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Abstract
Assessment of environmental flow, that has to be maintained along a waterway to keep up health of riverine biological 
systems, is a key challenge in alleviating impact of establishing hydropower projects especially in mountainous ungauged 
catchment under limited data conditions. This study addresses the data scarcity issue by prediction of runoff from a Himalayan 
catchment, India, using HEC-HMS model and then estimating environmental flow based on daily rainfall data of 39 years 
(1980–2018). The soil conservation service–curve number method is employed for surface runoff estimation that utilizes 
spatially distributed maps of soil types, drainage, stream order, 4-year land use/land cover (1990, 2000, 2010, and 2020), 
and hydrologic soil group (HSG). Steep slopes (more than 60%), high annual rainfall (1377 mm), large area under C class of 
HSG (477.94  km2), and moderate values of curve number (70.51, 70.36, 70.16, and 70.54) revealed high potential for surface 
runoff generation in the catchment. Predicted runoff depicted a gradually increasing trend during 1980–1995 and decreasing 
trend during 1995–2008 and 2011–2017. In addition, an abrupt change was observed in annual runoff values in years 1992, 
1998, and 2018 when the peak rate of runoff crossed the value of 2000  m3  s−1. The HEC-HMS model is validated by close 
agreement between peaks and troughs of runoff and rainfall values, and with reasonable values of correlation coefficient 
(0.57) and coefficient of determination (0.33). The annual values of environmental flow is obtained as 75 and 55  m3  s−1 
from the flow duration curves at 70th and 90th percentiles, respectively. Findings of this study are useful for management 
of flood water in other ungauged mountainous catchment of Himalayan region as well as in other parts of the world under 
data scarcity conditions.

Keywords Data-scarcity condition · Environmental flow · HEC-HMS model · Mountainous catchment · Rainfall-runoff 
model · Ungauged catchment

Introduction

Rainfall and runoff are two vital components of hydrologic 
cycle where excess of the rainfall, after infiltration and 
evaporation, along with climatic, physiographic, and geo-
logic conditions determines the generation of the runoff in a 

catchment (Seibert 1999). Estimation of runoff is important 
for solving a variety of catchment management problems 
such as dealing with flood mitigation, storm water man-
agement, rainwater harvesting, and conservation, among 
others (Anandharuban et al. 2019). On the other hand, sur-
face runoff in cultivated lands erodes topsoil and transports 
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nutrients to downstream depending upon type of cover crops 
and causing reduction in crop yields (Machiwal et al. 2021). 
In such a condition, knowledge about runoff process helps 
in regulating runoff quantities safely from field outlet and 
aid in agricultural water management. Runoff process, being 
highly dependent upon the rainfall, is generally simulated by 
hydrologic models. In hydrology, several types of models 
have been developed over the years for estimation of runoff 
or streamflow, which are categorized into three categories 
(Sharma and Machiwal 2021): (i) physical or process-based 
models, (ii) conceptual models, and (iii) black-box models. 
The physical or distributed/semi-distributed parameter mod-
els, based on analytical solutions of differential equations 
describing the physical laws of mass, energy, and momen-
tum conservations, are capable of simulating the runoff 
accurately. However, these models require extensive field 
data, which are usually not available for the hilly catchments. 
Therefore, conceptual or lumped-parameter models being 
relatively simple and requiring fewer data have a great scope 
for their utilization in hilly catchments.

Modeling rainfall-runoff process in the mountainous ter-
rain serves the purpose of overall assessment of the catch-
ment response as a part of strategic planning to flood water 
management. In fact, modelers confront with the biggest 
difficulty of choosing a suitable rainfall-runoff model that 
is capable enough to simulate a wide range of runoff peaks 
or floods in the mountainous catchment especially under the 
absence of any gauging station and condition of limited data 
availability (Azmat et al. 2016). In general, selection of a 
feasible model depends on the basin characteristics and the 
goal behind runoff estimation in a catchment (Hunukumbura 
et al. 2008). It is seen that many recent studies employed 
semi-distributed models demanding large data to simulate 
the rainfall-runoff response in small catchments of semi-arid 
regions. In data-sparse conditions, physical hydrologic mod-
els demanding large data reveal a large uncertainty (Leimer 
et al. 2011), which makes the estimation of flood hydrograph 
even more difficult in ungauged catchments.

The runoff estimation remains a pressing task for the 
hydrologists in ungauged hilly catchments, which is also the 
case with most of the catchments in the Himalayan region 
due to rugged terrain (Sivapalan et al. 2003). In Himalayan 
catchments, monitoring of hydro-meteorological processes 
is also challenging as it is not feasible to measure hydrologic 
parameters in every small size catchment and at every loca-
tion of a stream despite the fact that these catchments have 
a vast potential for hydropower development (Khatri et al. 
2018). Nonetheless, runoff modeling has a greater signifi-
cance for assessment of water availability in such data-scarce 
mountainous catchments for design, planning, operation, and 
management of hydropower projects. Hence, simplified and 
easy-to-use lumped-parameter models are used for runoff 
modeling in mountainous catchments under the data-limiting 

conditions. It is further revealed that snowmelt contribution 
to runoff in the mountainous Himalayan catchments makes 
it further difficult for the hydrological models to simulate 
the runoff adequately (Khatri et al. 2018). Hence, only those 
hydrological models that have option for snowmelt runoff 
simulation such as Hydrologic Engineering Center–Hydro-
logic Modeling System (HEC-HMS), developed by the US 
Army Corps of Engineers (Feldman 2000), are useful in the 
mountainous catchments (Guo et al. 2015), and the same 
have been used to simulate runoff in hilly catchments in dif-
ferent parts of the world (e.g., Yilmaz et al. 2012; Gyawali 
and Watkins 2013; Rezaeianzadeh et al. 2013; Joo et al. 
2014; Pokhrel et al. 2014; Azmat et al. 2017; Khatri et al. 
2018; Kumar and Bhattacharjya 2020; Akinwumi et al. 
2021).

The HEC-HMS model has been successfully used for 
simulating rainfall-runoff process in ungauged Koraiyar 
River basin in Tiruchirappalli city region, India (Natarajan 
and Radhakrishnan 2021). The HEC-HMS model calibrated 
and validated using the flood event data of 1999 measured 
at the outlet of the basin as Koraiyar River basin did not 
have a continuous record of flow measurements and only 
extreme flood events were recorded. Rao (2020) analyzed 
runoff potential in the ungauged upper Gosthani River basin 
located in the Visakhapatnam district of Andhra Pradesh, 
India, using SCS-CN method. Results revealed that the mean 
annual runoff in the basin was estimated to be 454.9 mm, 
which corresponded to 40.6% of the mean annual rainfall. In 
two ungauged sub-quaternary catchments, i.e., Tshiluvhadi 
and the Nzhelele Rivers of the Nzhelele River catchment in 
the Limpopo River basin of South Africa, the modified near-
est neighbor regionalization approach was applied to gener-
ate natural streamflows and environmental flows using Mike 
11 and Australian water balance model (Makungo et al. 
2010). The streamflow hydrographs simulated from both the 
models were found comparable and showed behavior similar 
to that reported in earlier studies. van Emmerick et al. (2015) 
proposed an alternative method for validating the hydrologic 
behavior of Chamcar Bei, a small-scale and ungauged irriga-
tion system in Cambodia, by collecting data of annual pat-
terns of river discharge, runoff mechanisms, and minimum 
and maximum reservoir levels by interviewing 20 farmers. 
Ditthakhit et al. (2021) evaluated three regression-based 
and two distance-based regionalization methods to deter-
mine regional parameters in rainfall-runoff model for three 
major river basins of Thailand, i.e., Peninsula-East Coast, 
Peninsula-West Coast, and Thale Sap Songkhla. Results of 
Taylor’s graphical diagram indicated that random forest pro-
vided the parameter values closest to rainfall-runoff model, 
followed by spatial proximity approach, M5 model tree, 
physical similarity approach, and multiple linear regression.

However, such studies are lacking in high-altitude 
mountainous catchments of Himachal Pradesh (India) 
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having some portion of land inaccessible and are known 
for hydropower production. Many hydropower plants have 
been designed and established in the area; however, their 
environmental impacts are often overlooked in their con-
struction and operation. In order to alleviate the worsening 
impact of hydropower plants on the environment, provision 
of environmental flow is suggested as a mitigation strategy. 
Computation of environmental flow depends upon the data 
of surface flow or runoff potential, which is usually not avail-
able for the ungauged rugged catchments. Therefore, this 
study was undertaken with two objectives: (i) to estimate 
runoff or inflow for Larji dam situated in Kullu district of 
Himachal Pradesh using HEC-HMS model based on rainfall 
data, and (ii) to evaluate environmental flow using the esti-
mated inflow data. The findings of this study would be useful 
in understanding hydrological response of similar ungauged 
catchments in mountainous Himalayan region.

Study area description and data collection

Larji dam is situated on the Beas River in Kullu district 
of Himachal Pradesh, India. The catchment of the dam is 
spread over an area of 4921  km2 and is located from 31°31′ 
N to 32°10′ N latitude and from 76°56′ to 77°50′ E lon-
gitude at an altitude of 2299 m above the mean sea level. 
The location map of the study area is shown in Fig. 1. The 
dam is constructed for generating hydro-electric power with 
126 MW installed capacity. The live storage capacity of the 
Larji reservoir is 230 ha m, which is adequate for running 
the power station at full installed capacity for more than 4 
h a day during lean periods. Precipitation in the study area 
is mainly received from the southwest monsoon as well as 
due to the western disturbances that pass over northwest part 
of India during winter. The southwest monsoon generally 
lasts from June to September and may sometimes extend 

Fig. 1  Location map of the study area (Larji catchment) showing land elevation and drainage network prepared using ASTER-Digital Elevation 
Model
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up to October. Precipitation during the northwest monsoon 
is usually not heavy, but sometimes it may contribute sig-
nificantly toward flood runoff. On the other hand, winter 
precipitation occurs as either rain or snow depending upon 
the altitude and meteorological conditions. This rainfall does 
not directly contribute to river discharge rather mostly goes 
to feed snow-covered areas of the catchment. The average 
annual rainfall of the area is 1377 mm, ranging from 63 
in January to 344 mm in July month. Low elevation lands 
of Kullu district experience hot summer with temperature 
rising up to 40 °C and cold winter with frost and fog. The 
average annual temperature for the area is 16.1 °C. Due to 
various developmental activities like construction of the 
road, water supply schemes, etc., soil erosion takes place 
at a high-level from Manali to Kullu and from Manali to 
Palchan (Prasad et al. 2016).

In this study, daily precipitation data were collected 
for three raingauge stations, i.e., Bhuntar (31°53′02.3″N 
7 7 ° 0 8 ′4 0 . 8 ″E ) ,  S u n d e r n a g a r  ( 3 1 ° 3 1 ′5 6 . 2 ″N 
76°53 ′33.3″E),  and Dharamsala (32°12 ′57.4″N 
76°19′09.5″E), from the India Meteorological Depart-
ment (IMD), Shimla, Himachal Pradesh, for the past 39 
years (1980–2018). Daily rainfall series were converted 
to monthly and annual series for further analysis. Digital 
elevation model (DEM) from ASTER at 30-m spatial res-
olution was downloaded for the catchment from the earth 
explorer website (https:// earth explo rer. usgs. gov/). A total 
of four satellite imageries for the years 1990 (Landsat 
1-5 MSS), 2000 (Landsat 7 ETM+), 2010 (Landsat 7 
ETM+), and 2020 (Landsat 8 OLI/TIRS) were down-
loaded from the earth explorer website (earthexplorer.
com) and used to develop land use/land cover maps of the 
study area. The imageries were chosen for the particular 
days when there was less than 5% cloud cover. Details of 
the acquired imageries are summarized in Table 1. Soil 
map of the study area (9th Edition, 2003) was collected 
at the scale of 1:50,000 from the Soil and Land Use Sur-
vey of India (SLUSI), Indian Agricultural Research Insti-
tute, PUSA, New Delhi.

Materials and methods

Preparing drainage and slope maps for delineation 
of dam catchment

The DEM of the study area was imported into geographic 
information system (GIS) and was used for delineating 
the catchment of the dam. Prior to catchment delineation, 
the DEM was processed for filling up voids, followed by 
computation of flow direction and flow accumulation using 
GIS. The processed DEM for the upstream side or catch-
ment of the dam is shown in Fig. 1. In GIS, drainage was 
derived using criterion of flow accumulation value greater 
than 1000 for every pixel of the DEM. The processed DEM 
was utilized to generate flow direction and accumulation 
maps, which were subsequently used to generate drainage 
and stream-order maps of the study area. Order of a stream 
is proportion of the overall size of a stream and the smallest 
of tributaries, generally enduring are alluded to as first-order 
streams (Strahler 1957). Slope map helps understanding run-
off retaining capacity. A second-order stream begins from 
a point where two 1st orders meet, and it is continued until 
the water exhausts into another significant stream. Drain-
age density, representing proportion of total length of the 
streams to a given area and indicating closeness of spacing 
of channels of an area (Haan 2002), was also computed. 
The catchment was then clipped from the upstream-side 
drainage map using four-point algorithm with reference to 
location where the dam was situated. The dam location was 
considered outlet of catchment and was imported into GIS 
from Google Earth image. All GIS-related operations were 
performed using ArcGIS 10.3.

Analyzing rainfall statistics

Basic statistical properties, i.e., mean, standard deviation, 
coefficient of variation, skewness, and kurtosis, were com-
puted for 39 years (1980–2018) monthly and annual series 
of three rain gauge stations, i.e., Bhuntar, Sundernagar, and 

Table 1  Details of acquired satellite imageries used in the study

Items Particulars

Year 1990 2000 2010 2020

Date of imagery acquisition 23-10-1990 22-11-2002 17-11-2011 28-10-2019
Type of Landsat satellite Landsat 1-5 Landsat 7 Landsat 8 Landsat 8
Landsat sensor Multi-spectral scan-

ner system (MSS)
Enhanced thematic 

mapper plus 
(ETM+)

Operational land imager/Ther-
mal infrared sensor (OLI/
TIRS)

Operational land imager/Ther-
mal infrared sensor (OLI/
TIRS)

Could cover (%) < 5 < 5 < 5 < 5
Imagery download date 12-02-2023 12-02-2023 12-02-2023 12-02-2023

https://earthexplorer.usgs.gov/
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Dharamsala. Bar charts of monthly rainfall and box-whisker 
plots of the annual rainfall were also drawn to explore vari-
ability of rainfall series. Box-whisker plots summarize five 
statistical properties of a time series, i.e., minimum, maxi-
mum, median (50th percentile), non-outlier range (25th and 
75th percentiles), and outliers (Machiwal and Jha 2012).

The weighted mean rainfall of the three stations was com-
puted for further use in runoff modeling. Location of three 
rain gauge stations was imported in GIS and representative 
areas of three stations in the catchment were identified using 
the Thiessen polygon method. Relative weights of three sta-
tions were obtained as 0.572, 0.405, and 0.23, respectively, 
for Bhuntar, Sundernagar, and Dharamsala stations, which 
were multiplied by rainfall data of the corresponding sta-
tions and summed over the years to derive the mean values 
of monthly and annual rainfall series.

Development of land use/land cover map

The land use/land cover (LULC) helps identifying curve 
number that plays an important role in runoff generation. In 
this study, LULC maps of Larji catchment were developed 
for 4 years, i.e., 1990, 2000, 2010, and 2020, using satellite 
imageries of Landsat satellite. Of the total 11 bands of Land-
sat 8, eight bands have 30-m spatial resolution, one band 
has 15 m, and other two bands have 100-m resolution. A 
composite of six bands (bands 1 to 6) of Landsat 8 data was 
made using image analysis tool in GIS platform. The com-
posited Landsat images were classified into different LULC 
classes using supervised classification. In supervised classi-
fication, the maximum likelihood classifier method was used 
for image classification. A training set of signature pixels for 
each class was created to classify all pixels of the Landsat 
image into identified LULC classes. The training set for each 
class had more than 50 pixels. The developed LULC maps 
were visually compared with Google Earth images of the 
area and toposheet accompanied by visiting a few sites in the 
area for verifying the accuracy of the LULC maps.

Preparing maps of hydrologic soil groups and curve 
number

The soil map of Larji catchment was used to create GIS-
based hydrologic soil group (HSG) map depending upon 
soil characteristics, e.g., texture, depth, and infiltration 
properties. The soil map of the study area was digitized and 
clipped using the ArcGIS for the upstream side of the study 
area. Broadly, soil of the study area may be classified as 
coarse loam and fine loam with a major difference in their 
clay proportion. The coarse loam soil consists of 0–18% 
clay proportion with soil textures of sandy loam and loam, 
whereas the fine loam soil includes proportion of clay as 
18–35% with textures of fine sandy, sandy clay loam, loam, 

clay loam, and silty clay loam. The depth of the soil is clas-
sified as shallow (11–25 cm), deep (51–100 cm), and very 
deep (more than 100 cm) following the criteria used by Soil 
and Land Use Survey of India (SLUSI), New Delhi, India. 
The moisture content is notified in the area by Mesic soil. 
The moisture is either wet or dry, and a well-balanced. The 
final classifications are Typic Udorthents, Typic Eutrudepts, 
Lithic Hapludolls, and Typic Hapludolls in the study area.

After preparation of HSG and LULC maps, curve num-
ber (CN) was estimated for each unit of the sub-catchment, 
followed by area weighting for the whole sub-catchment. 
The classified LULC maps of 4 years and HSG maps were 
crossed to form different combinations/polygons, and the 
CN values were estimated for all the sub-catchments over the 
years 1990, 2000, 2010, and 2020. The CN values for type 
II category of antecedent moisture condition (AMC) were 
assigned to different combinations of four HSG classes and 
different categories of the LULC features following standard 
guidelines suggested in Singh et al. (1981).

Modeling runoff using HEC‑HMS model

In this study, rainfall-runoff modeling is performed using 
the HEC-HMS model. A flowchart illustrating the step-by-
step procedure for modeling streamflow and assessment of 
environmental flow is depicted in Fig. 2.

The HEC-HMS model considers different representations 
in the loss methods, transformation and baseflow separation 
techniques, and models in reach segments for simulation 
tasks (Zelelew and Langon 2020). This study considered 
soil conservation service (SCS)-curve number (CN) method 
and the SCS unit hydrograph method. The selection of these 
methods was dependent upon ease of applicability and less 
number of required data (Feldman 2000; Zelelew and Mel-
ese 2018). Theory and concepts of the methods are detailed 
in Feldman (2000) and USACE-HEC (2000).

The inputs such as rainfall, evaporation, soil type, and 
the hydrologic soil group were modeled into the HEC-
HMS model. This study attempted at computing the envi-
ronmental flow from the estimated runoff using rainfall 
data. Runoff was estimated based on the developed model 
under data-scarcity conditions where a comprehensive 
database of all the parameters was not available as the 
catchment was ungauged. Hence, a few of the information 
was considered based on the local understanding of the 
hydrological processes and from literature sources. The 
inputs such as canopy interception, surface depression 
storage, infiltration, precipitation conversion, etc., were 
estimated indirectly from the other inputs such as DEM, 
LULC, HSG, etc. The HEC-HMS has a component called 
soil moisture accounting (SMA) loss method. It has been 
used to model infiltration losses through methods used 
for computing initial abstractions losses such as surface 
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depression loss and canopy interception loss. The canopy 
represents the vegetation in the study area and is employed 
for continuous simulations. The excess rainfall flows as 
runoff (surface flow) after the canopy interception and the 
depression storage are filled. The infiltration rate triggers 
the runoff when it exceeds after fulfilling the canopy inter-
ception and depression storage losses. The maximum infil-
tration rate is the rate at which water flows from surface 
storage into the subsurface or sub-soil storage. The maxi-
mum infiltration rate is derived based on soil map of the 
catchment and representative values of saturated hydraulic 
conductivity. The value of the impervious area required in 
the model is computed from the urbanized area calculated 
from the developed LULC maps of the area. Soil water 
storage is defined as porosity, which is the available space 
that water can occupy in the soil. To model the runoff from 
the precipitation, the SCS unit hydrograph method was 
used. The time lag (TLAG) (Eq. 1), an important concept 
in linear modeling of catchment response, was calculated 
using the following expression (Ouédraogo et al. 2018).

(1)TLAG =
L × 0.8 × (S + 1) × 0.7

1900 ×
√
Y

where TLAG= lag time, L = hydraulic length of watershed, Y 
= percentage slope of watershed, and S = maximum reten-
tion in watershed.

The CN was estimated for the sub-catchments (Eq. 2), 
based on the HSG and LULC maps representing four dec-
ades (1980–1990, 1991–2000, 2001–2010, and 2011–2018). 
After determining the required soil and LULC characteris-
tics, the weighted CN values representing the four decades 
were estimated for each unit of the sub-catchment, followed 
by area-weighting for the whole sub-catchment.

Furthermore, for assuming the initial values of lag time 
(TLAG) in the SCS unit hydrograph for each sub-catchment, 
transformation subroutine specifically designed for ungauged 
catchments (Scharffenberg and Fleming 2006) (Eq. 3) and a 
relation shown in Eq. (4) were also jointly applied.

where L = length of the longest watercourse and H = eleva-
tion difference between divide and outlet (US-SCS 1986).

(2)S =
25400

CN − 254

(3)tc = 60 ×
(
11.9 × L3|H

)0.385

(4)Tlag = 0.6 × tc

Fig. 2  Flowchart illustrating step-by-step methodology adopted for runoff estimation and environmental-flow estimation using geographic infor-
mation system and HEC-HMS model
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where tc = time of concentration in minutes and Tlag = initial 
value of lag time.

In this study, linkages between rainfall and runoff were 
explored through empirical relationship and computing val-
ues of correlation coefficient (r) and coefficient of determi-
nation (R2). These two evaluation criteria are summarized 
in Table 2.

Estimation of environmental flow

In this study, environmental flow was estimated for every 
month as well as for the year using their respective flow 
duration curves. The flow duration curve (FDC) is a chart 
representing the probability of exceedance on x-axis and 
runoff velocity or discharge on y-axis. The FDC method 
was selected for computing environmental flow in this study 
as this method is appropriately applicable even under the 
limited data-availability conditions due to deficiency of 
adequate quantum of runoff data or for a limited ability to 
focus on a significant environmental flow. In literature, the 
environmental flow or discharge value corresponding to 90 
and 95% probability levels of exceedance (Pp) is termed as 
the minimal or environmental flow. However, looking at pos-
sibility of moderate runoff generation in the study catch-
ment, 70 and 90% probabilities of exceedance are considered 
environmental flow in this study, which is computed using 
the Weibull’s plotting position formula as follows (Sub-
ramanya, 2013):

where N = no. of runoff or flow events and m = ranking of 
the runoff events.

Results and discussion

Slope and drainage network

Slope and drainage network maps of the study area are 
shown in Figs. 1 and 3, respectively. It is seen that slope 

(5)Pp = ((m|N + 1)) × 100

values are relatively less nearby water channels of drain-
age network. A total of 99.74  km2 (15% of total area) lands 
mostly have 0–30% land slope. Lands under slope class of 
30–60% contain 241.29  km2 (35%) area and are mostly pre-
sent far away from drainage channels. A major portion of 
the catchment, i.e., 340.05  km2 (50%), have the steep slopes 
(> 60%), which is due to presence of hilly terrain in the 
area (Fig. 3). The steep-slope lands encompass a vast por-
tion in the eastern part of study area where glacier exists. 
In general, the average land slope in the Himalayan region 
is more than 46% (Mahanta et al. 2016). Thus, the study 
catchment situated in Himalayan landscape, characterized 
by mountainous and hilly topography with steep slopes and 
limited soil depth constrained underlain by lithic rock, wit-
ness saturation-excess process of runoff generation (Needel-
man et al. 2004).

Drainage network map was used to characterize drainage 
pattern based on physical drainage characteristics such as 
joint angle, length of stream, and shortness. The drainage 
pattern helps understanding movement of runoff water over 
the catchment, as each pattern has different properties of 
conducting drainage. It is seen from Fig. 1 that a dendritic 
drainage pattern exists in the area, which is an indicator of 
favorable conditions for occurrence of groundwater potential 
due to its direct association with permeability and inverse 
relation with runoff (Machiwal et al. 2010).

Stream order

Stream order map (Fig.  4) shows that the study area 
comprises streams up to 5th order. It is observed that 
 1st-order streams constitute about 53.7% of total length of 
stream network followed by 19.5% length under  2nd-order 
streams, 8% length under  3rd-order streams, 10% length 
under 4th order, and 8.3% length under  5th-order streams. 
The higher is the order of the stream, the higher is the 
quantity of water drained. Here the low-order streams are 
relatively large in numbers, and hence, the water-yielding 
capacity of these streams usually remains high during 
rainy season. The low-order (2nd or 3rd order) streams 
are suitable for conserving runoff water by constructing 

Table 2  Summary of two evaluation criteria

Evaluation criteria Mathematical expression Range of values Reference

Worst Best Acceptable

Correlation coefficient (R)
R =

⎡
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Fig. 3  Percentage slope map of 
the study area

Fig. 4  Stream-order map of the 
study area
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small structures such as check dams (Machiwal et  al. 
2010). Order-shrewd stream fragment’s total number is 
termed as stream number. The intensity of the infiltration 
and permeability depends upon the number of first-order 
streams (Hajam et al. 2013). On increasing an order of 
the stream, a few streams generally upsurge in geomet-
ric movement. In the study area, a total number of 1634 
streams are present, of which 877 streams (54%) belong to 
the  1st-order streams that contributes the largest propor-
tion to the overall drainage rate. This finding indicates 
that infiltration rate is quite high in the study area. A 
plot drawn between values of stream order versus values 
of stream number suggests that the drainage pattern is 
healthy in nature. Thus, it is inferred that good drainage 
conditions prevail in the catchment that contribute to the 
better water-holding capacity.

Drainage density

Drainage density map of the study area, classified into 5 
classes, i.e., 0–0.48, 0.49–0.96, 0.97–1.4, 1.5–2.1, and 
2.2–3.8 km  km−2, is shown in Fig. 5. It is seen that a major 
portion of the study area (367.88  km2, 54% area) is cov-
ered with low values (< 0.95 km  km−2) of drainage density 
(Fig. 5). On the other hand, drainage density is high (> 1.45 
km  km−2) in only 20% of the catchment area (139.53  km2) 

where free-flow of water occurs following surface topology 
and the flowing water gets drained rapidly with less infiltra-
tion and less contribution to soil moisture and/or ground-
water recharge resulting in poor vegetation (Machiwal et al. 
2015). In contrast, areas having low drainage density are 
likely to have a high vegetation cover in the area due to less 
runoff generation and adequate soil moisture in subsurface 
layers (Kumar et al. 2019).

Variability of monthly and annual rainfall

Bar charts of the mean monthly rainfall for three rain gauge 
stations are shown in Fig. 6(a) along with standard deviation 
values shown as error bars. It is seen that monthly rainfall is 
relatively high in four monsoon months, i.e., June through 
September, which have the maximum mean contribution, of 
42, 70, and 78% to annual rainfall of Bhuntar, Sundernagar, 
and Dharamsala stations. Standard deviation of rainfall is 
high in monsoon months when the mean rainfall remains 
high. At Bhuntar station, value of coefficient of variation 
(CV) remains the lowest (51 to 56%) in the months of Febru-
ary, March, July, and August when the mean monthly rainfall 
is more than 100 mm. At Sundernagar, the lowest CV values 
(35 to 58%) are observed in monsoon months having the 
mean rainfall varying from 131 to 354 mm. Similar to the 
other two stations, the CV values at Dharamsala station are 

Fig. 5  Drainage density map of 
the study area
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the lowest (32 to 47%) during July, August, and September 
when the mean rainfall ranges from 314 to 801 mm. Skew-
ness values in monthly rainfall series are positive for all the 
stations, indicating a right-skewed rainfall distribution. Kur-
tosis values varied from (−)1.02 to 7.29 for Bhuntar, (−)0.80 
to 3.83 for Sundernagar, and (−)0.57 to 5.53 for Dharamsala. 
Positive (negative) kurtosis values indicate a heavy-tailed 
(light-tailed) distribution of the rainfall data with a sharper 
(flatter) peak in comparison to the normal distribution curve.

The mean annual rainfalls for Bhuntar, Sundernagar, and 
Dharamsala stations are 930 ± 180, 1387 ± 237, and 2704 
± 587 mm, respectively, with corresponding CV values of 
19, 17, and 22%. Almost similar rainfall variability in terms 
of CV values was reported in a previous study for three sta-
tions of Kullu valley, i.e., 18.5% for Kullu valley 21.7% for 
Bajaura, and 24.2% for Katrain (Jangra and Singh 2011). 
Overall, the mean annual rainfall of the area is 1377 mm, 
ranging from the monthly minimum rainfall of 63 mm (Janu-
ary) to the monthly maximum rainfall of 344 mm (July). 
Box-whisker plots of 39-year annual rainfall for three sta-
tions are shown in Fig. 6(b). A big difference in the median 
rainfall of three stations is apparent, which suggests large 
rainfall variability in the area. Annual rainfall of Bhuntar 

is uniform as lengths of the upper and lower whiskers are 
almost equal, whereas the presence of one outlier at Sun-
dernagar and relatively large length of the upper whisker 
at Dharamsala indicate presence of the right skewness in 
the rainfall, which confirms the earlier finding based on the 
positive values of skewness.

Land use/land cover maps

Collection of ground truth data for quantitative assessment 
of accuracy of the developed LULC map could not be pos-
sible in this study mainly due to presence of mountainous 
terrain (Morley et al. 2018) and also for the reason that some 
part of lands was inaccessible. Hence, the developed land 
use/land cover (LULC) map of the study catchment were 
verified through visual comparison with toposheets and 
Google Earth image along with visiting some sites for their 
confirmation. Hence, accuracy assessment of the LULC map 
may be quantitatively accomplished in future studies sub-
ject to availability of ground truth data. It is seen that the 
study area mainly contains six types of LULC classes, i.e., 
agricultural land, barren land, water bodies, glacier, built-up 
land, and forest land (Fig. 7a–d). In the study area, a large 
amount of soil loss occurs that has a significant impact on 
land use changes especially interactions among forest lands, 
barren lands, and glacier. In recent times, it is seen from 
LULC map of 2020 that forests having a spread of 418.56 
 km2 lands (61.4% of study area) is the dominating LULC 
type all over the study area. Barren land exists in 114.64 
 km2 (16.8%) area mainly located in western and northern 
portions of the area. Agricultural land encompasses 102.61 
 km2 (15%) lands mostly in a north-south stretch that is close 
to the drainage network (rivers and streams). Three LULC 
classes (glacier, water bodies, and built-up land) cover only 
45.32  km2 (6.65%) of the area. The resultant LULC maps 
(Fig. 7) have been validated with the SOI topographical 
maps and the Google earth images.

Hydrologic soil group and curve number

Soil map of the study area was categorized into four hydro-
logic soil groups (HSG) that are A, B, C, and D based on 
infiltration potential and runoff generating capacity. The 
classified HSG map is illustrated in Fig. 8. It is seen that 
class A of HSG having the highest infiltration and less 
runoff generating potential is not present in the study 
area. A major portion of the study area is covered by class 
C (477.94  km2, 66%) of HSG type, followed by class B 
(225.75  km2, 31%), class A (8.35  km2, 0.1%), and class D 
(4.27  km2, 0.06%). It is apparent that class C–type HSG 
mostly exists in nearby drainage lines in the area where 
lands are used for agriculture. Class D of HSG is located 
over a small patch on eastern part of the area representing 
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glacier. Overall, the HSG map shows that the runoff gener-
ation should be moderate in this region (Rao 2020); how-
ever, runoff is also controlled by slope, drainage network, 
and stream orders.

The Landsat satellite data were used to abstract and 
incorporate four maps of spatially distributed LULC rep-
resenting four decades for computation of the CN values. 
The Soil Conservation Service-Curve Number (SCS-CN) 
table provides values of CN for different combinations of 
LULC and HSG. Values for the initial abstraction losses, 
i.e., canopy (vegetation) interception and surface/depression 
storage (Tables 3 and 4), were obtained from the analysis 
of LULC and DEM, respectively. The total area under the 

canopy/vegetation was calculated from the LULC map and 
was given as the value of initial storage or loss (in %). There-
after, the maximum water storage (in mm) was derived based 
on the percentage of the total land area under vegetation 
(Table 3). Similarly, for computing depression storage, the 
calculated slope values were classified into different ranges 
and percentage land area contributing to the flat slope 
(0–5%) was derived for the sub-basins. The corresponding 
maximum storage values (in mm) are taken from Table 4. 
The values of canopy interception and depression storage 
presented in Tables 3 and 4 are considered the standards, 
which are derived based on the experiments carried out ear-
lier for different vegetation types and topographic slopes. 

0002 )b(0991 )a(

0202 )d(0102 )c(

Fig. 7  Land use/land cover maps of the study area for years a 1990, b 2000, c 2010, and d 2020



 Arab J Geosci (2023) 16:417

1 3

417 Page 12 of 17

The flat slopes have the maximum surface storage capacities. 
Finally, canopy interception loss as well as surface depres-
sion loss was subtracted from the total runoff generated in 
the catchment as estimated from the SCS-CN method. The 
CN values for each map unit were aggregated for the whole 
catchment by means of GIS to obtain a weighted CN value. 

Computation of the weighted CN value for the year 2020 is 
illustrated in Table 5. It is seen that the CN values for differ-
ent map polygons varied from 55 to 100 (Table 5), which are 
in close harmony to that reported in the literature, ranging 
from 69 to 100, for the study area (Singh et al. 2021). The 
computed values of the weighted CN for the years 1990, 
2000, 2010, and 2020 were found to be 70.51, 70.36, 70.16, 
and 70.54, respectively, in this study.

Rainfall‑runoff relationship

Daily runoff values estimated by the HEC-HMS model for 
the period 1980–2018 were plotted over time scale and the 
same is shown in Fig. 9. Large fluctuations in daily runoff 
values along with cyclic patterns are apparent, which are due 
to seasonal nature of the annual rainfall that is mostly con-
centrated over the monsoon months of June through Septem-
ber. It is further seen that the runoff values had an increasing 
trend over the period 1980–1995 and decreasing trends from 
1995 to 2008 and from 2011 to 2017. The peak runoff rate in 
the area exceeded the value of 2000  m3  s−1 four times with 
an abrupt shift/change in the runoff values in years 1992, 
1998, and 2018. Validation of the model-estimated runoff, 
as done in most of the past rainfall-runoff studies, could not 
be possible in this study due to non-availability of observed 
runoff data as the catchment is ungauged. However, in order 

Fig. 8  Hydrological soil group 
map of the study area

Table 3  Canopy/vegetation interception values (source: Holberg 
2014)

Type of vegetation Canopy intercep-
tion (mm)

General vegetation 1.270
Grasses and deciduous trees 2.032
Coniferous trees 2.540

Table 4  Surface depression storage values (source: Ouédraogo et al. 
2018)

Description Slope (%) Surface storage (mm)

Paved impervious areas - 3.18–6.35
Flat, furrowed land 0–5 50.8
Moderate to gentle slopes 5–30 6.35–12.70
Steep, smooth slopes > 30 1.02
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to understand effect of rainfall on runoff, bar charts of both 
the variables were plotted at monthly time scale, and the 
same is shown in Fig. 10. A visual comparison of bar charts 
of rainfall and runoff showed that the peaks and troughs 

of the runoff bars did not exactly correspond to that of the 
rainfall bars. Also, the proportion of rainfall to runoff rate 
did not remain the constant over 39-year period, which may 
be due to considering rate of runoff in this study, instead the 
total quantity of monthly runoff that might depict a direct 
relationship with rainfall. Besides, there may be other rea-
sons such as rainfall intensity, time of concentration, and 
antecedent moisture conditions for the infirm rainfall-runoff 
relationship. Furthermore, in this study, there are a few other 
factors also, i.e., snowmelt runoff, environmental flow, dense 
forest vegetation, and mountainous terrain, that could be the 
possible reasons for the slight mismatch in the rainfall and 
runoff.

Mathematical or statistical techniques are always rec-
ommended to be adopted in addition to graphical tools in 
hydrological studies (Machiwal and Jha 2008). Hence, linear 
regression was employed in this study to determine statisti-
cal significance of the relationship between rainfall and run-
off over 39-year period. The results of regression revealed 
values of goodness-of-fit criteria, i.e., r and R2 as 0.57 and 

Table 5  Computation of curve number values for the year 2020

Land use/land cover Soil texture Area  (km2) Area (%) Hydrologic 
soil group

Curve number (%Area × 
CN)/100

Weighted curve number

Agriculture Coarse 41.849 6.14 B 75 4.61 70.54
Fine 60.7599 8.92 C 85 7.58

Forest Coarse 251.5173 36.93 B 55 20.31
Fine 167.0383 24.52 C 77 18.88

Barren land Coarse 53.12411 7.80 B 69 5.38
Fine 61.52129 9.03 C 84 7.59

Water bodies Coarse 10.3293 1.52 A 100 1.52
Glacier Coarse 17.0703 2.51 D 100 2.51
Built up land Coarse 3.405648 0.50 B 70 0.35

Fine 14.50985 2.13 C 85 1.81
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Fig. 9  Time plot of daily runoff estimated using HEC-HMS model 
for the period 1980–2018

Fig. 10  Bar charts of monthly 
rainfall and runoff values over 
39-year period (1980–2018)
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0.33, respectively, which revealed a moderate to weak posi-
tive relationship between rainfall and runoff. The poor rain-
fall-runoff relationship may also be due to incapability of 
the empirical model in generating actual runoff values as 
the model could not be calibrated under non-availability of 
observed runoff data for the ungauged catchment. Similar 
weak to moderate correlations between rainfall and runoff 
were reported in earlier studies performed in Himalayan 
catchment of Nepal (r ~ 0.37–0.82) (Merz et al. 2006) and 
India (R2 ~ 0.43–0.81) (Qazi 2020). Likewise, regression-
based rainfall-runoff modeling in Wadi Ahim catchment of 
Oman revealed a relationship between rainfall and runoff 
with R2-value of 0.60 (McIntyre et al. 2007).

The poor rainfall-runoff relationships have also been 
reported in earlier studies performed in ungauged catch-
ments especially in the hilly terrain due to some limitations 
experienced in hydrological modeling that results in less 
accurate runoff predictions. The hydrologic models employ-
ing regional relationship between hydrologic response char-
acteristics and landscape attributes have successfully pre-
dicted runoff in an ungauged catchment (Post and Jakeman 
1999). However, hydrographs developed from the results 
were poor in some cases mainly because of poor understand-
ing of the relationships between hydrologic response and 
physical attributes. In fact, precise estimation of runoff in an 
ungauged catchment poses a serious challenge to hydrolo-
gists (Wagener and Wheater 2006), which is overcome to 
some extent through parameter regionalization processes, 
i.e., spatial proximity, regression modeling, and physical 
similarity (Petheram et al. 2012; Zhang et al. 2015; Kim 
2016). Furthermore, contribution of snowmelt water to 
runoff is somewhat difficult to model and account in the 
hydrological models, and this may be considered one of the 
major limitations in rainfall-runoff modeling (De Scally 
1994; Archer and Fowler 2008; Pool et al. 2017; Akanegbu 
et al. 2018). In another study carried out in ungauged catch-
ment of Australia, Boughton and Chiew (2007) emphasized 
selection of rainfall data to represent the runoff-generating 
rainfall over the catchment for the better runoff predictions. 
In addition, there may be other possible reasons for poor 
rainfall-runoff modeling, which include inadequate repre-
sentation of spatial and temporal rainfall variabilities over 
the catchment (Hughes 1995) and inadequate estimation of 
parameter values (Görgens 1983).

Environmental flow

The FDCs were plotted for 12 months and annually repre-
senting runoff values estimated by the HEC-HMS model at 
different probabilities of exceedance ranging from 0 to 100th 
percentiles for the study catchment. The FDC drawn for the 
annual runoff over 39-year period is presented in Fig. 11. It 
is seen that environmental flow values declined drastically 

from the highest at 0 percentile to 20th percentile. After-
ward, the rate of declination of the FDC decreased until the 
99th percentile value of probability of exceedance. It is seen 
that value of the FDC at 70th percentile (Q70) and 90th per-
centile (Q90) corresponded to 75 and 55  m3  s−1, respectively, 
which represents the annual environmental flow. The annual 
environmental flow should always be maintained in the dam 
every year to sustain the living beings that are dependent 
upon the river flow.

The mean values of the monthly environmental flow com-
puted from the monthly FDCs along with the mean monthly 
rainfall and runoff for 39-year period are shown through 
bar charts in Fig. 12. It is seen that both the mean monthly 
runoff and environmental flow are in harmony with the mean 
monthly rainfall. Also, the peak of runoff value (450.82  m3 
 s−1) as well as peak of environmental flow (207.68  m3  s−1 at 
70th percentile and 67.65  m3  s−1 at 90th percentile) appeared 
in August month, which corresponded well with that of rain-
fall (699 mm) of August month. This finding, emphasizing 
a fair relationship among rainfall, runoff, and environmen-
tal flow, further verified the competence of the HEC-HMS 
model in estimating the monthly runoff and environmental 
flow satisfactorily. Unavailability of observed runoff data 
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due to ungauged catchment in this study was the major limi-
tation of this study; however, the model-estimated runoff as 
well as computed environmental flow was reasonably linked 
to observed rainfall patterns in order to justify the potency 
of the rainfall-runoff modeling performed. Moreover, the 
approach adopted in this study to test the model adequacy 
and verify the model outcomes may be suitably adopted for 
other ungauged catchments in different parts of the world.

Conclusions

This study performed rainfall-runoff modeling using the 
conceptual HEC-HMS model in a Himalayan catchment of 
India where estimates of surface runoff and environmen-
tal flow are of prime importance to alleviate environmental 
impacts of hydropower project. Conceptual modeling aimed 
to reproduce the hydrological behavior of a catchment dur-
ing a rainy event. The drainage pattern was delineated using 
ArcGIS and modeled according to the reaches, sub-catch-
ment, etc. The curve number was derived from the land use/
land cover and hydrologic soil group and it was fed into 
the model. The collected precipitation data were fed on the 
hourly basis for each sub-catchment based on their concen-
tration in the region.

The slope was more than 60% in half of the catchment, 
suggesting high slope steepness with dendritic drainage pat-
tern as the terrain was mountainous. About 1634 number of 
streams was present in the catchment and more than 54% 
of them were of 1st order having high infiltration rate and 
the highest contribution to the catchment’s drainage rate. 
Drainage density values in more than half of the catchment 
were less than 0.95 km  km−2, which indicated moderate 
potential for runoff generation and high vegetation cover. 
Annual rainfall in the study area depicted a high variabil-
ity over space with positive skewness over years. Land use/
land cover map of the study area revealed that forest lands 
occupying 423.83  km2 area encompass 62% of the study 
area. Likewise, about 477.94  km2 lands were covered with 
class C of hydrologic soil group, which suggested moder-
ate runoff generation potential in the catchment. Crossing 
of land use/land cover and hydrologic soil group maps in 
geographic information system revealed a weighted average 
value of curve number as 69.23, which further indicated 
a relatively moderate potential of runoff generation in the 
catchment. A gradual trend was seen in the estimated runoff 
that was inclining during 1980–1995 and declining during 
1995–2008 and 2011–2017. Besides, an abrupt change in 
runoff was observed in years 1992, 1998, and 2018 when 
the peak rate of runoff exceeded more than 2000  m3  s−1. 
The model outcomes could not depict a perfect coherence 
between peaks and troughs of runoff and rainfall values in 
a bar chart. Further, rainfall did not contribute constantly to 

runoff every year due to influence of other factors on run-
off generation. Reasonable moderate-to-weak relationship 
was observed between rainfall and runoff from values of 
two goodness-of-fit criteria, i.e., r (0.57) and R2 (0.33). The 
annual value of environmental flow was obtained as 75 and 
55  m3  s−1 at 70th and 90th percentiles, respectively, from 
the flow duration curve. In addition, the mean monthly peak 
values of runoff and environmental flow at 70th and 90th 
percentiles were obtained as 450.82, 207.68, and 67.65  m3 
 s−1, respectively, in August month, which were in harmony. 
Overall, the approach and findings of this study are useful 
for runoff potential in other ungauged catchments under lim-
ited data-availability conditions.
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