and management to effectively operate water 
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resource projects downstream of the Tamakoshi river basin. Numerous hydropower 

projects, lift drinking water projects, irrigation projects and hydraulic structures may be 

beneficial through a better understanding of this study. This study focused on future 

hydro-climatic variability which is significant to designing hydraulic infrastructure in 

the Tamakoshi river basin. 

5.2 Recommendations  

This study adopts the SPHY, HBV light and HEC HMS  models for hydrological 

simulation within the Tamakoshi river basin. To ensure the applicability of these models 

for further studies, a crucial step involves their calibration and validation against glacier 

mass balance, snow cover and long-term discharge data. For simulating streamflow at 

ungauged basin, it is recommended to complement these methods with multiple 

approaches, using reanalysis and satellite datasets. Mainly, the conceptual semi-

distributed HBV  model demonstrates optimal performance, particularly with its glacier 

module features. The selected HBV light model is utilized to simulate water balance 

components within the Tamakoshi river basin, incorporating projections from selected 

General Circulation Models (GCMs). Downscaled datasets from GCMs such as 

CanESM5, NorESM2, MPI ESM1 2HR, and ACCESS CM2 are employed for future 

projections. The study focuses on future streamflow forcing using NorESM2 and MPI 

ESM1 2HR under the SSP245 and SSP585 scenarios. To comprehensively assess future 

climate change impacts, the recommendation is to expand the analysis by incorporating 

more GCMs and considering all available climate change scenarios. This approach 

allows for a more robust evaluation of potential variations in hydrological responses to 

diverse climatic conditions in the Tamakoshi river basin.
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CHAPTER 6  

6. SUMMARY 

Water resources play a significant role in the country's economy. The hydrological 

information required to plan water resources projects is evaluated using hydrological 

models to calibrate and generate streamflow data. The performance of fully distributed 

and semi-distributed hydrological models are Spatial Process in HYdrology (SPHY) 

model, HBV model and HEC HMS  model evaluated by using Nash Sutcliffe Efficiency 

(NSE), Coefficient of Determination (R2), Root Mean Square Error (RMSE), RMSE-

observations Standard deviation Ratio (RSR) and Volume difference (P-Bias). The NSE 

for the SPHY model at Busti was 0.62, at Rasnalu was 0,79, NSE for HEC HMS at 

Busti was 0.78 and HBV  at Busti was 0.77. All three hydrological models were 

calibrated and validated daily and monthly basis successfully with daily observed 

discharge of the Tamakoshi river basin at Busti station and Rasnalu station. The 

simulated discharge during the calibration period is more fit than the validated period. 

Among the statistical parameters during the simulation period coefficient of 

determination is closely matched comparatively. The comparative calibrated and 

validated models will be useful in filling the hydrological data records gap and 

appropriate selection of hydrological models for planning, management and 

development of water resource projects in the Tamakoshi river basin. 

Continuous hydrological records at the desired site with spatial and temporal coverage 

are required for the planning, development and management of applications of water. 

The hydrological simulation used a fully distributed Spatial Process of HYdrology 

(SPHY) model and a semi-distributed HBV light and HEC HMS  hydrological model 

in Tamakoshi river basin. The SPHY, HBV light and HEC HMS  models were 

calibrated and validated at Busti station and Rasnalu station and were done successfully. 

The ungauged discharge predicted at Benighat using SPHY, HEC HMS  and HBV light 

hydrological models were estimated from donor catchments. The ungauged discharge 

is estimated on a daily, monthly and annual basis from upstream gauged stations. The 

low flow prediction is more reliable than the high flow prediction. The deviation 

between predicted flow mostly appeared in high flow periods. All the hydrological 

models simulated ungauged streamflow were similar in flow pattern and discharge at 



112 

 

the ungauged receiver site was greater than donor site.  The comparative method is a 

better alternative method to ungauged discharge estimation than the individual method. 

This research will support future reference to generate streamflow data at the ungauged 

site and fill missing data records for planning, management and development of water 

resource projects up to gauged stations to outlet at Benighat of Tamakoshi river basin. 

Continuous hydrological modeling is significant in estimating the water balance 

component's contribution to streamflow in developing countries. Tamakoshi river is a 

transboundary Himalaya River which is a complex river system due to glacier-fed and 

rain-fed system catchment. The HBV light, the conceptual semi-distributed 

hydrological model is set to simulate daily input parameters in the Tamakoshi river 

basin. The model parameters are calibrated with the lumped system over the basin. 

Change in streamflow depends on their components in temporal variation. However, 

rain runoff is dominant in streamflow was observed. The streamflow contribution of 

HBV light 4.0.0.25 model simulated 62% rain runoff, 20% baseflow runoff, 5% snow 

melt runoff and 13% glacier melt runoff at Busti gauge station in Tamakoshi river basin. 

Seasonally all streamflow components showed maximum contributed in streamflow 

monsoon season (JJAS) and minimum in Winter (DJF) but baseflow was observed in 

Pre-monsoon (MAM). Maximum flow was observed in July and August but baseflow 

was observed in October and minimum flow was observed in February for all 

streamflow contribution components. Maximum water storage change was during 

monsoon season and minimum water storage changed during post-monsoon season. 

The storage was changed with a positive water balance during the simulation period. 

The calibrated and validated model can used for water resource projects and water-

induced disaster management and climate change studies in the future.  

Changing climate directly affects streamflow components on the hydrological cycle via 

changing precipitation and temperature on a global to local scale. The baseline and 

projected streamflow components are affected by changing precipitation and 

temperature in this region. In this study, four General Circulation Models (GCMs) of 

Coupled model Intercomparison Projects (CMIP 6) Assessment Report 6 were used 

with two scenarios for the projection of temperature and precipitation of the Tamakoshi 

river basin. The calibrated HBV  conceptual semi-distributed model investigated 

hydrological regimes based on the bias-corrected in study area Shared Socio-economic 

Pathways scenarios SSP245 and SSP585 of ensembled two General Circulation Models 
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(GCMs) of Coupled model Intercomparison Projects (CMIP 6) Assessment Report 6. 

All GCMs showed temperature and precipitation of both scenarios increased but 

NorESM2 MM scenario SSP245 showed decreasing precipitation.  The streamflow 

components are evaluated on the baseline, Near future (NF), Middle Future (MF), Far 

Future (FF), annual, monthly and seasonal basis. Streamflow leads the mostly mid 

future (MF) projections. The streamflow components precipitation, discharge, actual 

evapotranspiration, rain-runoff, and glacier melt increased but snow melt and baseflow 

runoff decreased with the end of the 21st century. Among the streamflow components, 

glacier melt runoff is heavily affected by changing climate. Precipitation is monsoon-

dominated and governs the river discharge during the summer season.  
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APPENDICES 

APPENDIX -A: SUPPLEMENTRY TABLE OF THESIS 

Table A1: Static Database 

S.N. Static Database 

1 Globcover 2009 land use 

2 Hi-Hydrosoils 

3 Hydrosheds SRTM Dem 

4 Latitude 

5 RGI6 Glaciers 
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Table A2: Hydrological and Meteorological stations of study area. 

  

Meteorological Stations 

Station 

ID 
Location Type Long Lat Elevation Frequency 

1115 Nepalthok Precipitation 85.85 27.42 690 Daily 

1123 Manthali Climatology 86.06 27.39 497 Daily 

1027 Bahrabise Climatology 85.90 27.79 884 Daily 

1101 Nagdaha Precipitation 86.10 27.68 909 Daily 

1102 Charikot Climatology 86.05 27.67 1940 Daily 

1103 Jiri Agrometeorology 86.23 27.63 1877 Daily 

1104 Melung Precipitation 86.05 27.52 1536 Daily 

1124 Kavre Agrometeorology 86.13 27.63 1755 Daily 

Hydrological Stations 

Station 

ID 
Locations Types Long Lat Elevation Frequency 

647 Busti Cable Way 86.08 27.63 849 Daily 

650 Rasnalu Cable Way 86.20 27.58 1520 Daily 
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Table A3: Spatial resolution of selected GCMs 

S. No. Model name 
Latitude resolution 

(degree) 

Longitude resolution 

(degree) 

1 ACCESS CM2 1.25 1.875 

2 CanESM5 2.7906 2.8125 

3 MPI ESM1 2HR 0.9351 0.9375 

4 NorESM2 MM 0.9424 1.25 

 

Table A4: Calibrated parameters of SPHY model in Busti and Rasnalu gauging stations 

Descriptions Calibrated Parameters Busti Rasnalu Units 

Routing Recession Coefficient 0.94 0.96 
 

Ground water 
deltaGW 180 180 

 
alphaGW 0.01 0.01 

 

Glacier 

GlacF 0.9 0.9 mm /0C/day 

DDFDG 2 2 mm /0C/day 

DDFG 4 4 mm /0C/day 

Snow 

SnowSC 0.5 0.5 mm /0C/day 

DDFS 5.5 5.5 mm /0C/day 

Tcrit 0 0 mm /0C/day 

Soil 

Root Layer 10 1600 mm/day 

Sub Layer 10 1600 mm/day 

Capillary Rise 1 2 mm/day 
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Table A5: Calibrated parameters of HEC HMS model in Busti gauging stations 

Calibrated Parameters Value Units 

Intial Storage 1 % 

Max Storage 2 mm 

Crop Coefficient 1 mm 

Incial Deficit 2 mm 

Maximum storage 3 mm 

Constant rate 0.21 mm/hr 

Storage Coefficient 6 hr 

 

Table A6: Calibrated parameters of HBV  model in Busti gauging stations 

Snow Routine Glacier Routine 

Parameters Value Units Parameters Value Units 

TT 2.00 ˚C KSI 0.001 1/∆t 

CFMAX 3.50 mm/∆t˚C dKG 0.01 1/∆t 

SP 0.00 - Kgmin 0.02 1/∆t 

SFCF 0.70 - AG 0.9 mm/∆t 

CFR 0.05 - Response Routine  

CWH 0.50 - PERC 4 mm/∆t 

CFGlacier 1.00 - Alpha  - 

CFSlope 1.00 - UZL 10 mm 

Soil Moisture Routine K0 0.06 1/∆t 

FC 450.00 - K1 0.0003 1/∆t 

LP 0.30 - K2 0.00001 1/∆t 

BETA 4.00 - Routing Routine 

   MAXBAS 1 ∆t 
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Table A7: Bias correction factors for Temperature 

GCMs Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

ACCESS CM2 -0.6 -0.6 -1.2 -2.8 -3.1 -2.5 -2.1 -1.4 -0.9 -1.2 -2.0 -1.1 

CanESM5 -1.0 -1.3 -1.5 -2.0 -2.3 -1.9 -3.3 -2.8 -1.6 -1.9 -1.7 -1.3 

MPI ESM1 2HR -0.9 -0.4 -1.5 -2.7 -3.4 -2.7 -1.7 -1.3 -0.8 -1.0 -1.5 -1.6 

NorESM2 MM -0.2 0.0 -1.8 -2.8 -2.8 -2.5 -1.1 -0.9 -0.8 -2.2 -2.6 -1.4 

 

Table A8: Bias correction factors for Precipitation 

GCMs Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

ACCESS CM2 0.4 0.3 0.6 3.0 3.6 3.0 0.8 0.5 0.8 2.2 0.8 0.3 

CanESM5 0.1 0.1 0.3 0.7 1.6 3.3 6.3 1.2 1.3 0.3 0.1 0.1 

MPI ESM1 2HR 0.4 0.3 0.9 2.9 8.0 2.2 0.8 0.7 1.4 1.8 0.4 0.8 

NorESM2 MM 0.8 1.7 9.4 17.1 6.4 1.0 0.7 0.8 1.2 1.7 1.4 0.7 
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Table A9: Seasonal contribution of Precipitation - Discharge (SSP245 scenario) 

Precipitation DJF % MAM % JJAS % ON % 

Historical 2 14 80 3 

NF 2 13 83 2 

MF 2 11 84 2 

FF 3 15 81 1 

Discharge DJF % MAM % JJAS % ON % 

Historical 7 9 73 10 

NF 6 8 76 10 

MF 6 9 75 10 

FF 6 10 73 10 

 

Table A10: Seasonal contribution of Precipitation - Discharge (SSP585 scenario) 

Precipitation DJF % MAM % JJAS % ON % 

Historical 2 14 80 3 

NF 2 20 75 3 

MF 2 17 79 2 

FF 2 13 84 1 

Discharge DJF % MAM % JJAS % ON % 

Historical 7 9 73 10 

NF 6 12 71 10 

MF 6 11 73 10 

FF 6 10 73 10 
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Hydrological models are widely used and often regarded as reliable tools for
accurately estimating various components of the water balance. In a remote
Himalayan catchment, such as Tamakoshi basin, where limited hydrometric
dataset is available, such models often provide essential insights that are
crucial to water researchers and planners. In this regard, we employed the
semi-distributed HBV-light (version 4.0.0.25) hydrological model for glacierized
Tamakoshi river basin and attempted to quantify various water balance
components. For our model tests, using the daily streamflow records, we
selected two distinct periods, i.e., 2004–2008 as a calibration period whilst
2011–2012 for model validation. Based on our findings, the model was able to
reasonably predict the streamflow (validation efficiency: Nash-Sutcliffe Efficiency
of 0.82 and percent bias −21%). At our site, HBV-light model predicted that the
change in streamflow was mostly governed by monsoonal rain (62%) followed by
baseflow (20%), glaciermelt (13%) and snowmelt (5%). As expected, the streamflow
peaked during the month of August where monsoon-induced rain and melting of
glaciers significantly contributed to river flow. As a result, monsoon period
showcased largest fluctuation in water storage while negligible change was
observed during post-monsoon season. Nonetheless, our findings revealed
that the baseflow contribution to streamflow was maximum during the month
of October and lowest during February. Our findings indicated that the water
balance of the Tamakoshi basin is largely influenced by monsoonal rain during
June–September window as well as baseflow and glacier melt during the dry
season. Runoff components contribution to streamflow was increasing but water
storage changes was decreasing in recent decade (2011–2020). We believe our
findings are crucial for future initiatives involving water resources, water-induced
disastermanagement, and studies of climate changemay benefit from the findings
of this study, especially in a region with limited hydrometric data availability.
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1 Introduction

Water balance and streamflow depend on the different runoff
components of the hydrological cycle and their various forms.
Streamflow consists mainly of two parts: surface flow and sub-
surface flow, where surface flow consists of direct runoff from rain
and snow-glacier melt and sub-surface flow is the infiltration of
water from the soil to sub-soil. Firstly, Thornthwaite and Mather
(1955) introduced water balance models with revisions. The water
balance and hydrological regimes are affected by the changing
climate. Due to the changing climate, the water availability
downstream is changing continuously, in the past and the future
(Bajracharya et al., 2018). Climate change and rising temperatures
have an impact on snow and glacier areas, influencing future water
availability downstream. Snow and glacier areas that significantly
melt contribute to streamflow in snow and glacier-fed river basin
systems (Khadka et al., 2014). The changing climate influences the
hydrological processes that impact river flow regimes and freshwater
availability in catchment-scale hydrology in the Himalayan River
basin (Adhikari et al., 2022).

After the 1960s, hydrological modeling systems were launched
to simulate hydrological processes. Several hydrological models have
been developed in recent years such as HBV model (Bergström,
1976; Bergstrom, 1992), SWAT model (Arnold et al., 1998), JAMS
J2000 model (Krause, 2002), SPHY model (Terink et al., 2015),
GDM model (Kayastha et al., 2020), etc to estimate water balance
and components through model parameterization. The hydrological
models simulate the streamflow components, such as the glacier-
snow melt and cover, evaporation, precipitation and baseflow over
the basin. The classification of streamflow components by different
methods includes empirical or statistical methods and hydrological
modeling; hydrological modeling is a robust approach to the
separation of streamflow components (Wu et al., 2021). Different
hydrological processes such as baseflow, snow-glacier runoff, and
rain runoff are contained in the streamflow components and
contribute to river flow (Khanal et al., 2021). Runoff and its
components are responsible for streamflow and the fluctuations
in runoff from year to year regulate streamflow (Adnan et al., 2022).
Depending on the availability of datasets, snow and glacier melting
in Himalayan areas are conceptualized in simple or complex ways
(Hock, 2003). The change in glacier melt runoff significantly affects
the water availability in the Himalayan River basin (Singh et al.,
2021). Snow melt, discharge, evaporation and snowfall are sensitive
to climate change in the Himalayan River basin, causing an effect on
hydrological regimes (Nepal, 2016). Hydrological phenomena vary
in space and time from sub-basin to basin scale, as well as on daily,
sub-daily, and decadal scales (Khanal et al., 2021). In recent decades,
the Himalayan river basin has observed a rise in the frequency of
extreme streamflow occurrences (Gaire et al., 2022). The
hydrological extremes and water balance components are
changing in different physiographic regions as well as from the
river basin scale to the sub-basin scale (Budhathoki et al., 2021). Few
researches have quantified the contribution of streamflow to the
Himalayan river basin. In a number of these studies, the glacier
model SPHY was used to simulate the contribution of streamflow to
the HMA upstream rivers. The various streamflow components
were included in the SPHY model (Khanal et al., 2021). To close the
gaps left by earlier research in the Tamakoshi River Basin, the

HBV model simulates the contribution of each component to
streamflow.

The purpose of this study is to determine the availability of water
in the Tamakoshi river basin’s hydrological cycle in various forms.
However, changes in water storage, total water balance and
streamflow contribution components are important to the
estimation of water availability. Understanding streamflow
processes is crucial for water resource projects. This study looks
at how rain runoff, baseflow runoff, snowmelt runoff, and glacier
melt runoff affect water balance. The components of streamflow
contribution are changing as a result of changes in hydrological
processes, which has an impact on changes in water storage. The
water balance and its component’s contributions to runoff
estimation and water availability for hydropower, irrigation, and
drinking water planning, development, and management.

2 Study area

The Tamakoshi river is a trans-boundary Himalayan river basin
and one of the main tributaries of the Koshi river basin system,
located in eastern Nepal on the southern slope of the central
Himalayas (Figure 1). The basin is geographically located on

FIGURE 1
Study area (Tamakoshi river basin with black boundary) showing
its topographical map along with its locations of streams with gauging
stations, climate stations and glacier cover used in this study.
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Nepal’s political border in the districts of Dolakha and
Ramechhap. At the Busti gauging station, the basin covers
2,933.29 km2, of which 1,444.57 km2 is on Chinese territory.
Tamakoshi river basin is located 27020’ N to 28020’ N and 85040’

E to 86040’ E with elevations ranging from 849 masl to 6,945 masl.
The climate of this basin is subtropical at lower elevations and
varies to tundra at higher elevations (Karki et al., 2016). This
basin’s runoff and water balance are dominated by the monsoon
rainfall.

2.1 Hypsometric curve (elevation-area
distribution)

Regions with and without glaciers need to simulate the area,
elevation, and aspect. In the catchment setting, the basin area is
divided into 13 elevation zones every 500 m. The height and air
temperature both affect precipitation (rain or snow). In order to
adjust for temperature and precipitation, PCALT should be set at
10%/100 m and TCALT at −0.65/100 m, respectively, as the
elevation rises. The total area to Aspect wise East-west horizontal
is 1,327.85 km2, North oriented area occupied 618.64 km2 and South
oriented area occupied 901.62 km2 among them 253.59 km2 area
covered by the glacier in Tamakoshi river basin. The curve in
Figure 2 depicts the area elevation dispersion.

3 Data and methods

3.1 Input data

For dynamic datasets, observations are precipitation, temperature,
evapotranspiration and discharge from ground stations. These datasets
are collected from the Department of Hydrology and Meteorology
(DHM). The climatic datasets processing in this study using normal
ratio method to fill in the rainfall data (Shrestha et al., 2019a; Shrestha
et al., 2019b), evaporation data was calculated using Thornwaitemethod

based on the mean monthly temperature and the lapse rate method is
used to fill in the temperature data (Adhikari et al., 2022). The dynamic
datasets are discharge and climatic stations used in this research in
Table 1.

HBV model requires mainly dynamic as well as static datasets.
Static datasets are DEM and glacier data. The Digital Elevation
Model (DEM) Shuttle Rader Topographic Mission (SRTM)
Hydrosheds (http://hydrosheds.cr.usgs.gov/) data was used. The
glaciers inventory datasets RGI 6.0 South Asia East is used (RGI
6.0 Consortium 2017).

3.2 HBV model

The Hydrologiska Byrns avdeling for Vattenbalans (HBV),
HBV-light version 4.0.0.25 model is a conceptual approach since
it incorporates some physical processes and basin structure.
Utilizing temperature and precipitation data as inputs, the
Precipitation-Runoff Model assesses stream flow and simulates
streamflow (Vormoor et al., 2018). By combining evaluations of
precipitation, climate, and land use, basin responses to water
balance, flow regimes, climate change, flood peaks and volumes,
the interaction between soil and water, and sediment yields are
assessed (Adhikari et al., 2022). According to Siebert et al. (2012),
the HBV light version features a routine for precipitation in snow,
soil moisture, reaction, and routing that includes lakes and glaciers
(Siebert., 2005). HBV model continuously simulates discharge at
glacierized and non-glacierized zone elevation-wise at the desired
site within the basin area.

3.3 Streamflow components

HBV model simulates the streamflow contribution parameters
in Tamakoshi river basin. The streamflow contribution of the
Tamakoshi river basin is primarily made up of four components:
baseflow runoff, glacier melt runoff, snowmelt runoff, and rain
runoff. The snow formation process depends on critical
temperature. The melt contribution by snow and glacier depends
upon degree day factor. The streamflow contribution at hydrological
station Busti simulated by HBV model is calculated using Eq. 1

QTot � Qrr + Qsm + Qgm + Qbf . . . . . . . . . . . . . . . . . . . . . . . . (1)
where QTot is total contributed discharge, Qrr is discharge
contributed by rain runoff, Qsm is discharge contributed by
snowmelt runoff, Qgm is discharge contributed by glacier melt
runoff and Qbf is discharge contributed by baseflow runoff.

3.4 Water balance storage

The water balance was evaluated by hydrological cycle
components using HBV model. The water balance estimated at
Busti gauging station is based on the principle of water mass
conservation, i.e., entering and discharging of water (Milly, 1994).
The water availability storage is changing spatially and temporally.
The water balance is account for the change in water storage. Water

FIGURE 2
Hypsometric distribution of the area of the study basin.
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balance components simulated by model are discharge (Qsim),
observed discharge (Qobs), precipitation, actual evaporation and
potential evaporation. The changing of water storage is calculated
by using Eq. 2.

ΔS � P − Q − ET . . . . . . . . . . . . . . . . . . . . . . . . (2)
where ΔS changes in storage, P is Precipitation, Q is discharge and
ET is actual evapotranspiration.

3.5 Calibration and validation

The hydrological model HBV light was set up at Tamakoshi
river basin at Busti gauging station (ID 647). With the help of
observed daily discharge records, the model was manually
calibrated. Trial parametrization served as the basis for manual
calibration. The model was calibrated from 2004 to 2008 and
validated from 2011 to 2012 and was evaluated with Nash-
Sutcliffe Efficiency (NSE) (Nash and Sutcliffe, 1970), Coefficient
of Determination (R2), and Volume Difference (Pbias). Using Eq. 3,
NSE can be determined which ranges from infinite ∞ to 1, where
closer to 1 is perfect model efficiency. Coefficient of Determination
(R2) is the fitting of the simulated discharge with the observed
discharge as measured by Eq. 4. Higher values of R2, which range
from 0 to 1, are optimal for fitting. The volume difference between
observed and simulated discharge evaluated by Pbias is less
than ±25 calculated using Eq. 5.

NSE � 1 − ∑n
i�1 Oi − Si( )2∑n
i�1 Oi − �O( )2 . . . . . . . . . . . . . . . . . . . . . . . . (3)

R2 � ∑n
i�1 Oi − �O( ) Si − �S( )������������∑n

i�1 Oi − �O( )2√ �����������∑n
i�1 Si − �S( )2√⎛⎜⎜⎜⎝ ⎞⎟⎟⎟⎠2

. . . . . . . . . . . . . . . . . . . . . (4)

Pbias or PEV � 100% ×
Oi − Si
Oi

[ ] . . . . . . . . . . . . . . . . . . . . . . . . (5)

where Oi is measured observed discharge, Si is simulated discharge,
�O is observed average discharge and �S is simulated average
discharge. The overall methodology adopted in this study is
shown in the flow diagram (Figure 3).

4 Results

4.1 Performance of HBV light model

The HBV light model performed admirably and was
successfully implemented in the Tamakoshi river basin. The
model was calibrated and validated against observed discharge
at the gauging station Busti in daily time step data using a
manual approach based on the trial-and-error process
(Figure 4). In this research, the only dynamic datasets used
were solely observed station data, which was taken from DHM.
The model was calibrated at Busti station (ID 647) in
2004–2008 and validated in 2011–2012. The model
performance at Busti, the Nash-Sutcliffe Efficiency (NSE) is
0.77, Coefficient of Determination (R2) estimated simulated
discharge is 0.77, and the simulated volume (Pbias) is
slightly biased by −3%. Similarly, the model was validated
with the same calibrated parameters and values (Table 2). The
validated performance of the model NSE is 0.82 and R2 estimated
simulated discharge is 0.87, and the simulating volume difference Pbias
is −21%. The validated model performance period is better than the
calibration period. The peak flow is overestimated due to the rating
estimation by the Department of Hydrology and Meteorology (DHM)
and cascading flooding inHimalayan catchments. The river discharge is
not uniformly continuous and regular due to extreme events of
precipitation and physical processes that block the river and stream
at upstream sites. Landslides and debris flow have blocked the river and
small streams, with the majority of landslides causing debris flow
occurring in the summer. In recent years, most infrastructure has
been built without regard for watershed and drainage management.
DHM classified discharge as poor, fair, or good, but there is only fair
discharge at Busti station (ID 647).

4.2 Water balance components contribution
to streamflow

In this study, the streamflow components are primarily classified as
rain-snow precipitation, which is determined by the critical temperature,

TABLE 1 List of hydro-meteorological stations used in the study.

Hydro-Meteorological Stations

Station ID Location Type Long. (DD) Lat. (DD) Elevation (m) Frequency

1115 Nepalthok Precipitation 85.85 27.42 690 Daily

1123 Manthali Climatology 86.06 27.39 497 Daily

1027 Bahrabise Climatology 85.90 27.79 884 Daily

1101 Nagdaha Precipitation 86.10 27.68 909 Daily

1102 Charikot Climatology 86.05 27.67 1940 Daily

1103 Jiri Agrometeorology 86.23 27.63 1877 Daily

1104 Melung Precipitation 86.05 27.52 1536 Daily

1124 Kabre Agrometeorology 86.13 27.63 1755 Daily

647 Busti Discharge 27.63 86.08 849 Daily
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actual evapotranspiration, rain runoff, snowmelt runoff, and glacier melt
runoff. The streamflow components and their contribution to the river
flow at Busti Station are estimated for the 30 years 1991–2020. The

streamflow components are rain, baseflow and snow-glacier melt that
contribute to Busti discharge station in hydrological cyclic processes.
These streamflow components influence river discharge at Busti
hydrological station in terms of monthly, seasonal, and annual variations.

Figures 5A, B showed that the monthly average streamflow
contribution from snow melt ranged from 0.88mm to 27.78mm,
glacier melt contributions ranged from 2.75mm to 58.05mm,
baseflow contributions ranged from 35.40mm to 41.55mm, and rain
runoff contributions ranged from 5.09mm to 476.41mm. Depending on
streamflow, the total dischargemight range from45.01mmto601.05mm.
The results also showed that the rain runoff in August, baseflow in
October, snowmelt in July, and glacier melt in August were the monthly
factors that had the greatest impact on streamflow. Snowmelt in February,
baseflow in February, rain runoff inMarch and glaciermelt in February all
contributed to the lowest monthly streamflow. In terms of the total
discharge, the highest streamflow occurred in August and the lowest
discharge occurred in February. The analysis reveals that from June to
October, rain runoff predominates, while from November to May,
baseflow predominates in terms of total streamflow.

Figures 5C, D showed that the seasonal streamflow contribution
from snow melt ranged from 3.56 mm to 90.12 mm, glacier melt
contributions ranged from 15.48 mm to 195.53 mm, baseflow
contributions ranged from 81.23 mm to 156.02 mm, and rain runoff
contributions ranged from 28.94 mm to 1,272.83 mm. Depending on
streamflow, the total discharge might range from 161.66 mm to
1714.49 mm. The results showed that streamflow components

FIGURE 3
Flow chart of methodology.

FIGURE 4
Daily observed (black) and HBV-light simulated (red) streamflow during the: calibration (2004–2008, (A) and validation (2011–2012, (C) for the
Tamakoshi river basin. Scatter plots show the fit between the observed and simulated values for the calibration (B) and validation (D) periods.
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contribution is generally maximum during the summer season (JJAS),
with minimum streamflow varying according to contribution
components in the winter (DJF) and pre-monsoon (MAM) seasons.
Similarly, rain runoff contributes the most to total streamflow, while
snowmelt contributes the least. Although baseflow contributed during
the pre-monsoon season, streamflow contribution peaked during the
monsoon season and then declined in winter. The seasonal maximum
streamflow contribution in monsoon season 74% and minimum
streamflow occurred in winter 7% but baseflow contributed in post-
monsoon season (Supplementary Figure S1A).

Figure 5E showed that the snow melt contribution to the annual
simulated streamflow varied from 62.88 mm to 211 mm; glacier melt
contribution varied from 217.08 mm to 358.05 mm; baseflow varied
from 424.26 mm to 494.28 mm, and rain runoff varied from
836.10 mm to 1845.51 mm. Annually, the contributions from the
runoff component were as follows: the snowmelt contribution was
highest in 1998 and lowest in 1995; the contribution fromglaciermelt to
streamflow was highest in 2016 and lowest in 1997; the contribution
from rain runoff was highest in 2000 and lowest in 2009, and the
contribution from baseflow to streamflow was highest in 2020 and
lowest in 1991. The total runoff contribution to streamflow at Busti was
at its maximum in 2016 with a value of 2,777.11 mm and at its
minimum in 2009 with a value of 1,690.17 mm. Among the water
balance components relatively rain runoff contribution was maximum,
i.e., 62%, then gradually baseflow 20%, glacier melt 13% and snowmelt
5% contribute to cumulative streamflow (Supplementary Figure S1B).

The decadal change shows the changes in different water
components and variables over the past 3 decades (1991–2020).
The Supplementary Table S2 includes the values of glacier melt,
snowmelt, baseflow, rain runoff, and total discharge. Firstly, in the recent
decade (2011–2020), the maximum contributions were observed from
the runoff components, including snowmelt (116.63 mm), glacier melt
(317.94 mm), baseflow (479.65 mm), and rain runoff (1,544.88 mm) and

total discharge (2,459.11 mm). Secondly, the minimum contributions
from the runoff components were snowmelt (107.53 mm), rain runoff
(1,292.27 mm) and total discharge (2,161.38 mm), observed in the
previous decade (2001–2010) of the past 3 decades. Similarly, the
minimum values for glacier melt (282.80 mm), and baseflow
(442.45 mm) were observed in the previous decade (1991–2000).

4.3 Water balance storage

The availability of water components in the hydrological cycle
estimated bymodel simulation should be reasonable; however, there are
some differences between observed and simulated discharge due to
WMO standard meteorological network availability, real-time data,
complex territory, data collection, and rating estimation. The change in
water balance storage at Busti station is estimated to have occurred over
a 30-year period from 1991 to 2020. The principle of mass conservation
governs water balance storage: incoming water equals outgoing water,
where incoming water is precipitation and outgoing water is discharge
and evaporation of water bodies. Eq. 2 is used to compute the changing
water storage in the Tamakoshi river basin at the Busti gauging station.
The components of streamflow are precipitation, evaporation, total
discharge from rain runoff, baseflow, snowmelt, and glacier melt runoff,
which are responsible for water storage changes. The water storage
varied temporally, as in annually, seasonally, monthly, and decadal.

Figure 6A showed that from April to August, the water
balance storage was positive, but the subsequent month’s
statistics revealed a decrease in the water balance storage. The
incidence of precipitation led to a negative water balance storage. In
the basin’s water balance, maximum water storage was reached in July
at 253.49 mm, and minimum water storage was reached in October
at −142.89 mm. From September to March, the monthly water balance
storage contributed to streamflow supplemented by groundwater,
where groundwater is recharged by falling precipitation and snow-
glacier processes. Water is mostly stored from April to August, and less
water is stored from September to December.

Figure 6B demonstrated that the water balance was positive during
the pre-monsoon and monsoon seasons and negative during the post-
monsoon and winter seasons. The post-monsoon season has the least
amount of water storage with a value of −251.05 mm compared to the
monsoon season which has a water storage of 449.26 mm. Precipitation
was found 81%, 14%, 3%, and 2% in monsoon, pre-monsoon, post-
monsoon and winter season respectively on water balance storage in
basin (Table 3). Also, 74% total discharge occurred in monsoon season,
11% in post-monsoon season, 7% in winter season and 8% in pre-
monsoon season on streamflow contribution on water balance storage.
Similarly, 40% evapotranspiration occurred in monsoon season,
20% in post-monsoon season, 14% in winter season and 25% in
pre-monsoon season on water balance storage in basin.

Similarly, Figure 6C showed that the water balance was positive
during most of the years with a few exceptions. In the basin’s water
balance, maximum water storage was reached in the year 2002 with
447.35 mm, and minimum water storage was reached in the year
2012 with −122.81 mm. Decadal maximum changes in water storage
(216.29 mm) were observed in the previous dacade (1991–2000) while
the minmum changes in water storage (78.09 mm) were observed in the
recent decade (2011–2020) of the past 3 decades (Supplementary
Table S2).

TABLE 2 Optimized Values of the different model parameters HBV-light during
calibration.

Snow routine Glacier routine

Parameters Value Units Parameters Value Units

TT 2.00 ˚C KSI 0.001 1/Δt

CFMAX 3.50 mm/Δt˚C dKG 0.01 1/Δt

SP 0.00 - Kgmin 0.02 1/Δt

SFCF 0.70 - AG 0.9 mm/Δt

CFR 0.05 - Response Routine

CWH 0.50 - PERC 4 mm/Δt

CFGlacier 1.00 - Alpha -

CFSlope 1.00 - UZL 10 mm

Soil Moisture Routine K0 0.06 1/Δt

FC 450.00 - K1 0.0003 1/Δt

LP 0.30 - K2 0.00001 1/Δt

BETA 4.00 - Routing Routine

MAXBAS 1 Δt
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5 Discussion

Using the HBV model, this study investigated the temporal
variation of the water balance component’s contribution to
streamflow and water storage changes in the Tamakoshi river
basin. Previously, limited research in the same basin was
conducted using the SWAT model to investigate the climate
change impacts on hydropower development and the SRM model
to analyze the climate change impact on glacier and snowmelt
contributions (Shrestha et al., 2016; Khadka et al., 2014). SWAT
model didn’t include a glacier input feature; therefore, the model
didn’t simulate the glacier melt runoff during hydropower impact
analysis, although SWAT included using the T-index approach to
estimate the meltwater contribution from snow and glaciers

(Thakuri and Salerno, 2016). Hydrological modeling has been
biased to simulate the baseflow and rain runoff flow
contributions to streamflow in past studies, which are important
to winter and monsoon streamflow. This study investigated the
effects of streamflow components (rain runoff, baseflow, snow and
glacier melt contribution to water balance and water storage change
at Busti gauging station) using the HBV model with station data.
There had previously been no research in the Tamakoshi river basin
using this combination of research designs.

SPHY model simulations simulated runoff component
responses in the glacierized Narayani river basin at Devghat.
This model successfully simulated four runoff components: rain
runoff, baseflow, snowmelt, and glacier melt runoff. According to
Khanal et al. (2021) and Wijngaard et al. (2017), the contribution

FIGURE 5
Monthly (A), seasonal (C) and annual (E) variations in simulated streamflow components where snow and glacier melt contribution are shown in
monthly (B) and seasonal (D) variations.
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of rain runoff to streamflow is 63%–65%. Baseflow is approaching
21%, with snowmelt contributing 9%–12% and glacier melt
contributing 3%–4%. This study closely matches the
contribution of baseflow and rain runoff to streamflow, but
the results of the contribution of snow and glacier melt to

streamflow varied because the Narayani basin has an area
coverage that is approximately 37 times greater than that of
the Tamakoshi river basin, even though the total melting
contribution is almost certainly similar. According to Zhang
et al. (2022), rain runoff dominates total streamflow at

FIGURE 6
Water storage at the monthly (A), seasonal (B), and annual (C) time scale.

TABLE 3 Seasonal water balance storage components.

Components Winter (%) Pre-monsoon (%) Monsoon (%) Post-monsoon (%)

Total Discharge 7 8 74 11

Precipitation 2 14 81 3

Evapotranspiration 14 25 40 20
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downstream stations, but snow and glacier melt predominate at
upstream stations in the Himalayan drainage basins
(Mukhopadhyay and Khan, 2015). As a result, the runoff
contribution to streamflow by components is not uniform;
there are differences. For example, In the Gilgit river basin,
glacier melting is at its highest, or 45%, while baseflow
gradually drops to 27%, snowmelt to 24%, and rain runoff to
5% (Adnan et al., 2022).

Our findings closely match the pattern of streamflow
contribution, but the percentage of contribution varies slightly
due to the basin’s area coverage. Our results show that rain
runoff contributes 62%, baseflow contributes 20%, snowmelt
contributes 5%, and glacier melt contributes 13% of total
streamflow in the Tamakoshi river basin. The majority of
streamflow components contribute during the summer season,
but snowmelt contributions are more prevalent during the pre-
monsoon season and glacier melt contributions are more prevalent
during the post-monsoon season. The contribution of snow and ice
melting to streamflow was 17.7% annually while in the spring season
(24.7%), summer season (17%), autumn season (16.4%), and winter
season (30.9%) (Khadka et al., 2014). Our research, however,
revealed that the contribution to overall streamflow made by
snow and glacier melting in the winter is minimal and peaks in
the post-monsoon season. Our results differed from the melting
contribution to streamflow because there are two processes of runoff:
surface and subsurface, which are different runoff contributors; glacier
melting, baseflow, and rain runoff were not categorized; and Khadka
et al. (2014) estimated only snow and ice melting contributions. Snow
is not converted directly to surface runoff; instead, it is transformed
into glacier and groundwater recharge storage. The melting processes
of snow and glacier-fed river basins rely on heat energy for surface
runoff and subsurface runoff contribution to streamflow (Lang, 1986).
The model simulation period was 10 years, but our simulation
duration was 30 years. Observed baseflow is the dominant flow of
total streamflow during winter and pre-monsoon, and rain runoff is
the dominant flow during monsoon and post-monsoon. The results
show that rain runoff dominates total streamflow fromMay to October,
while baseflow dominates total streamflow from November to April.
Maximum snowmelt and glacier melt were observed during pre-
monsoon and post-monsoon total streamflow. The river basin
where most of the precipitation occurred in the summer season, the
Ganga river basin, is 71% (Khanal et al., 2021). It states that
precipitation is dominant in the summer season, which is similar to
our results, but the amount of rainfall received quietly differed from our
results because the area coverage of the Ganga river is greater than that
of the Tamakoshi river. Tamakoshi river basin receives 80% of its water
during the monsoon season (Khadka et al., 2014). Similarly, 80% of
rainfall falls during the monsoon season, which is closely related to our
findings. April-August water storage change is positive and September-
March shows the negative water storage change simulated by using the
same modeling approach as the other two models, SWAT and
BTOPMC, in the KV watershed (Thapa et al., 2017); our result is
completely similar to that result. Streamflow is dominant in the summer
season compared with the dry season because the maximum
precipitation occurs in summer season (Shrestha et al., 2016). Our
results show that 78% of streamflow occurred in the summer season.
Themajority of streamflow occurred during the summer. Thus, runoff

component’s contributions to changes in streamflow and water
balance storage vary depending on the characteristics of the
basin. The river discharge usually increases in the high
Himalayan river basin due to an increase in melt and liquid
precipitation fraction (Manabe et al., 2004; Khanal et al., 2021).
Similarly, our results showed the decadal changes that the water
input to the system has been increasing over time. The
streamflow components were increasing in the most recent
decade than the previous decades. However, water storage
changes were observed to decrease throughout the decades.
Water storage changes decreasing in the recent decade due to
the increase in runoff components contribution to river discharge
and evaporation.

This research attempted to determine the temporal variation of
the simulated water balance component’s relative contributions and
water storage changes on streamflow in the Tamakoshi river basin.
The response of water balance components and changing water
storage is significant for estimating water availability in downstream
basins and for further research in other basins as needed.

6 Conclusion

In this research, water balance, streamflow components, water
storage change and their trends have been evaluated in the
Tamakoshi river basin (TRB). In the basin, the HBV 4.0 model
performed well for hydrological simulation. Nash-Sutcliffe Efficiency
(NSE), Determination (R2), and volume difference (Pbias) are employed
as the model performance indicators. Overall durations, the flow
pattern was almost perfectly replicated by the model. Overall, the
model is underappreciated, but it is adequate. There are slight
variations between the calibrated period’s simulated and observed
discharge throughout the course of 5 years. The water balance, water
storage change and streamflow components were estimated at gauging
station Busti during a 30-year period. The discharge predicted by the
model is 2,198 mm, and the basin-wide precipitation total was
2,903.52 mm. Rainfall in the river basin is predominately
monsoonal, with an average rate of 80% leading to 74% of the
discharge taking place during the monsoon season.

Although baseflow contributes during the pre-monsoon season,
the simulated streamflow contribution is maximum in the summer
and minimum in the winter. The Busti gauging station’s water
balance has improved as a result of the storage improvements. Rain
runoff contributes the most to streamflow, whereas snowmelt
contributes the least. The flow was at its highest in August and
its lowest in February. Results showed that water storage increased
during rainy months and decreased during dry months.

As a result, water resource project planners and developers
should base their decisions on the temporal variability of water
availability and its contribution components to sustainable
development. This study makes use of meteorological observation
fromDHM stations to estimate the components of the water balance
and the changes in water storage at the Busti gauge station. Since the
network of meteorological stations cannot be tolerated, satellite and
reanalysis meteorological data products may produce superior
results. It is also advised to consider how future climate change
may affect the components of streamflow and water balance.
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ABSTRACT

The availability of continuous hydrological records, both spatially and temporally, is often limited. This research employed a fully
distributed Spatial Process in HYdrology (SPHY) model within the Tamakoshi River Basin to address this gap. The SPHY model was
calibrated from 2004 to 2008 with NSE 0.62 at Busti station of Tamakoshi [2933.29 km2] and validated from 2004 to 2008 with NSE
0.76 at Rasnalu station of Khimti [322.58 km2]. Conversely, SPHY model was calibrated from 2004 to 2008 with NSE 0.79 at Rasnalu
station of Khimti and validated from 2004 to 2008 with NSE 0.61 at Busti station of Tamakoshi. The observed annual average discharge
at Busti station was 1632 m3/s and Rasnalu station was 261 m3/s during the simulation period. The annual average discharges at Benighat
[862.09 km2 downstream] transferred from Busti and Rasnalu models are 1963.1 m3/s and 1961.32 m3/s, respectively. Daily streamflow
generated at Benighat from Busti and Rasnalu stations, closely aligns and perfectly matches and highly correlates, with the coefficient of
determination 0.99. SPHY model is a good technique for prediction of flows in ungauged basins of Himalayan region. The SPHY model
emerges as a robust technique for predicting discharge within the Himalayan River basin. This research holds the potential to serve as a
valuable reference for generating streamflow data at ungauged locations, that are vital for planning, management and development of water
resource projects.
Keywords: SPHY model, Ungauged River, Trans-boundary, Himalayan River Basins.

1. Introduction

Nepal has plentiful water resource coverage with three
major perennial river systems (snow-fed), and several
medium-sized (non-snow-fed) to small-size river basins
along the country. However, several basins in Nepal are
currently ungauged and do not match the World Meteo-
rological Organization’s (WMO) requirements for station
network density (WMO, 2008). For hydrological and
meteorological activities in terrains based on temperate
Mediterranean and tropical zones, plains of comparable
zones, and dry and polar regions, the WMO has established
a baseline number of stations. Specifically, these regions
should have one station for every 25-100 km2, 600-900
km2, and 1500-10,000 km2 respectively (WMO, 2008).
Notably, it is challenging to install and maintain instrumen-
tation for real-time data retrieval from gauged or ungauged
sites in data-scarce situations and inaccessible mountain-
ous terrain regions due to the intricate interconnectedness
of larger hydrological networks and smaller catchments.

∗Corresponding author: Suraj Shrestha,
theshrestha.amigo@gmail.com

As a result, hydrological modeling may be used as a po-
tential replacement strategy (Terink et al., 2015).

For continuous daily and monthly streamflow model-
ing in ungauged catchments, the combination of parameter
transfer and drainage area ratio methods may be more ef-
fective than either approach alone in terms of efficiency
(Li et al., 2019). Although several techniques have been
used in the past to regionalize streamflow in ungauged
basins, the physical characteristics of these catchments
continue to make it difficult to obtain accurate streamflow
data (Waseem et al., 2015). When comparing low flow
estimates to high flow estimates in the central Himalayas,
regionalization of flow duration curves that takes into ac-
count climate conditions and basin peculiarities produces
lowered and ordinary persistent streamflow estimates (Pan-
thi et al., 2021). The configuration and support of station
networks are hampered by the political complexity of trans-
frontier river areas in the scenery of the Nepalese river
system, which is closely connected to the trans-Himalayan
region. Successful water management downstream is ham-
pered by these obstacles. Gaining knowledge of central
basin factors such as annual precipitation, slope, channel
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length and elevations is necessary to account for increases
in unmeasured streamflow. These factors have a significant
impact on enhanced estimating techniques (DHM, 2004;
Li et al., 2019; WECS/DHM, 1990).

The use of reliable hydrological models and suitable re-
gionalization approaches is of the utmost importance when
dealing with the complex issue of forecasting streamflow,
particularly in cases when gauges are absent (Kim and
Kaluarachchi, 2008). Despite the fact that a number of
hydrological models are easily changeable both within and
outside of their normal range (Bergstrom, 2006), inconsis-
tencies may still happen due to the variety of calibration
operations and distinguishing features (Van Liew and Mit-
telstet, 2018). A number of modeling techniques have been
enhanced by utilising the regionalization process, which
transfers data from gauged areas to those where gauges are
absent, in order to improve regular estimates of streamflow
in lacking-gauge basins (Razavi and Coulibaly, 2016). Ev-
idently, rather than relying on empirical equations, these
methods are predominantly included in hydrological mod-
els (Clark et al., 2017). Nevertheless, the SPHY model
offers a thorough solution and incorporates dispersed fea-
tures that are helpful for simulating endless unmeasured
discharge states.

In this study, the spatially distributed hydrological model
(SPHY), which could transfer continuous streamflow to an
ungauged basin, is used to examine the applicability of in-
situ data to estimate ungauged discharge from the donor
to the target site. The main aim of this study is to use a
hydrological modeling system to determine the suitability
of ungauged streamflow data.

2. Data and Methods

2.1. Study Area

Tamakoshi River is a transboundary Himalayan river
basin, which is one of the main tributaries of the Koshi
River basin system of Nepal (Figure 1). Tamakoshi River
basin has an elevation range from 455 masl to 6945 masl.
Tamakoshi River Basin originated from the Tibetan plateau
and merges with Sunkoshi River at Benighat. Tamakoshi
River Basin lies in Dolakha and Ramechhap districts of
Nepal. The total basin occupies 4117.96 km2 up to Be-
nighat before merging with Sunkoshi River. There are two
discharge gauging stations upstream of Benighat: one in
Tamakoshi at Busti having a basin area of 2933.29 km2 and
another in Khimti at Rasnalu having a basin area of 322.58
km2. The remaining area of 862.09 km2 downstream of
the Tamakoshi River Basin is ungauged up to Benighat
before it merged with Sunkoshi River. The Tamakoshi
River Basin extends from the high Himalayas to the Silwa-
lik range (Khadka et al., 2014). The climate of the basin
typically varies from tundra to tropical (Karki et al., 2016).

2.2. Data Used

SPHY model uses mainly two kinds of data sets: static
and dynamic datasets. These are land use/land cover
(LULC) map, soil map, digital elevation model and hydro-
meteorological parameters precipitation, temperature (av-
erage, minimum and maximum) and discharge. The
Globecover (2009) dataset is open source. Digital Eleva-
tion Model (DEM) of Shuttle Rader Topographic Mission
(SRTM) 3 arc seconds is hydrologically conditioned. The
glaciers inventory outlines RGI 6.0 South Asia East is used
(Consortium, 2017).

The dynamic datasets like precipitation, minimum and
maximum temperatures and discharges are collected from
the Department of Hydrology and Meteorology (DHM).
The missing rainfall data are filled using Normal Ratio
Method and temperatures using lapse rate of 0.0065 °C/m.
The dynamic datasets of discharge and climatic stations
used in this research are quantified in Table 1 and their
geographical locations are presented in Figure 1.

2.3. Model Description

SPHY model is a spatially distributed cell-by-cell basis
leaky bucket type of model. SPHY model simulates large-
scale basin-to-catchment scale hydrology. SPHY model
is glacier module concept (Terink et al., 2015). For snow
processes three steps were involved: snow and rainfall
depending on the threshold of temperature, snowmelt, re-
freezing and storage using the degree day approached and
snowmelt runoff when air temperature above the melting
point for each grid cell. The glacier processes involved
glacier melt used degree day approaches, glacier perco-
lation was ground water and glacier runoff from glacier
melting processes from both debris-covered and free zone.
Soil water process involved three steps root zone layer, sub-
zone and groundwater layer. During the soil water process
involved surface runoff, actual evapotranspiration, lateral
flow, percolation, groundwater recharge and baseflow oc-
curred. The total runoff routing is the summation of the
flow of these processes. SPHY model simulates the total
runoff from each setup from the desired outlet of the basin.
Each and every runoff is routed downstream using a simple
recession coefficient. The meteorological stations and out-
lets create in respective locations in delineated watersheds
of cloned DEM. The locations of meteorological stations
require bilinear interpolation for the interpolation method.
Outlets of each subbasin are mandatory to place and must
located on the river network. The Accuflux function of
SPHY model the determines flow accumulation for total
discharge in locations of outlets in the river network.

2.4. Runoff Routing

In streamflow routing is referred to transport of water
through an open-channel system network. Since unsteady
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Fig. 1. Hydrological and Meteorological stations of Tamakoshi River Basin.

flow from open channel, streamflow routing often involves
complex partial differential equations. SPHY model cal-
culates the accumulated amount of water for each cell that
flows out of the cell by cell into downstream cell. The ac-
cuflux PCRaster built-in function in SPHY model, which
calculates the accumulated runoff from its upstream cells
for each cell, including the specific runoff generated within
the cell itself. SPHY model implements a flow recession
coefficient (kx (–)) that accounts for flow travel time, which
can be a result of the channel friction. Using this coeffi-
cient Kx, the river flow in SPHY is calculated using the

following three equations below.

𝑄𝑡𝑜𝑡∗ =
𝑄𝑇𝑜𝑡 .0.001.𝐴

24.3600
(1)

𝑄𝑎𝑐𝑐𝑢, 𝑡 = 𝑎𝑐𝑐𝑢 𝑓 𝑙𝑢𝑥(𝐹𝑑𝑖𝑟, 𝑄𝑡𝑜𝑡∗) (2)

𝑄𝑟𝑜𝑢𝑡, 𝑡 = (1−𝐾𝑥) .𝑄𝑎𝑐𝑐𝑢, 𝑡 + 𝑘𝑥.𝑄𝑟𝑜𝑢𝑡, 𝑡 −1 (3)

where, Q tot* (m3/s) the specific runoff on day t, QTot
the specific runoff in mm on day t, A (m2 ) the grid-cell
area, Qaccu,t (m3/s) the accumulated streamflow on day t
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Table 1. Hydrological and Meteorological stations.

Meteorological Stations

Station ID Location Type Long Lat Elevation Frequency

1115 Nepalthok Precipitation 85.85 27.42 690 Daily
1123 Manthali Climatology 86.06 27.39 497 Daily
1027 Bahrabise Climatology 85.90 27.79 884 Daily
1101 Nagdaha Precipitation 86.10 27.68 909 Daily
1102 Charikot Climatology 86.05 27.67 1940 Daily
1103 Jiri Agrometeorology 86.23 27.63 1877 Daily
1104 Melung Precipitation 86.05 27.52 1536 Daily
1124 Kavre Agrometeorology 86.13 27.63 1755 Daily

Hydrological Stations

Station ID Locations Types Long Lat Elevation Frequency

647 Busti Cable Way 86.08 27.63 849 Daily
650 Rasnalu Cable Way 86.20 27.58 1520 Daily

without flow delay taken into account, Qrout,t (m3/s) the
routed streamflow on day t, Qrout,t-1 (m3/s) the routed
streamflow on day t-1, F the flow direction network, and
kx (–) the flow recession coefficient. kx has values rang-
ing between 0 and 1, where values close to 0 correspond
to a fast-responding catchment, and values approaching 1
correspond to a slow-responding catchment.

2.5. Model Simulation

The SPHY model was calibrated on a manual and trial
basis. SPHY model calibrated with observed discharge
at Busti station of Tamakoshi river basin and validated
at Rasnalu station of Khimti Khola watershed from 2004
to 2008. Similarly, the model was calibrated at Rasnalu
station of Khimti Khola watershed and validated at Busti
station of Tamakoshi river basin from 2004 to 2008. The
same model was calibrated and validated in the same basin
with same parameters (Terink et al., 2017).

The continuous flows were transposed by calibrated and
validated SPHY model in upstream station Busti and Ras-
nalu downstream of these stations to Benighat. Busti and
Rasnalu is donor basin to Benighat where Benighat is the
total stream flow receiver of Tamakoshi river basin.

This study has two approaches to ungauged flow esti-
mation that is the flow simulated from Busti station and
another flow simulated from Rasnalu station due to spa-
tial distributed features of SPHY modeling system. On
the basis of calibrated gauged stations, streamflow were
transposed from both stations model simulated flows at
Benighat. SPHY model parameters were calibrated at sta-
tion for better performance but total runoff at Benighat was
estimated without calibration on the basis of calibrated pa-
rameters of gauged stations.

The model performance was evaluated by Nash Sutcliffe
Efficiency (NSE), simulated discharge was evaluated with

observed discharge by statistical parameter through coef-
ficient of determination (R2) and the volume difference
between observed and simulated was evaluated by Pbias.

2.6. Performance of Model Evaluation Methods

The SPHY model is evaluated by the Nash Sutcliffe Ef-
ficiency (NSE) (Nash and Sutcliffe, 1970). NSE is ranging
from -∞ to 1, the better performance if the model is closer
to 1 is an excellent fit.

𝑁𝑆𝐸 = 1−
∑𝑛

𝑖=1 (𝑂𝑖 − 𝑆𝑖)2∑𝑛
𝑖=1

(
𝑂𝑖 − 𝑂̄

)2 (4)

The variation of simulated and observed discharge by
SPHY model was evaluated by the coefficient of deter-
mination (R2). The range of coefficient of determination
(R2) is 0 to 1, closer to 1 is the best fit.

𝑅2 =

©­­­­«
∑𝑛

𝑖=1 (𝑂𝑖 −𝑂) (𝑆𝑖 − 𝑆)√︂∑𝑛
𝑖=1

(
𝑂𝑖 −𝑂

)2
√︂∑𝑛

𝑖=1

(
𝑆𝑖 − 𝑆

)2

ª®®®®¬
2

(5)

The goodness of fit between simulated discharge by
SPHY model and observed discharge was calculated us-
ing the percent of bias (Pbias).

𝑃𝑏𝑖𝑎𝑠 = 100×
[
𝑂𝑖 − 𝑆𝑖
𝑂𝑖

]
(6)

where, Oi is measured observed discharge, Si is simulated
discharge, O is observed average discharge and S is simu-
lated average discharge.

3. Results and Discussion

3.1. Gauged Simulation

The SPHY model performed at Busti gauging station
efficiency with Nash Sutcliffe Efficiency (NSE) equal to
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Fig. 2. Hydrograph of calibrated model with observed discharge (A)
and Scatter plot (B) at Busti, hydrograph of validated model (C) and
Scatter plot (D) at Rasnalu.

0.62, coefficient of determination (R2) of the observed dis-
charge and simulated discharge equal to 0.76 and simulated
volume biases with observed discharge (Pbias) equal to
26%. The validation at Rasnalu station achieved model ef-
ficiency of NSE equals to 0.76, R2 equals to 0.76 and Pbias
equals to 4%. The model performance NSE and volume
differences Pbias was better results in validated period than
calibrated period but R2 is similar between validated pe-
riod and calibrated period. The hydrographs of calibrated
and validated discharge at both stations underestimated the
peak discharge during rainy months. This perhaps be due
to the input data quality, model assumptions, local con-
ditions, uncertain input data and insufficient data during
extreme events (Tigabu et al., 2023). The calibrated and
validated hydrograph with their respective scatter plots of
Busti station are presented in Figure 2.

Similarly, SPHY model calibrated at Rasnalu station
achieved model performance with NSE equals to 0.79, R2

equals to 0.79 and Pbias equals to 4%. The validation at
Busti station was performed with NSE equals to 0.61, R2

equals to 0.76 and Pbias equals to 26%. The hydrograph of
calibrated and validated discharge at both stations shows
the underestimated discharge during rainy months. This
might be due to the input data quality, model assumptions,
and local conditions (Tigabu et al., 2023; Nguyen et al.,
2022; Abbaspour et al., 2019). SPHY model shows better
simulation to low flow than high flow. The model efficiency
NSE, R2 and Pbias were better simulated in calibrated
period than validated period. The calibrated and validated
hydrographs with their respective scatter plots of Rasnalu
station are presented in Figure 3. SPHY model was better
performed in the Rasnalu gauging station than in the Busti
station.

SPHY model underestimated the peak discharge at Busti
station. This discrepancy could potentially be attributed to

Fig. 3. Hydrograph of calibrated model with observed discharge (A)
and Scatter plot (B) at Rasnalu, hydrograph of validated model (C) and
Scatter plot (D) at Busti.

both discharge stations’ statistics falling within the ’fair’
category based on DHM’s assessment of discharge data,
categorized as poor, fair, or good. Additionally, the me-
teorological stations observed in the Busti watershed may
not be sufficiently representative of the entire watershed’s
actual conditions.Furthermore, in the Himalayas basin, the
cascading type of hazard has recurrently manifested (Ad-
hikari et al., 2023; Talchabhadel et al., 2023) due to extreme
events leading to the obstruction of river network runoff.
The parameters were calibrated and validated with values
quantified in Table 2. The routing parameter recession co-
efficient (Kx) and groundwater parameters delta GW and
alpha GW were more sensible parameters in the basin dur-
ing calibration process.

3.2. Ungauged Simulation

The presence of discharge gauging stations is crucial for
improving the calibration and validation of hydrological
models for ungauged basins. Accurate calibration is dif-
ficult to achieve without these stations and because data
records have gaps. Even in situations when calibration is
not used, hydrological models discover their calibration
efficacy within a range of conditions, both inside and out-
side of that range (Bergstrom, 2006). Here in this study,
SPHY model parameters of calibration are independent
within range at gauged stations (Table 2). The comparison
of streamflow transposed at Benighat from two calibrated
gauged stations Busti and Rasnalu showed the highly cor-
related streamflow records.

Figure 4 showed that daily streamflow generated at Be-
nighat from Busti and Rasnalu SPHY models are closely
aligned and perfectly matched. The scatter plot between
flow simulation from Busti and Rasnalu highly correlated
flow and coefficient of determination by 0.99.
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Table 2. Calibrated parameters.

Descriptions Calibrated Parameters Busti Rasnalu Units

Routing Recession Coefficient 0.94 0.96

Ground water deltaGW 180 180
alphaGW 0.01 0.01

Glacier
GlacF 0.9 0.9 mm /°C/day
DDFDG 2 2 mm /°C/day
DDFG 4 4 mm /°C/day

Snow
SnowSC 0.5 0.5 mm /°C/day
DDFS 5.5 5.5 mm /°C/day
Tcrit 0 0 mm /°C/day

Soil
Root Layer 10 1600 mm/day
Sub Layer 10 1600 mm/day
Capillary Rise 1 2 mm/day

Fig. 4. Scatter diagram of transposed discharge from Busti station and
Rasnalu station.

The daily average observed discharges of donor catch-
ments at Busti and Rasnalu stations were 138.72 m3/s and
21.88 m3/s respectively. The daily average discharges at re-
ceiver Benighat basin transferred by SPHY models of Busti
and Rasnalu are 164.35 m3/s and 164.18 m3/s respectively.
The daily estimated discharges from 2004 to 2008 are plot-
ted in Figure 5a. This figure showed that the daily flow
transposed from two calibrated sites to an ungauged site
perfectly matched. The flow pattern of the ungauged flow
is completely aligned as aforementioned. The continuous
daily flow simulation at the ungauged site is complicated
due to erratic behavior of rainfall although distributed fea-
ture of model is a good approach for ungauged continuous
data generation.

Figure 5b showed that the lowest flow was estimated in
February and maximum discharge was simulated in August
at Benighat for both transposed from both gauging stations.
Table 3 showed that rising discharge in May and reces-
sion discharge in November transposed from both gauged
stations at Benighat. Busti-Benighat transposed stream-

flow leads discharge in May to August and then Rasnalu-
Benighat transposed streamflow data leads September to
December. The detail of monthly flow transposed from
Busti and Rasnalu gauge station with averaging value at
Benighat is presented in Table 3. The observed annual
average discharge at Busti station is 138.72 m3/s and Ras-
nalu station is 21.88 m3/s during simulation period. The
annual average discharges at Benighat transferred from
Busti and Rasnalu models are 163 m3/s and 164 m3/s re-
spectively which are very similar shown in Figure 5c and
Table 3. SPHY model has simulated a greater amount of
discharge at Benighat than a summation of discharges at
Busti and Rasnalu gauging stations, which seems logical
because discharge downstream is always greater than up-
stream due to stream network system in large river basins.
The streamflow data simulated by SPHY model at the un-
gauged site from calibrated gauged stations is almost simi-
lar in volume due to the spatially based distributed feature
of models. The ungauged discharge comparison at Be-
nighat transposed from two different upstream gauged sta-
tions shows almost similar discharge on a daily, monthly
and annual basis. Model simulation and parameter cal-
ibration with gauged to ungauged same basin same in-
put climatic datasets in SPHY model is a good approach
for ungauged streamflow estimation. There are numerous
methods for ungauged streamflow data generation among
them fully distributed model is a very good alternative
method for ungauged streamflow information as it requires
large numbers of parameters (Patil and Stieglitz, 2014).
The comparative discharge transposed from different cal-
ibrated stations is a better improvement technique using
a fully distributed hydrological model for ungauged flow
estimation. The water resource project developers will be
beneficial from continuous ungauged streamflow records
simulation techniques using this model.
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Fig. 5. Ungauged simulation at Benighat (A) Daily discharge, (B) Monthly discharge and (C) Scatter plot of Busti and Rasnalu transpose discharge
at Benighat.

Table 3. Monthly and annual discharge (m3/s) of Benighat transposed from Busti and Rasnalu.

Stations Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Annual

Busti-Benighat 33 31 37 56 109 245 373 471 356 149 64 38 163
Rasnalu-Benighat 34 31 36 54 101 225 354 455 369 176 81 46 164
Average 34 31 36 55 105 235 363 463 363 162 72 42 163.5

4. Conclusion and Recommendation

Hydrological estimates at ungauged basins are an im-
portant task for the planning and design of water resources

projects. SPHY model has simulated the highly matched

and correlated discharge at ungauged sites transferred from

two different gauging stations. The model performance at
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Rasnalu station is better than at Busti station. The un-
gauged discharges of daily, monthly and annual are esti-
mated from upstream gauged stations to downstream un-
gauged locations. The low flows are better matched than
the high flows in the prediction of stream flows. However
hydrological models are independently streamflow simu-
lated. In the upstream catchment of Busti gauge station,
spatial and temporal coverage of climatological station data
are limited, which cover 71% of the total basin area. Dis-
charge gauging stations and observations are limited at
transboundary Himalayan river basins, mainly in least de-
veloping countries like Nepal due to difficulties in contin-
uous monitoring, maintenance and high cost. However,
the lacking of proper data upstream of Busti gauging sta-
tion reveals that further studies in ungauged basins may
enhance hydrological simulation capability using satellite
data.

This study claims that the SPHY model is appropriate for
mountain catchments in Nepal. Hence it is recommended
for further use in other mountain basins having the pres-
ence of snow and glaciers. Similarly, the model should
be applied in small basins of hills and plains to verify the
results and its applicability.
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