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ABSTRACT

Project Henval aims to develop a deeper understanding of climate-hydrology interaction in the
lesser Himalayan experimental catchment with an area of 102 km?. In the first phase of the
project, a state-of-art field observatory was established with various instruments and sensors
during 2016-2019. Preliminary data analysis on the estimation of evapotranspiration by various
methods and water balancing of the watershed was performed. The field station developed at
Henval watershed is envisaged to operate for long-term monitoring of different hydro-climatic
variables. This study is the second phase of the project-Henval presents a comprehensive
investigation into soil moisture dynamics and hydrological processes in the Lesser Himalayan
region, focusing on three major research components: empirical soil moisture modeling,
advanced deep learning-based soil moisture prediction, and hydrological modeling using the

SPHY model.

The field monitoring of the various variables and the development of baseline datasets for the
Henval watershed shall be a continuous process in this phase of the study. Firstly, an empirical
soil moisture model was developed using key meteorological parameters—rainfall, wind
speed, air temperature, and near-surface soil temperature. The model was calibrated and
validated at three representative sites: Kumargaon, Kanataal, and Nagini. Among these, the
Kumargaon site exhibited the highest model performance, with strong statistical agreement in
both calibration and validation phases. The simplified version of the model, based on averaged
optimized parameters, maintained high predictive accuracy at Kumargaon across multiple soil
depths (R*=0.86 at 2 cm, 0.83 at 6 cm, and 0.64 at 25 cm). In contrast, performance at Kanataal
and Nagini was moderate, with a noticeable decline in model accuracy at greater depths,
highlighting the diminishing influence of meteorological inputs on subsurface moisture. These
findings emphasize the utility of empirical approaches while acknowledging their limitations

for deeper soil layers.

Building upon these insights, the second research component employed advanced deep
learning techniques to enhance soil moisture prediction. Two hybrid models—Convolutional
Neural Network—Long Short-Term Memory (CNN-LSTM) and Recurrent Neural Network—
LSTM (RNN-LSTM)—were developed to model subsurface soil moisture at 25 cm and 50 cm
depths across the same stations. The CNN-LSTM model consistently outperformed the RNN-
LSTM model, as evidenced by lower mean absolute error (MAE), root mean square error

(RMSE), and higher coefficient of determination (R?). The superior performance of CNN-

viil



LSTM highlights its ability to capture both spatial and temporal dependencies in
meteorological and soil data, making it a reliable tool for soil moisture estimation in data-scarce
mountainous environments. This modeling framework offers promising applications in
precision agriculture, drought monitoring, and water resource management under changing

climatic regimes.

The third and final component of the study applied the SPHY (Spatial Processes in Hydrology)
model to simulate hydrological processes in a non-glaciated watershed within the Upper Ganga
Basin over a 14-year period (2010-2023). The model was calibrated and validated using
observed hydrometeorological data and demonstrated robust performance in simulating key
hydrological components—surface runoff, lateral flow, baseflow, and evapotranspiration—
under complex Himalayan terrain. The SPHY model also proved adaptable for application
across similar catchments in the northwestern Himalayas. Its integration with geospatial tools
and satellite-derived datasets further enhances its utility for hydrological assessment in data-
limited regions. Given the critical dependence of Himalayan hydrology on temperature and
precipitation, particularly in light of climate change, SPHY provides a valuable platform for
assessing watershed responses and informing water resource planning and adaptation

strategies.

In summary, the study demonstrates that combining empirical models, deep learning
algorithms, and physically-based hydrological models can significantly improve the
understanding and prediction of soil moisture and watershed hydrology in complex
mountainous regions. These methodologies collectively contribute to more informed decision-

making in water resource management and climate resilience planning in the Himalayas.
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Chapter 1

1.0 INTRODUCTION

1.1 General:

Watershed is supposed to be the basic unit at which the hydrologic processes are studied and
is central to most of the concepts in hydrology. Experimental hydrology still has a unique place
with no alternative for testing and developing new research hypotheses and models. Given the
importance of experimental hydrology, NIH has initiated an experimental hydrologic project
for a small lesser Himalayan watershed, namely, Henval. In the first phase of the project, a
state-of-art field observatory was established with various instruments and sensors during
2016-2019. Preliminary data analysis on the estimation of evapotranspiration by various
methods and water balancing of the watershed was performed. The field station developed at
Henval watershed is envisaged to operate for long-term monitoring of different hydro-climatic

variables. This study is supposed to be the second phase of the project.

In view of the state of affairs of existing models and studies addressing the problems of
watershed hydrology, the significant limitations might be characterized as mainly twofold.
First, study basin designs have been limited by the black box concept and many misconceptions
(e.g., the linearity, non-heterogeneity, additivity of hydrologic systems, etc.). Second, the
operation has been substantially bounded by the hydraulic conception of these watersheds as
isolated hydrological systems (Wei-Zu et al. 2013). Most of the watershed studies monitor only
total runoff at the stream-outlet, and the subsurface responses of the watershed are only
estimated by hydrograph separation, etc. These characteristics undermine the formulation of a
unified theory of watershed hydrology (Sivapalan et al. 2005) and the development of
watershed models (Kirchner, 2006; Mcdonnell et al., 2007). There is a clear need to move
beyond the status quo and expand from this narrow hydrological perspective to generate
hypotheses governing general behaviour across places and scales, with the ultimate aim to

advance the science of hydrology.

In the Himalayan mountains, “naula” (1-2 m deep, approximately lined wells to get water from
seepage) and "dhara" (springs) are the primary sources of water for drinking and household
consumption. Deforestation, grazing and trampling by livestock, erosion of top fertile soil,

forest fires and development activities (e.g. road-widening, mining, building construction, etc.)

1



reduces the infiltration rate and sponge action of the land, which results in unchecked flow of
water during the monsoon to cause sudden swelling of streams and rivers, so that there are
floods in the foothills and even in the plains, and droughts in the villages located on the slope
of the mountains. The difficulty to understand the nature of hilly areas possesses severe
limitation on-ground observation. Field experimentation and information collection to develop
planning activities for proper planning and management of water resources is therefore

necessary.

Hydrological changes experienced by the Himalayan basins are very critical to the water
security of the northern Indian plains. Rising temperatures, changing glaciers and reducing
snow cover are indicative of the nature of the changing climate of the Himalaya in the recent
past (Bhutiyani et al., 2007, 2010). While cryosphere components dictate the hydrology of the
higher Himalayan region, the lesser Himalayan regions experience the highest precipitation
across the Himalayan slopes and have a more considerable influence on the basin hydrology.
However, the climate- hydrology linkages of this critical region are least known. The climate
of the Himalayan slopes is dictated by the orographic forcing and strong linkages between
temperature distribution of the mountain slopes and atmospheric saturation conditions by
summer/winter monsoon (Thayyen and Dimri, 2014). How these processes are impacting the
present and future regional hydrology is the crucial question. Thorough understanding of the
coupling between surface hydrologic systems and the overlying atmospheric system under
orographic moisture flow is essential to address this question. An experimental research station
with state-of-art instrumentation with a long-term research framework is being set up in the
lesser Himalayan region to gain understanding on these issues. This research station is aimed
to produce baseline data of weather and hydrology of the lesser Himalayan mountains leading
to a better understanding of climate-hydrology interaction under changing climate of the
region. Since the Himalayan tributaries play an essential role in maintaining the hydrologic
regime of the Ganges River; sustained research from this experimental station will help in
managing the water resources of Himalayan tributaries of Ganges River under the climate

change scenario.
1.2 Background

The field monitoring of the various variables and development of baseline datasets for the
Henval watershed shall be a continuous process in this study. Hydrological modeling of the

stream is planned to understand the catchment characteristics and runoff behaviour of the
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watershed. Soil moisture is the crucial variable for partitioning rainfall into infiltration and
runoff, thus playing a fundamental role in runoff modelling and flood forecasting. Recently,
the scientific community is making an excellent effort to address soil moisture estimation over
large areas through in situ sensors, remote sensing, and modelling approaches. There is sizeable
spatial-temporal variability of soil moisture that exists in field conditions. Currently, we are

able to estimate soil moisture accurately at the point scale through in-situ sensors.

Moreover, satellite sensors can obtain less accurate measurements at a coarse scale (~20 km).
Finally, spatial downscaling/upscaling approaches can be used to integrate the different
techniques and observations with modelling. Data assimilation and merging methods can also
be considered to integrate in-situ, satellite and modelled data optimally. Based on the
background above the study has been taken up for long term monitoring with the following

objectives:

1. To develop a baseline runoff and meteorological data of Henval watershed with the
established experimental setup.

2. To carry out Hydrological modelling of Henval river

3. To model the spatial-temporal variability and temporal-stability of the soil moisture

4. To compare and validate the satellite soil moisture data with the in-situ observations

This second phase of the study was concluded in August 2024 after three years of filed based
modelling and monitoring work. However, the field observatories established under the
project-Henval are likely to be extended for a longer run and suplimenting the in-situ data to

the NIH.






Chapter 2

2.0 STUDY AREA

2.1 General

A small Himalayan hilly watershed of Henval River up to Jijali has been selected in the upper
Ganga basin in the state of Uttarakhand for the study. This study area consists of paired
watersheds. One of them is a forested catchment (undisturbed), and the other one is an
agricultural watershed with anthropogenic interventions including a semi-urban habitat at
Chamba (Uttarakhand). The geographical extent of the study area is from 30°17°N-30°26’N
latitude and 78°16°’E-78°25°E longitude. This area is a typical representative of a combination
of lesser Himalayan hilly temperate climatic conditions with an average annual rainfall range
of 1200-1800 mm. The Himalayan subtropical forests yield to a belt of broad temperate leaf
and mixed forest mainly comprising of pine forest. The total area under study is 102 km?
approximately (26 km? forested catchment and 76 km? the other one) with an elevation range
0f 999-2676 m. The location map of the watershed within the Upper Ganga Basin is given in
Fig. 2.1. The stream in the forested sub-catchment is the source of drinking water for 87 nearby
villages. This stream is being pumped 24x7 by the state authorities at its outlet at Dev Nagar
for drinking water supply to the villages.

0 30 Kilometers.

30 15
.

Fig. 2. 1 Location of the Henval watershed up to Jijali within Upper Ganga Basin



2.2 Climate

The climate of this region is generally humid temperate, but observed variations are attributed
to physiographic aspects such as altitude, aspect, slope, drainage condition, vegetation, etc. The
valleys are hot in summer and cold in winter. The average temperature generally varies from
3°C to 30°C. The average yearly rainfall varies from 1200 to 1800 mm. About 70 to 80% of
the rainfall occurs during June and September. The rainfall in the study area starts during May
and lasts up to November. It was noticed that the uniformity of rainfall was pronounced from
the end of June to mid of September), whereas during the other period rainfall distribution is

poor and erratic.
2.3 Digital Elevation Model

The study area is a representative of the lesser Himalayas. To characterize the topographical
features and delineate the catchment boundaries, Shuttle Radar Topographic Mission (SRTM)
Digital Elevation Model (DEM) data of 30m spatial resolution has been used. The study area
is characterized by very rugged topography, where the elevation ranges from 988m to 2686m
(Fig. 2.2). Hypsometric analysis of the study catchments has also been done and presented in

Table 2.1 and Fig. 2.3.
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Fig. 2. 2 DEM and Slope Maps of the study Catchments



2.4 Land use land cover

The forest is the major land-cover feature of both the catchments. But, Henval catchment is
having a considerable coverage of agricultural and fallow land also (the year 2011) which
represent considerable human interventions in the catchment, and Jijali catchment is more
pristine in nature as compare to Henval. The land use land cover (LULC) maps of both the
catchments have been prepared based on the multispectral satellite images of Landsat L8
Operational Land Imager (OLI) at a spatial resolution of 30-meters. LULC map of the
watershed classifies the area in 5 different land cover, i.e. Dense Forest, open forest,
agricultural land, barren land and settlement (human settlement). Change of these land cover

type in the course of a decade, i.e. from 2001 to 2011, is analysed in this section.

Table 2. 1: Area under various percentage slope classes for the study catchments

S. No. The area under slope range (%)
Slope Range Henval Jijali
1 <10 6.84 5.77
2 10-20 27.28 21.38
3 20-30 34.82 32.38
4 30-40 22.67 27.94
5 >40 8.40 12.53
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Fig. 2. 3: Hypsometry Curve of Henval (L) and Jijali (R) Catchments

LULC map of Jijjali catchment (Fig. 2.4) shows three land cover types in 2001 and four land
cover types in 2011. In 2001 Jijali catchment was observed to be cover with three land cover

classes which were dense and open forests, and agricultural land. This land cover of three



classes evolved to four classes in 2011, which were dense forests, open forests, agricultural

land and barren land.

Fig. 2.4 shows an increase in dense forest, agricultural land and barren land, which was
compensated with an appreciable decrease in the open forest area. It can be seen from the Table
2.2 that there is a decrease of 24.65%, which is 6.46 km? for Jijali catchment from the year
2001 to 2011 in the open forest land. No settlements were captured in both the years 2001 and
2011 on a scale of 30 m pixel size. Barren land also started growing in the higher elevation of

the catchments, which have grown from 0% in 2001 to 2.44% in 2011.
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Fig. 2. 4: LULC Maps of the Jijali Catchments for the year 2001(L) and 2011(R)

Table 2. 2: Area of coverage by different land cover within the Jijali catchment

S.No. Land cover Type 2001 (km?) 2011 (km?) Change Area (km?) Change (%)

1 Dense Forest 11.76 15.5 3.74 14.27

2 Open Forest 14.44 7.98 -6.46 -24.65

3 Agriculture 0.02 2.1 2.08 7.94

4 Barren Land 0 0.64 0.64 2.44
Total 26.22 26.22




LULC map of Henval catchment shows 5 land cover classes (Fig. 2.5). A similar pattern was
observed in land cover change like that in Jijali catchment. In Henval catchment also increase
in dense forest, agricultural, barren land and land under the settlement was observes which was

compensated by the decrease in open forest land.

Table 2.3 indicate the areal coverage of various land uses in the year 2001 and 2011. In the
year 2011, a decrease of 30.68% was seen in the open forest area, which accounts for 23.24
km? of Henval catchment. Approximately similar increases in the dense forest were noticed in

both the catchments, i.e. of 15%.
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Fig. 2. 5: LULC Maps of the Henval Catchments for the year 2001(L) and 2011(R)

A combined LULC map of both the experimental watersheds is depicted in Fig. 2.6. Watershed,
as a whole, shows significant changes from May-2001 to April-2011. All classes excluding
open forest land shows an increase in the area. The turnout of the open forest into the dense

forest (15.55%, i.e. 15.86 km?) is the significant change that can be seen over time in the area.



Table 2. 3: Area of coverage by different land cover within the Henval catchment

S. No Land cover 2001 2011 Change Area Change
o Type (km?) (km?) (km?) (%)
1 Dense Forest 23.28 354 12.11 15.99
2 Open Forest 51.57 28.33 -23.24 -30.68
3 Agriculture 0.76 8.71 7.95 10.5
4 Barren Land 0.12 3.09 2.97 3.92
5 Settlements 0.03 0.23 0.21 0.27
Total 75.76 75.76
g TRICE THIRO0"E THUNE H0E THUNE g TRICE THIRO0"E THUNE H0E THUNE
5 LULC Map of Watershed - May 2001 N é LULC Map of Watershed - April 2011 N
wéaﬁ
= =
= =
s | z s | z
z z
LEGENDS LEGENDS
7 | [ Streams 7 | [ Stream:
Y z Y z
21 Luc 1= =21 LU 1=
= B Dense Forest :% = B Dense Forest :%
I Open Forest I Open Forest
l_ Agricultural Land l_ Agricultural Land
[~ Barren Land 0075 15 3 45 [~ Barren Land 0075 15 3 45
B sattlements ——— g B sattlements ——— g
TIGE | TEIS0UE | TN0E | W0E | TeM0E 5 TIGE | TEIS0UE | TN0E | W0E | TeM0E 5

Fig. 2. 6: LULC Maps of the watershed for the year 2001(L) and 2011(R)

Agricultural land, Barren land and Settlements have also increased in the watershed, which is
all due to decreased open forest land. The possible reason behind this decrease in open forest
land and increase in all other land cover classes can be the unplanned restricted movement of
the population in the open forest land for fuel or fodder for their livestock. The reason behind
this unplanned restricted movement can be many such as availability of LPG which would limit
the fuel consumption from the open forest, increased agricultural area which would help in

supplementing food both for the livestock and the population living in the area.
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Chapter 3

3.0 DATA AND INSTRUMENTATION

One of the primary objectives of the project is to generate various hydro-meteorological
datasets for the study catchment for understanding the hydrological and climatic processes and
their interactions. An experimental catchment has been designed with various instrumentations

and established the project site at Henval catchment was done to achieve this objective.
3.1 Construction of Rectangular Weirs

Discharge is an essential component and process of the hydrological cycle. Two broad crested
rectangular weirs have been constructed to measure the discharge at the outlet of Henval and
Jijali. Guidelines for ideal site selections for discharge monitoring were followed. After a
survey of many possible gauging sites, a location near to the Uttarakhand Jal Sansthan (UJS)
pumping station was identified for construction of a weir across the perennial stream. It was
challenging to construct a permanent structure in a running stream, and the success of the
structure depends on the skill of the workers. Construction of weir was done in two phases in
the first phase the water was diverted to one side, and RCC work on the other side was
completed. After two weeks in the second phase, the other side of the weir was casted with

water diversion over the completed part.

The weir at Henval is constructed just upstream of the pedestrian cross-over bridge near the
pumping station of UJS at Jijali-Devnagar. The length of the weir is 11m, the height is 1.0m
(initially 0.7m), and the width of the crest is 0.5m. The weir at Henval was also provided with

one staff gauge to measure the water level in the upstream of the weir.

The weir was operated for one entire year successfully, and it was noticed after the first
monsoon that the majority of the weir is laden with the silt, boulders and many river bed
materials. Thus, it was creating obstacles for proper monitoring of the water level. The issue
was discussed within the project team, and it was decided to raise the height of the weir to one
meter from 0.7 meter. Then, the second phase of construction works carried over the same weir
and after that, the monitoring was continued. Fig. 3.1 shows the evolution of the weir at Henval

and various phases of its construction.
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Fig. 3. 1: Various phases of construction of Wer at Henval

The second weir at Jijali stream of the forested catchment has been constructed about 250m
upstream of the confluence of Jijali and Henval. The dimensions of this weir are 11.5m X 0.7m
X 0.5m. The various phases of construction of a weir at Jijali area shown in Fig. 3.2. During
the field visit on May 04th, 2016 it was found that the soon after its construction Jijali weir is
thoroughly water submerged due to a water intake structure constructed by the Uttarakhand Jal
Sansthan (UJS) just downstream of the weir. The situation was examined by the team of experts
to resolve the issue. But the requisite free-flow condition for the Jijali weir could not be created
in that location, so no observations are available fro Jijali weir. Submerged weir is also visible

in the Fig. 3.2
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Fig. 3. 2: Various phases of construction of Weir at Jijali

3.2 Installation of Automatic Weather Station (AWS) - Nagani

One automatic weather station (AWS) with soil parameters monitoring station has been
purchased from Campbell Scientific and installed in the agricultural catchment (Fig. 3.3) near
village Nagani at 1090 m a.s.l.. Initially, the data at an interval of 30min were received at NIH

servers through FTP from March 23rd, 2016 on a near real-time basis, but due to poor mobile
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network, it was shifted to email-based reporting. The various sensors their make and accuracy

and other installation details are given in Table 3.1.

Table 3. 1: Details of the sensors, their accuracy and installation information plugged in
in the AWS and the soil Monitoring Station at Nagani

Sensor Symbol Make Height/Depth Stated
(Unit) (m) accuracy
Data loger Campbell CR1000 NA NA
Ta (°C ics- +0.2°C
AT/RH: Radiation Shield ) Rotronlgs
RH (%) HygroClip2 2.0m +1.5% RH
Air temperature/Fan 0 Rotronics- 0
Aspirated Ta (C) HygroClip2 2.0m £0.2°C
Relative Humidity/ Fan 0 Rotronics- 2.0m 0
Aspirated RH (%) HygroClip2 £1.5% RH
- - 2.0, m
Wind Speed u (1r)n s | RM sznsg 05103 +0.3m/s
Wind Direction (WD2.0) wp (0 | RM Young 05103- +0.3°
5 2.0m
- - 2.0m
Wind Speed (WS 63cm) u (11’)1’1 s | RM Your51g 05103 +0.3m/s
Wind Direction (WD 63 cm) | WD (%) | RM Young 05103- +0.3°
5 2.0m
. i Kipp & Zonen
2
Four Component radiometer | (W m™) (CNR4) 2.5m
Setra
Air pressure hpa CS100 (500- +0.3hpa
1100hPa)
Rain Gauge (m) TE525MM 1.0 +1.0cm
Soil temperature T (0) L07.L 2.0cm (L, R)
(04 Nos.) 30cm (L, R)
6.0 cm (L, R)
Soil Moisture, Temp(TDR) 15 cm (Centre)
Sensor CS655
(05 Nos.) 50 cm (Centre)
90 cm (Centre)
Soil Heat flux plate Hukseflux
(W m?) 8.0 cm (L, R)
(02 Nos) HFPO1-L
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The data received from March 23rd, 2016, has been processed, analysed, and the results are

presented in this report.
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Fig. 3. 3: The automatic weather stations (AWSs) installed at Henval Catchment

3.3 Installation of Automatic Weather Station (AWS) - Kanataal

Another automatic weather station (AWS) with soil parameters monitoring station has been
procured from a sponsored project (MoES) and installed in the agricultural catchment (Fig.
3.4) at the Research and Extension Centre of Uttarakhand University of Horticulture and
Forestry (UUHF), Kanataal (Tehri Garhwal) of on an elevation of 2590 m a.s.l. Meteorological,
soil and solar data are being recorded at this AWS at a frequency of 30 min. The installation of
this AWS tower was done on January 04th, 2018. The various sensors their make and accuracy
and other installation details are given in the Table 3.2. However, only the results of the analysis

of the data received from AWS tower of Nagani (Table 3.3) are presented in this report.
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Table 3. 2: Details of the sensors, accuracy and installation information plugged in the
AWS and the soil Monitoring Station at Kanataal

Sensor Symbol Make Height/ Stated
(Unit) Depth (m) accuracy
Data logger - Campbell CR3000 NA NA
Ta (°C) +0.1°C
AT/RH Sensor RH (%) HC2S3-L-20pt 2m £0.8% RH
Compact Aspirated Shield 43502 2m
Net Radiometer (W m>) NRLite2 2m 10 pV W-1 m2
Rain Gauge (m) | TE-525-L25-PT I'm 1-0‘V;>n1r1r1;>/1t10 >0
Heat Flux Sensor (W m?) HFPO1-L-25pt 2m +3%(k=2)
Barometric Pressure Sensor Mb CS-106 +0.3 mb
Soil sensor Ta (°C) CS-665-L-66pt 2, 61,03)5;115 0, +0.1°C
Wind Speed Sensor U(ms™') FST200-201 2,10 m +0.5 m/s
Wind Direction Sensor WD (%) FST200-202 2,10 m +3°

Table 3. 3: Details of Automatic Weather Station (AWS) considered

Station AWS1 AWS2 AWS3

Location 30°21' 00" N, 30° 24' 53.08" N, 30°19'54.11" N,

(Lat-Long) 78°19'40.80" E 78°19'17.98" E 78°21'40.19"E

Elevation 1798 m 2590 m 1000 m

Soil type Loamy Loamy Sandy-Loam

land use Open Forest Apple Orchid Agricultural Land

3.4 Installation of Automatic Water Level Recorder (AWLR)

For the measurement of discharge at the outlet of Henval, a weir has been constructed as

discussed in section 3.1. An automatic radar type water level recorder with telemetric

arrangement has been purchased and installed (Fig. 3.4) to monitor the water levels (head over

the weir). It is a non-contact device which looks down toward the river water. The installation

of AWLR was not easy. A complete telescopic cantilever with a perpendicular balancing

arrangement with stay-wires was fabricated at the NIH workshop. The cantilever transported

to the project site and fixed with a masonry civil structure with many humanitarian efforts.
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Installation of AWLR is in the upstream of pedestrian cross-over bridge near the pumping
station of UJS at Jijali-Devnagar. AWLR is a fully computerized, digital and self-contained
power source system, fitted with data logger and battery charging solar panel with rechargeable
batteries with sealed waterproof enclosure for the data logger. The data logger is placed on the

rooftop of the nearby residential quarter of UJS employee.

Fig. 3. 4: The digital water level recorder (DWLR) installed on the outlet of Henval
stream

3.5 Eddy Flux Tower

Variables describing the turbulent transport such as three components of the 3-dimensional
wind speed (u, v, w), sonic temperature (Ts), the concentration of the gas of interest, and water
vapour serves the requirement of eddy covariance method for the computation of
evapotranspiration. These measurements have to be fast to be able to compute the gas flux and

are captured by an eddy covariance station. The term “fast” usually refers to devices capable
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of adequately measuring processes at about 10 Hz (10 times per second). The instrumentation
consists of a 3-dimensional sonic anemometer and an open-path gas analyser. The gas
analyser is usually positioned at or slightly below the sonic anemometer level. The vertical and
horizontal separation between the anemometer and other instruments should be kept to a

minimum, preferably not exceeding 15 to 20 cm.
3.5.1 3-Dimensional Sonic Anemometer

A 3-dimensional sonic anemometer uses 3 pairs of transducers to measure the speed of sound
for each pair. Three vector components of wind speed are then computed, and the vertical wind
speed component (w) is used for the eddy covariance calculations. The three main types of the

physical arrangement of sonic anemometers most used in eddy covariance are:

1. Omni-directional design with u, v and w components measured in the same physical
space by non-orthogonal off-axis pairs of transducers (e.g., not at 90° to each other),

2. Non-Omni directional c-clamp design with u, v and w components measured in the
same physical space by non-orthogonal pairs of transducers,

3. C-clamp design with u, v and w components measured in the same or different physical
spaces by orthogonal transducers, with w measured by a pair of vertically aligned

transducers.
3.5.2 Gas Analyser

There are many different ways to measure gas content in the air. These may be based on
chemical, electric, optical and other types of technology. However, not all of these
measurements are suitable for eddy covariance. In the eddy covariance method, fast
fluctuations in atmospheric gas concentration need to be sampled with high resolution at a
frequency of about 10 Hz. Chemical sensors are usually too slow for such sampling, and
electric sensors generally do not work well with the low concentrations of gases typically found
in the atmosphere. Optical analysers, however, can be sufficiently fast for use in eddy

covariance, depending on the performance of the specific instruments.

The flux tower arrangement installed at the site in Henval valley contains a 3-D sonic
anemometer, i.e. CSAT-3A by Campbell scientific (Fig 3.3), for the measurements of the
turbulent fluctuations of horizontal and vertical wind, and an open-path gas analyser, i.e. EC

150 by Campbell scientific (Fig 3.3), specially designed for eddy-covariance carbon and water
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flux measurements. As a stand-alone analyser, it simultaneously measures absolute carbon-

dioxide and water-vapour densities, air temperature, and barometric pressure.

Fig. 3. 5: The Eddy covariance sensor installed at Nagani AWS station
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Chapter 4

4.0 SOIL MOISTURE MODELING: EMPIRICAL
4.1 General

Soil moisture plays a vital role in the water transport pathway of soil-plant-atmosphere
continuum systems. The moisture content of the soil is a crucial governing variable of the water
and energy cycle as it has a strong influence on energy and water balance. In addition, it
determines the proportion of incoming longwave solar radiation into outgoing longwave
radiation, latent, sensible, and ground heat flux (Entekhabi and Rodriquez-Iturbe, 1994;
Collier, 2016) and partitions the rainfall into the runoff, surface storage, and infiltration

components (Aubert et al., 2003; Venktesh et al., 2011).

As a consequence, it's estimation and prediction emerged as research focus and significantly
applied in various disciplines: for example (a) in earth system dynamics, it affects boundary
layer development (Ek and Holtslag, 2004; Zhou and Geerts, 2013; Cioni and Hohenegger,
2017; Zhang et al., 2019) and atmospheric circulation (Haarsma et al., 2009; Koster et al., 2014,
2016; Berg et al., 2017; Van der Linden et al., 2019) (b) in water resource management, soil
moisture is used for reservoir operation (Mehrotra, 1999; Srinivasa Prasad et al., 2013; Kumari,
2019), drought assessment (Mozny et al., 2012; Mananze et al., 2019) , flood forecasting
(Viterbo and Betts, 1999; Basara, 2001; Feng et al., 2015; Chifflard et al., 2017; Massari et al.,
2018), hydrologic processes and water-balance studies (Hudson, 1988; Brocca et al., 2017,
Salugin et al., 2018), (c) in agriculture, soil moisture affects crop production (Rossato et al.,
2017; Peichl et al., 2018), irrigation scheduling (Schroder, 2006; Aguilar et al., 2015), pest
detection and control (Koppenhofer and Fuzy, 2007; Garrido-Juradoet al., 2011) (d) in forestry,
soil moisture is essential for forest yield estimation (Mantovani et al., 2013), and forest fire
prediction (Krueger et al., 2015; Jensen et al., 2018); (e) in soil science, soil moisture plays a
significant role in erosion, mass movement, and landslides (Zhou et al., 2019; Abraham et al.,
2020). Due to these widespread uses, soil moisture research has attracted the attention of

numerous scientists worldwide.

Observations and soil moisture estimation are complex, time-consuming and expensive (Meng
and Quiring, 2008). Moreover, it is spatially and temporally variable due to the heterogeneity

of soil texture, topography, vegetation and climate (Kong et al., 2011). Therefore, various
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applications requiring soil moisture information trust on model simulation are mainly driven
by various meteorological factors in a climate system (Robock et al., 1998; Hagan et al., 2019).
Understanding the relationship of soil moisture with meteorological parameters helps estimate
and predict eco-hydrological processes such as evapotranspiration, groundwater recharge, etc.
It also helps to estimate heat fluxes, which can lead to better weather forecasts. In addition, it
is vital to suitably manage agricultural water requirements and support increases in crop
productions. For revealing the relationship of soil moisture with other meteorological
parameters, several models have been developed over time which is generally based on two
types of approaches, viz. empirical and physically-based models. Empirical models are based
on simple empirical algorithms using field observations in which water transfer in and out of
the soil profile is adopted. This modelling approach has demonstrated versatility, but reliable

predictions at the specific site require some calibration using observed soil moisture data.

Several other studies indicate that successful retrieval of soil moisture profiles requires
mathematical models that include the dominant processes for the particular hydrological
conditions (Walker et al., 2001). However, it is challenging to develop an ideal empirical model
for soil moisture estimation due to complicated structural characteristics and meteorological
factors. Therefore, this chapter deals with these objectives (1) to propose an empirical model
for estimating soil moisture at different soil depths, (b) to check the workability of the proposed
model at different soil depths, and (c) to simplify the proposed model for making it applicable

at other sites and check its workability.
4.2 Model Development
4.2.1 Background

For this study, the study site's soil is considered a gigantic reservoir consisting of various layers.
It is a common experience that soil moisture in the upper soil layers is significantly affected
and replenished by single rainfall events, and it gets lost through evaporation, transpiration and
percolation. In contrast, soil moisture in the deeper layers is primarily replenished by
infiltration of water stored in the variable layers, groundwater, and mainly used by vegetation
through transpiration. Soil moisture is also strongly coupled with temperature. It controls the
partitioning of energy into sensible and latent heat fluxes and influences near-surface air
temperatures (Huang et al. 1996). An increase or decrease in air temperature results in wind
speed which plays a significant role in transporting the water vapour either evaporated from
the soil or transpired from the plant into the atmosphere.
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When a parcel of warm air moves over a wet surface, the temperature of the interacting surface
decreases until the air surrounding the surface is saturated with moisture, which results in a
temperature lower than ambient. The air surrounding the plant can approach saturation with
water vapour transpired from the plant. With the reduction in air movement, the movement of
saturated air mass away from the plant also reduces, resulting in a minimum vapour pressure
deficit. A high wind speed results in more evapotranspiration and vice-versa. Rayner (2007),
Roderick et al. (2007), Zheng et al. (2009), Tang et al. (2011), Liu et al. (2011, 2019), McVicar
et al. (2012) and many others have reported that the decline in surface wind speed decreases
the drying of soil moisture by reducing atmospheric evaporative demand. Various researchers
also described that the increase in air temperature reduces the soil moisture in the top-soil layer
(Jin and Mullens, 2014; Feng and Liu, 2015; Tang and Chen, 2017). Similar relations are

observed by researchers between soil temperature and soil moisture (Al-Kayssi et al., 1990).
4.2.2 Model Formulation
(a) Water Balance Equation
The soil water balance equation for a soil column is considered as
0 =6, _,+F—ET — Per 4.1)

where 0 is the soil moisture of present-day, 0(.1) is the soil moisture of the previous day, F is

the infiltration, ET is the evapotranspiration, Per is the percolation.

(b) Relation Between Soil Moisture and Rainfall

It is commonly experienced that when light rains fall on warm, parched soil, it gets converted
into vapour within a few hours. On the contrary, the heavy rains of such a short duration for
which runoff is very high results in a thorough wetting of upper layer soils and an addition to
the soil moisture through infiltration. The infiltration is a complex process and varies non-
linearly (Asgari et al., 2011; Pathak and Singh, 2016; Broadbridge et al., 2017), which can be

described mathematically as

F=qaP’ (4.2)

where o and B are coefficients varies between 0 and 1.
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(c) Loss of Soil Moisture

The above discussion clarifies that soil moisture decreases on primary meteorological factors,
viz., soil surface temperature, air temperature, wind speed, and downward percolation. The ET
and the percolation are the two significant soil moisture loss components. Based on various
permutations and combinations of different mathematical functions, the following loss

components have been formulated.

(i) ET component

(a) Soil moisture loss (evapotranspiration component) due to wind is formulated as
ET, =n(1*U) (4.3)
Where U - wind speed at 2 m and A - coefficient.

The mathematical expression for representing the soil moisture loss (evapotranspiration

component) due to air temperature is expressed as an exponential function as

ET, = exp(y*ATMax) (4.4)

Similarly, the soil moisture loss due to soil surface temperature can be modelled as
ETST = exp(5*STMax) (45)

ETat and ETsr are evaporative (soil moisture loss) due to air temperature and soil surface
temperature, respectively. ATwmax and STMax are the maximum air soil surface temperature,

respectively. v, 6 are the model coefficients.

The combined effect of wind speed, air and soil surface temperature on evapotranspiration is

formulated as
ET=1n(ﬂ*U)+ exp(y*ATMAX)Jrexp(é‘*STMAx) (4.6)

(i) Percolation component

Percolation 1s formulated as

Per =exp(u*(6,_, + F))
Per = exp(,u * (Q_l +aP? )) 4.7)

Where 6.1y~ Soil moisture of previous day, u - coefficient
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(d) Computation of soil moisture

By replacing the infiltration, evapotranspiration and percolation formulations in Eq. (8.1), the

present-day soil moisture can be formulated as:

0, =60 +aP’ —n(A*U)—exp(y* AT, )—exp(5* ST, )~ exp(y * (HH +aP’ ))
(4.8)
4.2.3 Model Calibration

The proposed empirical relation (Eq. (8.8)) is calibrated using observed rainfall, wind speed,
maximum air temperature and maximum soil temperature data. For this chapter study, data of
the Kanataal site from another project sponsored by MoES is also used here, along with the
data of Nagini and Kumargaon. The study site Kanataal is located at 30° 24' 53.08" N, 78° 19'
17.98" E, altitude - 2590 m.a.s.l within the Henval watershed. Near-surface soil temperature
(at a depth of 2 cm) is used as surface soil temperature due to the unavailability of surface soil
temperature data. For the Kumargaon, Kanataal and Nagini sites, data from 13/02/2018 to
03/10/2018, 03/01/2018 to 31/05/2018 and 23/03/2016 to 31/03/2017 is used for model

calibration.
4.2.4 Parameter Estimation

The Generalized Reduced Gradient (GRG) optimization technique which is a non-linear
method, was used to optimize the parameters used in the proposed equation of soil moisture.
GRG solver looks at the slope of the objective function as the decision variables alter and
decides that it has touched an optimum solution when the partial derivatives equal zero. It is a
simple, robust and trustworthy approach to model difficult non-linear systems (Moore and
Jones, 2015). GRG solver stops if the absolute value of relative change in the objective function
is less than the tolerance value for the last five iterations (Zakwan et al., 2017). Barati (2013)
successfully used it to estimate the parameters of non-linear Muskingum models for flood
routing. Zakwan et al. (2016) and Zakwan (2017) also used it and found it effective to obtain

the parameter of infiltration equations.

Using this technique with appropriate bounds on parameters of the proposed equation, the
objective function (RMSE) was optimized to obtain the optimal values of the parameters. The

acquired set of parameters for different soil depths are given in table 4.1.
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Table 4. 1: Obtained parameters at different soil depths

Parameters | Range Soil depth
Kumargaon Kanataal Nagini

2cm (6cem [25cm [2cm [6cm [25cm | 6cem [ 15Scm | 50 cm
o} 0-1 0.747 1 0.655 1 0.500 | 0.58510.303 {0.109 |0.721 | 1.000 | 0.532
B 0-1 0.380 [ 0.390 1 0.252 | 0.513 | 0.695 | 0.657 | 0.361 | 0.355 0.000
A 0-1 0.020 | 0.023 1 0.021 | 0.010 | 0.010 | 0.010 | 0.018 | 0.015 0.010
Y 0-1 0.000 | 0.000 | 0.001 |0.100 | 0.010 | 0.062 | 0.006 | 0.000 | 0.062
d 0-1 0.007 1 0.000 | 0.001 |0.085|0.100 | 0.050 | 0.037 | 0.015 0.019
u 0-1 0.070 1 0.073 1 0.100 | 0.043 | 0.032 | 0.031 | 0.037]0.039 |0.031

4.2.5 Model Simplification

The obtained parameters in optimization for the same depth are averaged together to simplify
the model and increase its field applicability, as shown in Table (4.2). Using these values of
parameters in Eq. (8.8), the simplified equations for soil moisture estimation can be obtained

as

For soil depth of 2 cm,

6, =6, , +0.666 * P ~In(0.015 *U )—exp(0.050 * AT, )— exp(0.046 *ST,,,. )~ exp(0.057 *(6, , +(0.666 * P***°))

(4.9)

For soil depth of 6 cm

6, =0, ,+0.560 * P**? —In(0.017 *U) - exp(0.005 * AT, ) — exp(0.046 * ST,,,. ) — exp(0.048 * (6, , +(0.560 * P**?))
(4.10)

For soil depth of 25 cm,

0, =6, , +0.305* P*** ~In(0.016 * U )— exp(0.031 * AT, )—exp(0.026 * T, )—exp(0.065 * (6, +(0.305 * P***))

4.11)
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Table 4. 2: Average value of parameters at different soil depths

Parameters Soil depth

2 cm 6 cm 25 cm
o 0.666 0.560 0.305
B 0.446 0.482 0.455
A 0.015 0.017 0.016
Y 0.050 0.005 0.031
) 0.046 0.046 0.026
u 0.057 0.048 0.065

4.2.6 Performance Evaluation

For evaluating the performance of the proposed empirical relation, indices of agreement,
namely, Coefficient of determination (R?), Root Mean Square Error (RMSE), Mean Absolute
Error (MAE) and Unbiased Root Mean Square Error (ubRMSE), are used, which can be

N _ —
{Z (9 Obs — OObsxe Comp OComp )}
described asR* = == 4.12)

N N

Z( eObs) Z(eComp _6C°mp )12

i=1 i=l

1 N
RMSE :\/EZ( obs = Ocom ) (4.13)
i=1
ubRMSE = % \/i((eom —Bons )~ (0o —Ocom )] (4.14)
i=1
1 N
MAE = ﬁ{ > 00, —emq (4.15)

where, Bobs is the observed soil moisture, Ocomp is the computed soil moisture, Gops is the mean

of observed soil moisture, &comp is the mean of computed soil moisture, N is the total number
of observations, and i is an integer varying from 1 to N.
4.3 Result and Discussion

4.3.1 Model Validation

For validation of the proposed model at the study sites of Kumargaon, Kanataal and Nagini,

data from 16/10/2018 to 14/12/2019, 01/06/2018 to 31/12/2018 and 01/04/2017 to 09/08/2017
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are used, respectively. For assessing the performance of the proposed empirical model, the
coefficient of determination (R?) is computed, which designates the total variance between the
observed and the modelled data and ranges from 0 to 1. A perfect correlation is obtained if R?
equals 1, whereas R? equals 0 indicate no fit. In between, higher values of R? show superior

performance and decreasing values indicate a poor fit.

Table (4.3) shows the R? values obtained in calibration and validation for all the soil depths of
the study sites. Figure (4.1) shows the R? between the observed and the predicted soil moisture
for the Kumargaon site, which indicates that the proposed empirical equation is capable of
computing the soil moisture in the upper layers of 2 cm and 6 cm with excellent performance
associated with high R? value in calibration and validation. At the soil depth of 2 cm, R? for
calibration and validation is 0.91 and 0.85, respectively, whereas, at the soil depth of 6 cm, R?
for calibration and validation is 0.90 and 0.83, respectively. At the deeper soil depth of 25 cm,
R? for calibration and validation is 0.73 and 0.62, respectively. Similar performance is obtained

for the Kanataal site for the same soil depths as shown in figure (4.2).

Similarly, R? between the observed and the predicted soil moisture for the Nagini site is shown
in figure (4.3). Here, it is observed that for the soil depth of 6 cm, R? for calibration and
validation is 0.89 and 0.78, respectively. In contrast, at the soil depth of 15 c¢m, the R? for
calibration and validation is 0.67 and 0.73, respectively. At the soil depth of 50 ¢cm, R? for
calibration and validation is 0.72 and 0.76, respectively. It can be noted that R? for calibration
and validation decreases with the increase in soil depth which indicates the decreasing

performance of the proposed empirical relation with the increasing soil depth.
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According to Ahmadisharaf et al. (2019), the R? criterion is unresponsive to additive and
proportional variances between the predicted and observed values. Still, it is more sensitive to
outliers than to the values near the mean, leading to a bias towards the extreme values. To
overcome the discrepancies related to the use of R?, alternative measures of performance, i.e.
RMSE, provide an estimate of the error between the computed and observed data. The perfect
fit between the observed and predicted values is described by its optimal value equal to 0, and

increasing values indicate a poor fit.

RMSE has been computed for all the soil layers and sites under study, as shown in table 4.3.
For the soil depth of 2 cm, 6 cm and 25 cm at Kumargaon, RMSE is found 1.22, 1.13 and 1.00
in calibration and 2.08, 4.23 and 3.97 during validation, respectively. For the similar soil depth
at Kanataal, RMSE is found 2.08, 2.68 and 2.09 in calibration and 4.76, 10.76 and 3.46 during
validation, respectively. Similarly, for the soil depth of 6 cm, 15 cm and 50 cm at Nagini,
RMSE is found 2.96, 5.02 and 2.81 in calibration and 7.61, 8.23 and 2.81 during validation,

respectively.

Table 4. 3: Performance measures of the model at different soil depths of the study sites.

Kumargaon
Soil depth Calibration Validation
R? | RMSE | ubRMSE | MAE | R* | RMSE | ubRMSE | MAE
2 cm 091 | 1.22 0.77 0.93 | 0.85]2.08 1.19 1.70
6 cm 0.90 | 1.13 0.68 0.88 | 0.83|4.23 1.61 3.90
25 cm 0.73 | 1.00 0.54 0.80 | 0.62|3.97 1.41 3.70
Kanataal
Soil depth Calibration Validation
R?> | RMSE | ubRMSE | MAE | R? | RMSE | ubRMSE | MAE
2 cm 0.79 | 2.07 1.11 1.75 | 0.84 | 4.76 2.66 3.96
6 cm 0.80 | 2.68 1.48 223 1081|1076 |4.18 9.92
25 cm 0.57 | 2.09 1.05 1.80 | 0.79 | 3.46 1.95 2.86
Nagini
Soil depth Calibration Validation
R? | RMSE | ubRMSE | MAE | R*> | RMSE | ubRMSE | MAE
6 cm 0.89 | 2.96 1.63 248 |0.78 | 7.61 3.59 6.68
15 cm 0.67 | 5.02 2.56 432 |0.73 | 8.23 4.94 6.54
50 cm 0.72 | 2.81 1.72 221 076 2.81 3.74 5.06
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The obtained results indicate the satisfactory performance of the model at all the sites. It is also

found here that the model performance decreases with the increasing soil depth.
4.3.2 Comparison of Model Simulation with Observed Time-series

The visual comparison of observed and predicted soil moisture at Kumargaon is shown in
Figure (4.4), which indicates that the predicted and the observed values are very close to each
other in the upper layers of 2 cm and 6 cm, whereas at the soil depth of 25 cm, many computed
values are appearing far from the observed one. The obtained result is also supported by the
Pearson correlation between the observed and computed values (calibration (0.95, 0.95 and
0.85) and validation (0.91, 0.84, and 0.65) for soil depth of 2 cm, 6 cm and 25 cm, respectively,
which decreases with the increasing soil depth. Similar results are obtained for the Kanataal
and Nagini sites, as shown in Figures (4.5) and (4.6), respectively. For Kanataal, Pearson
correlation is found equal to (0.89, 0.90 and 0.76) in calibration and (0.91, 0.90 and 0.89) during
validation for the soil depth of 2 cm, 6 cm and 25 cm, respectively, whereas for the Nagini site,
Pearson correlation is found equal to (0.94, 0.82 and 0.85) in calibration (0.88, 0.86 and 0.87)

during validation for the soil depth of 6 cm, 15 cm and 50 cm, respectively.

The effect of rainfall events is also shown in these figures, which highlight that the addition of
a part of rainfall (infiltration) in the soil profile after rainfall events increases soil moisture
immediately in the upper layers of 2 cm and 6 cm. In contrast, in the deeper layer of 15 cm, 25
cm and 50 cm, the immediate effect of these rainfall events is not visible. During the summer
months (April - June), the small rainfall events increase the soil moisture in the upper layers (2
cm and 6 cm) only. The infiltrated water from these small events is not able to reach the deeper
layers (15 cm, 25 cm and 50 cm) because infiltrated water percolates downward very slowly.
Due to increased solar radiation and high temperature during summers, soil moisture depletes
rapidly through evapotranspiration (Zhuo et al., 2017) and cannot reach the deeper layer. With
the advancement of the southwest monsoon season during June-July, the frequency and
magnitude of rainfall events increases, increasing soil moisture continuously. The infiltrated
water percolates downward continuously and improves the soil moisture in the deeper layers

of 15, 25 and 50 cm.

In the absence of rainfall events, soil moisture starts depleting due to air and soil temperature
and wind speed. The effect of these meteorological variables is visible in all the layers and at

all the study sites, highlighting that the depletion rate of soil moisture is faster in the upper
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layers than in the deeper layer. The effect of meteorological variables decreases with the

increasing soil depth, resulting in slower depletion of soil moisture in deeper layers.
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Moriasi et al. (2015) stated that RMSE is sensitive to more significant errors. Therefore, to
remove the discrepancies associated with RMSE, ubRMSE is computed for all the soil depths
at all the sites under study (Table 4.3). At Kumargaon, ubRMSE is found equal to 1.19, 1.61
and 1.41 for the soil depths of 2 cm, 6 cm and 25 cm, respectively, whereas, for the similar soil
depth at Kanataal, ubRMSE is found equal to 2.66, 4.38 and 1.95. Similarly, at Nagini,
ubRMSE is found equivalent to 3.59, 4.94 and 3.74 for the soil depths of 6 cm, 15 ¢ and 50
cm, respectively. Furthermore, to evaluate the performance of the proposed model, MAE
between the observed and computed data is also calculated, which shows similar results at all

the study sites, as shown in Table 4.3.
8.3.3 Performance Evaluation of Simplified Model

The simplified model (Eq. (4.9-4.11)) is tested using the data used for validation of the models,
and the results are shown in figure (4.7). The obtained results indicated that the simplified
models performed very well at Kumargaon for all the soil depths by depicting high R2 values,
0.86, 0.83 and 0.64 for the soil depths of 2 cm, 6 cm and 25 cm, respectively (Table 4.4). At
Kanataal, the model performed very well only for the topmost layer of 2 cm with high R* (0.81)
value. In contrast, for the deeper layers of Kanataal, the lower value of R? (0.50 for 6 cm and
0.33 for 25 cm) value indicates unsatisfactory performance. For the soil depth of 6 cm at
Nagini, the model again performed well with high R? (0.81) value. Similar results are depicted

by figure (4.8), which visually compares observed and predicted soil moisture.
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Fig. 4. 8 (a-g): Comparison of observed and predicted soil moisture for different soil

depths
Table 4. 4: Performance measures of the simplified models at different soil depths of the
study sites
Site Soil depth R? RMSE ubRMSE MAE
Kumargaon |2 cm 0.86 2.90 2.03 2.07
6 cm 0.83 3.96 2.83 2.78
25 cm 0.64 2.07 1.32 1.59
Kanataal 2 cm 0.82 7.28 4.34 5.85
6 cm 0.50 11.24 4.19 10.42
25 cm 0.33 19.10 5.12 18.40
Nagini 6 cm 0.81 7.74 4.57 6.25

Furthermore, to evaluate the performance of the simplified model, RMSE between the
observed and predicted data is also computed, which reveals that at Kumargaon, RMSE is 2.90,
3.96 and 2.07 for the soil depth of 2 cm, 6 cm and 25 cm, respectively (Table 4.4). The
performance of the simplified model at Kanataal is found comparatively inferior by depicting
a high RMSE value of 7.28, 11.24 and 19.10 for the soil depth of 2 cm, 6 cm and 25 cm,
respectively. For the soil depth of 6 cm at Nagini, high RMSE (4.57) is obtained, indicating the
inferior performance of the simplified model. Similar results are obtained when the simplified

model is tested using the ubRMSE and MAE criteria, as shown in Table 4.4.
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8.4 Concluding Remarks

An empirical model is formulated using available parameters in this study, i.e. rainfall, wind
speed, air temperature, and near soil surface temperature. This model was calibrated and
validated using the Kumargaon, Kanataal and Nagini sites in the lesser Himalayan region. The
results indicated the best performance of the model at Kumargaon with high R? in calibration
and validation. These results are further supported by lower values of RMSE, ubRMSE, MAE
and Pearson's correlation coefficient for this site. The model performed good at the other two

sites of Kanataal and Nagini, but the results are comparatively inferior to Kumargaon.

Furthermore, this model is simplified using the averaged values of optimized parameters and
tested using the data used for validation. The study results indicated that the simplified model
also performed best at Kumargaon for all the soil depths with high R? values, which are
obtained as 0.86 for 2 cm, 0.83 for 6 cm and 0.64 for 25 cm, whereas for the similar soil depths
at Kanataal, the performance was good only for the topmost layer of 2 cm with a high R? value
of 0.82. For the deeper soil layers at Kanataal, lower values of R? (0.50 for 6 cm and 0.33 for
25 cm) indicates relatively average performance. Once again, the simplified model performed
well at the site of Nagini with high R? (0.81) value for the soil depth of 6 cm. It is also found
that the model's performance decreases with increasing soil depth which indicates that the

effect of meteorological variables decreases with the increasing soil depth.
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Chapter 5

5.0 SOIL MOISTURE MODELING: MACHINE LEARNING

5.1 General

Climate change is one of the world's most significant problems, having the potential to create
regular or long-term droughts in many parts of the globe (Le Houérou, 1996). Rainfall that is
infrequent or unexpected and increased evapotranspiration due to rising temperatures result in
lower soil moisture (Kingston, 2009). Soil moisture is essential for the growth of practically
all arable crops across the world, affecting everyone from tiny subsistence farmers to major
industrial, agricultural businesses. Irrigation is one of the world's most significant freshwater
uses, as it is necessary for many locations to keep soil moisture sufficient for crops (Frenken,
2012). Adequate soil moisture is essential for crop development and production maximisation.
Crop failure due to insufficient soil moisture is a threat to farmers' livelihoods and jeopardises

the strength of the food supply chain, which is critical in today's world.

Physical models were formerly used to forecast future soil moisture levels. Physical models or
basic regression models might be used to estimate soil moisture using weather predictions by
using precipitation and temperature as inputs. These models tended to be inaccurate and
forecast on a low-resolution, offering coarse temporal scale generalisations of soil moisture.
Artificial intelligence's arrival in the field of hydrology has prompted researchers to look into
more areas with large amounts of data in order to improve accuracy. To predict soil moisture,
one study (Prakash S. S., 2018) used a Recurrent Neural Network (RNN), Multiple Linear
Regression (MLR), and Support Vector Machines (SVM).

In comparison to other models, MLR fared well in this investigation, having the lowest mean
square error (MSE). Another study (Prakash S. &., 2020) used a shallow neural network with
MLR and SVM to forecast soil moisture one, two, and seven days in advance. The findings
indicate that a shallow neural network outperforms other models. Other studies (Ji, 2017) used
a multilayer neural network with many neurons to predict soil moisture. It was able to
generalise soil moisture development, demonstrate good generalisation, and improve forecast
precision by 9.1%. Another study (Cai, 2019) found that deep neural network (DNN)
performance was better than MLP and SVM. Machine learning and deep learning have

substantially improved model performance, allowing for fine-scale climate forecasts such as
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nowcasting (Bromberg, 2019), which delivers on-the-spot predictions within very short
timescales. However, projecting further into the future in a helpful fashion remains a challenge.
With the use of recurrent neural networks (RNNs) (Rumelhart, 1986)and long-short term
memory RNNs (LSTMs) (Hochreiter, 1997), deep learning has recently become a technique
that excels in the field of time series prediction. (Alibabaei, 2021) the study shows CNN-LSTM

model outperformed other models while predicting soil moisture.

With these studies in mind, the objective of the study is to forecast soil moisture in the Lesser
Himalayan area using meteorological and soil moisture data using deep hybrid models CNN-
LSTM and RNN-LSM. Four quantitative standard statistical metrics, such as RMSE, R2,
MAPE, and EN-S, were used to assess the model's performance. This research aims to develop

the best model for predicting soil moisture with few errors and more accuracy.
5.2 Materials and Methods
5.2.1 Description of Model

As of now, very few studies have focused on predicting soil moisture using machine learning,
with most examples being artificial neural networks (ANN) and extreme learning machines
(ELM). This study evaluated two prominent deep learning-based hybrid ANN techniques to
model the sub-surface soil moisture in a Himalayan environment. Long Short Term Memory
(LSTM) based Recurrent and Convolutional Neural networks were developed and tested

against the actual field level observations.
5.2.2.1 Recurrent Neural Network (RNN)

A feed-forward neural network (FFNN) with internal memory is known as a Recurrent Neural
Network (RNN). (Medsker, 2001)RNN is recurrent since it executes the same functions for
each data input, whereas the current input is dependent on the previous computation. The
output is replicated and returned to the recurrent network when it is created. It uses the current
input and output and what it has learned from past input to make a decision. RNNs can process
sequences of inputs using their internal state (memory) rather than feed-forward neural
networks. All of the inputs in other neural networks are unrelated to one another. In an RNN,

however, all of the inputs are interconnected, and figure 5.1(A) shows the architecture of RNN.
5.2.2.2 Long Short Term Memory (LSTM)

LSTM networks are a revised form of RNNs that make it simpler to recall data from the past

(Abbes, 2019). They're well-suited to categorising, analysing, and forecasting time series with
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indefinite time delays. Back-propagation is often used to train the model. In an LSTM network,
three gates are present (figure 5.1(B)):
1. Input gate — discover which value from input should be used to modify the memory.

2. Foregate gate — discover what details are to be discarded from the block.
3. Output gate — the input and the memory of the block is used to decide the output.

5.2.2.2 Convolutional Neural Network (CNN)

A feed-forward neural network is a convolutional neural network (Albawi, 2017).
Convolutional neural networks include the same properties as standard neural networks,
including input layers, hidden layers, and output layers. The input of the layer of convolution
is the output of the preceding layer of convolution or pooling. They do, however, have certain
distinct properties, such as pooling layers, complete connection layers, and so on. The number
of hidden layers of a convolutional neural network is more than that of a regular neural network,
demonstrating the neural network's capabilities to some extent. The bigger the number of

hidden layers, the more information it can extract and recognise from the input.
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An unrolled recurrent neural netwark,
addfupdate new Feature Extraction Classification
information

Fig. 5. 1: Architecture of (A) RNN, (B) LSTM, and (C) CNN

5.3 Data Analysis and Pre-Processing

The data of three Automatic Weather Station (AWS) viz. Kumargaon (AWS1), Kanatal
(AWS2), and Nagini (AWS3), located in the lesser Himalayan catchment, have been used for
soil moisture prediction through deep learning-based hybrid models. Meteorological data
obtained from AWSs consists of daily rainfall, average wind speed at 2m above ground, and
maximum air temperature. The AWS sites are also instrumented with the TDR probes; hence
the daily data of maximum soil temperature and soil-moisture data consisting of daily
volumetric water content (VWC) at a soil depth of 2cm, 25c¢m, and 50cm were used. Input
parameters for the selected models consist of rainfall, average wind speed at 2m, maximum air
temperature, maximum soil temperature at a depth of 2cm, soil moisture at a depth of 2cm, and

one-day previous soil moisture at a depth of 25cm and 50cm. Output feature for the model
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consists of present-day soil moisture at 25cm and 50cm depth. Missing data were identified,
using Decision Tree Regressor (Vateekul, 2009,) as an estimator of iterative Imputer function
the data were corrected to have uninterrupted time-series. Observation obtained from three sites
was divided into training and testing sets to train the models. Table 5.1 gives the information

on data distribution used for training and testing the DL models.

Table 5. 1: Description of data used for training and testing the DL models

Station AWSI AWS2 AWS3

Total no. of observation 652 363 362

(Period) (02/13/2018 to 12/14/2019)  (01/3/2018 to 12/31/2018) (01/05/2018 to 01/01/2019)
No. of Training observation 526 290 289

(Period) (02/13/2018 to 08/05/2019)  (1/3/2018 to 10/19/2018) (01/05/2018 to 10/20/2018)
No. of Testing observation 132 73 73

(Period) (08/06/2019 to 12/14/2019)  (10/20/2018 to 12/31/2018)  (10the /21/2018 to 01/01/2019)

5.4 Prediction Model Evaluation

As shown by (Moriasi, 2007) and (Dawson, 2007), mean evaluate the overall performance of
machine learning models, we use the coefficient of determination (R?), root mean square error
(RMSE), mean absolute percentage error (MAPE') and Nash-Sutcliffe efficiency coefficient

(En—s) as the standard quantitative statistical performance evaluation measures.
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Where y, (i) and y, (i) are, respectively, the observed and predicted soil moisture and y, , y¢
denote their means, and 7 is the number of data points considered.

5.5 Development of Models

The models used in this study have been programmed using Keras API of Tensorflow

framework and Sickit-learn. To train the models, the dataset has been divided into training, and
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testing sets mentioned earlier in section 5.2.2. It has been shown that RNN lacks in processing

very long sequences and has gradient vanishing and exploding problems. In order to overcome

these problems, LSTM is combined with the RNN model. In the RNN-LSTM model, 14 days

of data were considered to predict the subsequent day data. The CNN-LSTM architecture

involves using CNN layers for feature extraction on input data combined with LSTM to support

sequence prediction (Table 5.2).

Table 5. 2: Range of tested hyper-parameter in designing CNN-LSTM and RNN-LSTM
predictive models through Trial-and-Error Method

Tested range of model Hyper- Parameters

Search space for optimal Hyper

Model Model Hyper-parameter Parameters
Filter 1 60,40
Filter 2 30,15
Filter 3 10
LSTM 1 20
CNN-LSTM LSTM 2 10
Dense 20,10
Epochs 200,500,1000
Activation function RelLu
Optimiser Adam
Learning rate 0.01,0.02
Batch size 12,20
LSTM 1 60,40
LSTM 2 30,20
LSTM 3 15,10
RNN-LSTM Epochs 200,500,1000
Activation function ReLu
Optimiser Adam
Batch size 20

Table 5.3 gives information about the various combination of hyper-parameters used for the

two models at different AWS datasets. A different combination of hyper-parameters was

adopted to reduce the over-fitting and under-fitting of the models while training.

Table 5. 3: Optimally selected hyper-parameter for AWS1

Optimally Selected Hyper- Parameters

Search space for optimal Hyper

Model Model Hyper-parameter Parameters
Convolution Layer 1 (filters) 60
Activation function RelLu
Kernel Size 3
Convolution Layer 2 (filters) 30
Activation function ReLu
Kernel Size 2
Convolution Layer 3 (filters) 20

CNN-LSTM Activation function ReLu
Kernel Size 2
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Drop out rate 0.3

MaxPooling-Pool size 2
LSTM Layer 1(cell) 20
Activation function ReLu
LSTM Layer 2 (cell) 10
Activation function ReLu
Drop out rate 0.2
Dense (neurons) 20
Activation function ReLu
Optimiser Adam
Learning rate 0.02
Epochs 200
Loss function MSE
Batch size 12
LSTM layer 1 60
Drop-out rate 0.3
Activation function ReLu
RNN-LSTM LSTM layer 2 30
Drop-out rate 0.2
Activation function ReLu
LSTM layer 3 15
Drop-out rate 0.1
Activation function ReLu
Optimiser Adam
Loss function MSE
Learning rate 0.01
Batch size 15
Epochs 200

Table 5.3 also gives information on the architecture of CNN-LSTM and RNN-LSTM models
for the AWSI region. ReLu stands for Rectified Linear Units, and MSE stands for Mean
Squared error (Sharma, 2017).

5.6 Results and Discussion

The daily soil moisture data at depths of 25 cm and 50 cm from three AWS in Kumargaon,
Kanatal, and Nagini in the lower Himalayan area were used to create more acceptable models
for predicting future daily soil moisture. All of the models, as mentioned earlier, are generated
based on a comparison of the same amount of training and testing datasets, respectively. At the
same time, the quantitative standard statistical performance assessment measure is used to
evaluate the performance of the various models developed. The residual between actual and
anticipated soil moisture is measured by RMSE, while the mean absolute percentage error of

the forecast is measured by MAPE. E (y_gyexamines the model's ability to forecast soil moisture

values away from the mean, whereas R? analyses the linear correlation between actual and

predicted soil moisture.
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From Table 5.4, it can be observed that the R2 value of the CNN-LSTM model is in the range
of 0.99 - 0.856, whereas the RNN-LSTM model range is 0.95 - 0.69, which depicts that the
performance of the former is nearly 20% accurate than the later one. It can be observed that
RMSE and MAPE of the CNN-LSTM model predict 90%, 4.12% less error, respectively,

compared to others after considering the average of all the sites.

Table 5. 4: Forecasting performance indices of models

Model CNN-LSTM RNN-LSTM
ileéifg;nance R*  RMSE  MAPE (%) En_s R? RMSE  MAPE (%)  Ew-s)
dAeSp‘t’;’llo?t;; w096 0541 43 0.911 0.92 0.503 3.4 0.903
dAeSp\t);lllo?t;(l) w0934 0814 37 0.896 0954 1.64 9.8 0.579
dAei\t);llzo?tZaS o 0885 0463 1.3 0.828  0.687 2372 9.5 -4.99
dAeSp‘t’;’lzo?tS% oy 0875 0,605 1.8 0389 0706  0.347 0.8 0.214
dAeSp‘t’;’fo?t;; w0992 1794 73 0956 0.69 5.748 212 0.542
dAei‘t’;’fO?tS% w0856 2362 6.1 0.657  0.853 2.044 45 0.757
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Figure 5.2 and 5.3 shows the plot of actual and predicted soil moisture at 25 cm and 50 cm
depth of given sites. It is observed that for some sites, the RNN-LSTM model has predicted
with high error in terms of negative value and shows its inefficiency. Hence the results from
this study assure that the CNN-LSTM model can be used to obtain a promising prediction.
(Vateekul, 2009,)

5.7 Concluding Remarks:

In the study, two deep learning hybrid models based on long-short term memory, namely,
CNN-LSTM and RNN-LSTM, were developed and tested to model the sub-surface soil
moisture at three stations located in a Lesser Himalayan catchment. The developed models
were trained and tested for two depths (25cm and 50cm) with the meteorological data
monitored at each of the three stations. The study shows that a deep learning algorithm can
accurately estimate soil moisture in the lower Himalayan basin. When comparing the CNN-
LSTM model to the RNN-LSTM model, we found that the quality of the prediction by CNN-
LSTM is superior. The model may be used in any other agricultural forecast system with
modest changes and fine-tuning. Although this research is still in its early stages, the results
are pretty encouraging. As a result, this work can pave the way for several new research

avenues.
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Chapter 6

6.0 GLACIO HYDROLOGICAL MODELING USING SPHY MODEL

6.1 Description of SPHY model

The SPHY model is a conceptual, continuous-time, raster-based spatially distributed leaky
bucket-type water balance model that can simulate the behavior of glaciers and their interaction
with the hydrological system at a regional or watershed scale. It requires a large number of
input parameters varying widely in space and time while transforming input into output. It is a
freely available model that is useful especially in mountainous areas despite the data scarcity,
complexity and variability of the region for understanding the impacts of climate change on
glacier dynamics, water resources, and downstream communities (Van Vliet et al., 2012, Lutz
et. al, 2014; Terink et al, 2015). The SPHY model combines best components of existing widely
used simulation models viz. SRM, VIC, SWAT, SWAP, HydroS, PCR — GLOBWB, SWAP,
HIMSIM. SPHY glacio-hydrological models typically integrate various components such as
glacier mass balance, ice melt, snow accumulation and melt, surface runoff, groundwater flow,

and streamflow routing. An overview of SPHY model is represented in the Figure 6.1.

The model is based on physical principles and incorporate data on topography, climate, land
cover, digital elevation model (DEM), soil properties and other relevant factors to simulate the
complex interactions between glaciers and the hydrological cycle. SPHY operates at flexible
scales viz. local, regional and global, accounting for relevant terrestrial hydrological processes.
The tool can be used in water resource assessment, planning, management and decision-making
policies. Major concept of SPHY is mass conservation and hence, simulates the dynamic
behaviour of the glaciers. Therefore, SPHY can be used for assessing the potential effects of
glacier retreat on water availability, hydropower generation, agriculture, and other socio-
economic aspects in regions dependent on glacier meltwater. They also aid in predicting
changes in flood and drought patterns resulting from alterations in glacier contributions to river
flow. SPHY also includes lake module and erosion module enabling erosion studies. The

model provides great adaptability depending on the spatial relevance of hydrological processes.
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Fig. 6. 1: Overview of SPHY model

SPHY model requires spatial data like DEM, LULC, soil, glacial cover and meteorological
data. Since SPHY is grid-based model, optimal use of remote sensing data and other global
data is possible. The DEM of the study area was downloaded from https://
search.earthdata.nasa.gov, where elevation data at 30 m resolution acquired through SRTM is
available for the globe. The Land Use data derived using the SENTINEL image was
downloaded from the ESRI land cover explorer,
https://livingatlas.arcgis.com/landcoverexplorer. The image is then projected into proper

projection same as the DEM having the same datum using ArcGIS. The land use land cover
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map of Henval watershed shown in Fig. (6.2). The other required inputs for glacio-hydrological
modeling were prepared using the Hindu-Kush Himalaya database in the SPHY pre-processor.
However, to obtain comprehensive and current data on glacial extends and their characteristics,
the glacial dataset in the Hindu Kush Himalaya database in SPHY Preprocessor is updated with
the latest version of the Randolph Glacier Inventory Version 7 (RGI 7.0) (RGI Consortium,
2017). The land cover map was further utilized to prepare a crop coefficient table with the

corresponding crop coefficient values derived from literature.
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Fig. 6. 2: LULC classes map of Henval watershed

The meteorological and hydrological data required for the study at Henval watershed was
procured from the AWS tower installed in Nagani village for the time being. Hence, the SPHY
model was first set for the Henval sub-catchment with the outlet at Jijali-Devnagar and then,
upscaled for the Henval basin with outlet at Shivapuri. The base map of the Henval sub-

catchment within the Henval watershed is shown in Fig. 6.3.
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Precipitation and temperature in-situ datasets for Henval sub-watershed were obtained from

the AWS stations of NIH. The in-situ meteorological data were used to find the best alternative

datasets for the respective location amongst the various satellite and reanalysis datasets.

The daily discharge for the study was obtained from the broad crested compound rectangular-

rectangular weir constructed at the outlet of Henval stream at Jijali-Devnagar and an automatic

water level recorder installed across the Henval river at the same outlet. The cross-sectional

diagram of the broad crested rectangular-rectangular weir is shown in Fig. 6.4. A compound

rectangular-rectangular broad crested weir for monitoring of discharge was constructed, and

its discharge can be calculated using the following equation

Cra =

2 3 2 3
00 = = CraryZ9 @b, + £ CrarZghsh,"

0.611 + 2.23(% - 1% 0.075+ 0.011(% — Doy
+

1+ 3.8(2 — 1)°7

1+ 4.8 — 1)140

P

Where, C,.4= discharge coefficient of the rectangular weir; g= gravitational acceleration; b =

weir length; 4 = water head on the weir crest; B = channel width and P = weir height.
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Fig. 6. 4: Cross-section of the compound rectangular-rectangular broad crested weir.

6.2 Model set up

The SPHY model was set up using the QGIS-SPHY interface. SPHY pre-processor was used
to delineate the watershed and create the sub-basins. The additional datasets viz. DEM, land
use, rivers, slope, and soil characteristics required for the SPHY model were generated using
the Hindu—Kush Himalaya database in the SPHY pre-processor. A crop coefficient table
comprised of crop coefficient values of different land classes was prepared referring to the
literature. Furthermore, meteorological forcing was also done in the SPHY pre-processor using
the datasets identified as the best alternative to in-situ data on a daily time scale based on
bilinear interpolation with a lapse rate of -0.0065 °C/m elevation for the temperature data

(Terink et. al, 2015b).

The SPHY model was run to estimate runoff for the Henval sub-watershed initially from

January 2016 to December 2018. The outputs were available as time series and map series data.
6.3 Model Simulation

The SPHY modelling concepts for studying the hydrology of glaciated watersheds along with

the relevant governing equations have been expounded in the manual.

6.3.1 Computation of precipitation forms

Precipitation is calculated on a daily time step at each defined grid cell capturing the spatio-
temporal variability in snowfall mass balancing (Singh. Et. al, 2023). Depending on the critical
temperature, SPHY models precipitation as either rain (liquid) or snow (solid) for every cell.
Vegetation on the ground intercepts the precipitation and causes partial or whole evaporation

(Terink et. al, 2015).
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6.3.2 Calculation of Evapotranspiration

Despite the energy-based Penman-Monteith method being the sole standard method for
calculating reference evapotranspiration, due to the high input data requirements SPHY model
utilizes a simpler, temperature-based approach of modified Hargreaves equation to calculate
reference evapotranspiration and further, calculates potential evapotranspiration using the
single crop coefficient approach (Allen et al., 1998; Terink et al, 2015). Kc for each land class
in the study area was derived from the literature and taken as constant throughout the simulation

period.
6.3.3 Quantification of snow processes

Dynamic snow storage is simulated for each cell and when snow accumulates or melts, the
snow storage is updated for each cell at a daily time step considering precipitation, snow melt
and refreezing of rainfall and snowmelt within the snowpack. The easy approach of the
Temperature Index Model with varying degree-day factors based on the empirical relationship

between melt and air temperature has been used to simulate daily potential snowmelt.

DDF; is the degree day factor for snow, which is a calibrating parameter. However, the snow
storage at the end of the previous day is a limiting factor for the actual snowmelt. The snow
storage from the previous day is updated to the current day with respect to the actual snowmelt
and the snow accumulation of the day t. Snow accumulation accounts for both the solid

precipitation and refreezing of rainfall and snow melt stored within the snowpack.

The maximum of meltwater that can freeze within the snowpack depends on the thickness of
snow storage and a calibrated parameter namely water storage capacity. The water storage
capacity of the snowpack represents the capacity to refreeze the snow melt within the snowpack
and is defined as the total water equivalent of snowmelt in mm that can freeze per water

equivalent of snow in the snow storage in mm.

Based on the assumption in SPHY, snow melting and accumulation are limited to the grid-cell
fraction designated as the non-glaciated land surface. The total snow storage comprises the
snow storage along with the meltwater within it that can freeze again. However, the glacier
module incorporates snow falling on glaciers. Snow runoff is generated when the air
temperature surpasses the melting point and the snowpack is unable to hold any more

meltwater.
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6.3.4 Evaluation of Glacier Processes

Glaciers are assumed to be melting surfaces covering each glacierized grid cell completely or
partially. The melting rates of clean ice and debris-covered glaciers vary necessitating separate
spatial maps of both kinds of glaciers as model input. A degree-day modeling approach was
adopted to differentiate the melt rates of clean and debris-covered glaciers with individual
calibrated degree-day factors. The total glacial melt per grid cell is the sum of individual
contributions from the debris-free glacier and debris-covered glacier with respect to the

fractional glacier cover.

The glacial melt contributes to runoff as a quick direct runoff component and a slow component
where it percolates to the groundwater layer, eventually becoming baseflow, which is defined

by a calibrated parameter namely the glacial melt runoff factor.

6.3.5 Computing Soil Water Balance

With two upper soil storages- root zone and sub-zone layers- and third groundwater storage,
the soil column structure is comparable to VIC (Liang et al., 1994, 1996) with surface runoff,
lateral flow, and base flow serving as the respective drainage components. The water balance

of each layer is given by:
SWyp=SWy—1 + Pe, —ET, s — RO, — LF,  — Perc, ¢ + Capy
SWy = SWy 4 + Percyy — Perc,, — Cap,
SW3, =SW3¢_1 + Gchrg, — BF;

Where, SW; and SW,_, are the soil water content on the days t and t-1, respectively, Pe; is the
effective precipitation on day t, ET,, is the actual evapotranspiration on day t, RO, is the
surface runoff on day t, LF, is the lateral flow from the soil layer on day t, Perc; is the
percolation from the layer to the layer beneath on day t, Cap, is the capillary rise to the layer
from the layer below on day t, Gchr g, is the groundwater recharge consists of both glacial melt
percolation and percolation to the third layer of soil on day t and BF; is the base flow on day t.
The subscript 1,2,3 represents the first layer or the root zone, the second layer or the subzone

and third layer or the groundwater, respectively. All the components are in mm.
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5.3.6 Estimating actual evapotranspiration

The resulting soil moisture after surface runoff is vulnerable to evapotranspiration, depending
on the soil characteristics and fractional vegetation cover. The actual evapotranspiration is
assumed to rely on the stresses due to the non-optimal conditions viz. water excess and water
deficit on the potential evapotranspiration captured as reduction parameters which is calculated

based on Feddes equation as elaborated by Terink et al. (2015).

5.3.7 Computing surface runoff

A portion of the liquid precipitation infiltrates the soil, while the remaining is transformed into
surface runoff. SPHY assumes surface runoff as Hewlettian runoff based on the saturation of

the first soil layer.

5.3.8 Calculating lateral flow

The remaining moisture contributes to river discharge as base flow from the groundwater layer
and lateral flow from the first soil layer. SPHY considers only that water surpasses field
capacity as contributing to lateral flow and is calculated at the hill slope outlet according to
Sloan and Moore. However, the catchments with a time of concentration greater than one day
lag a portion of lateral flow in reaching the main channel on the same day of generation. This
implies that, even in the unlikely event that no lateral flow is formed in time step t, lateral flow

from earlier time steps can be generated indefinitely.

5.3.9 Quantifying percolation

An approach similar to the SWAT model where the percolation from a layer is assumed to
occur only when the water content surpasses the field capacity of that layer while the layer
beneath is still unsaturated (Neitsch et al., 2009). Percolation occurs from the first to second

soil layer and the second to third soil layer.

5.3.10 Computing baseflow

The glacier melts that percolates and the water that percolates together eventually contribute to
groundwater recharge. An approach similar to SWAT has been adopted to compute
groundwater recharge considering the time lag caused by the depth of the groundwater table
and soil characteristic. However, baseflow occurs only when the water stored in the
groundwater layer exceeds a threshold and is calculated similarly to SWAT assuming a linear

correlation between the rate of change in water table height and the variation in base flow. A
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calibrated parameter namely the baseflow recession coefficient is used to represent the
baseflow response to the variations in groundwater recharge with a value ranging from 0 to 1

where higher value represent areas having rapid response to groundwater recharge.

5.4.11 Quantifying total routed runoff

The total of surface runoff (RO), lateral flow from the first soil layer (LF;), baseflow (BF),
snow runoff (SRo), and glacier runoff (GRo) is the cell-specific total runoff that becomes
available for routing. The surface runoff and lateral flow components are combinedly termed

as rainfall runoff (RRo). All the terms are in mm.
QTot = RRo + SRo + GRo + BF

The PCRaster-supported SPHY Preprocessor QGIS plugin was used to define a river network
based on DEM to route QTot through a flow direction network for retrieving river discharge.
A basic flow accumulation routing scheme was performed where the accumulated amount of
water that flows out of the cell into its neighboring downstream cell is calculated using the flow
direction network as the sum of the specific runoff generated in the cell and the accumulated
specific runoff from the upstream cells. (Terink et. al, 2015). However, a calibrated flow
recession coefficient accounted for flow delay due to channel friction ranging from 0 to 1 where

the lower values of Kx attribute to a fast-responding catchment.

5.3 Sensitivity Analysis, Calibration and Validation of Model

A sensitivity analysis was carried out to identify the most relevant model parameters for the
study. Parametrization has been done on a quarterly and seasonal basis with respect to the
simulated discharge of the final year of the model run. The change in hydrograph and the
change in the trend of average discharge for each simulation were carefully analyzed and the
observations for Henval watershed are tabulated in Table 6.1. Parameter sensitivity for annual,
quarterly and seasonal averages was plotted. Parameters with the maximum difference in the
average discharge corresponding to a 50% increase and a 50% decrease in the value were
ranked and the most sensitive parameters were chosen. The ranking of the parameters based on
their effect on a quarterly, annual, and seasonal basis for the Henval watershed are represented

in Table 6.2.

Calibration and validation were carried out based on the observed discharge from the study
area on a daily time step. The approach used for calibration and validation is the minimization

of error between the observed and simulated outputs. The calibration was carried out as a trial-
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and-error process by manually adjusting the model parameters relevant to the hydrological
behavior of the study area. The parameters affecting the model performance were selected
based on the results of sensitivity analysis. The model was calibrated for the period of
01/01/2016 —31/12/2018 (3 years) for the Henval sub-watershed. The knowledge of model
concepts and river basin characteristics smoothened the process of calibration, which was
otherwise a computationally demanding task. The calibration of the model was performed
using the observed discharge data by adjusting the most sensitive parameters in the range as
shown in Table 6.3 for Henval catchment and their corresponding best fitted values of the

parameters are found.

Fig. 6.5 shows the time series plot of observed and predicted runoff for the calibration period
for the Henval watershed. From the time series plot, it can be seen that even though the
simulated runoff is underestimated, it follows the same trend as the observed runoff. Also, the
rainfall distribution aligns well with the observed and simulated runoff suggesting the model

performance satisfactory.

The statistical analysis with the most common metrics was carried out for the simulations of
each watershed and results are shown in Table 6.4. The R? value for the calibration period was
found as 0.75 and the NSE value ranged from 0.74 indicating the model calibration was
performing satisfactory in terms of its predictive skills. And the variability of the simulation
w.r.t the actual observations were analysed using RMSE (1.42) and the Bias (-15.7). Since the
statistical analysis gave significant results, the same parameter values were used for validation

and the model was stabilized.
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a) Quarterly scale

Table 6. 1: Sensitivity Analysis for Henval sub-watershed

Ro0t | g b layer | Recession DDFS GW | Saturated | | Lol Gw
Alpha layer . . layer GW
Parameter . thickness | Coefficien | (mm/degree/day . storage
Gw thickness (mm) ¢ ) thickness content (mm)
(mm) (mm) (mm)
Default Value 0.5 500 1500 04 6 3000 2000 1500
0
50% -0.57 -15.32 0 0 -0.02 -0.01 -0.01 0
decrease
Annual
0
0% 0.19 9.49 0 0 0 0 0 -0.01
increase
0
~ >0% 15.7 3.91 20,01 0 0.67 0 0 0
S JFM decrease
N— 0
s 0% 514 | 048 0.01 0 0.01 0 0 0
Z increase
0
§ desc(r)e/aose 3.74 -96.11 3.3 -7.98 0 1.83 1.83 0
2 AMJ 50%
R= ) 0 2.2 43.78 2.11 13.72 0 0 0 1.83
o increase
0
5 >0% -0.24 -8.48 0.27 0.71 0 -0.13 -0.13 0
= decrease
@) JAS 50%
) 0 0.17 6.84 -0.15 -1.19 0 0 0 -0.13
increase
50%
-102.9 39.45 36.5 17.29 0 -57.08 -57.08 0
decrease
OND 50%
) 0 2991 -52.48 -45.56 -62.99 0 0 0 -57.08
increase
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b) Seasonal Scale

Root layer Sub layer GW layer | Saturated | Initial GW
Alpha Recession DDFS
Parameter thickness thickness thickness | GW content storage
Gw Coefficient | (mm/degree/day)
(mm) (mm) (mm) (mm) (mm)
Default Value 0.5 500 1500 0.4 6 3000 2000 1500
ANNUAL | 5094 decrease | 0.07 -15.65 -0.01 -0.01 -0.07 -0.02 -0.02 0
_ (WATER
J
S YEAR) 50% increase | -0.02 11.58 0.03 0.03 0 0 0 -0.02
%)
&0
E Monsoon | 50% decrease | -0.03 -17.3 0.02 0.01 0 -0.03 -0.03 0
g (JJASO) | 50% increase | 0.01 12.92 -0.01 -0.03 0 0 0 -0.03
= Winter | 50% decrease | 1.79 -1.16 -0.62 -0.36 -0.53 0.19 0.19 0
%)
%’0 (NDJF) | 50% increase | -0.52 0.52 0.77 1.15 0 0 0 0.2
5 Summer | 50% decrease | 1.79 1.16 0.62 0.36 0.53 0.19 0.19 0
(MAM) | 50% increase | 0.52 0.52 0.77 1.15 0 0 0 0.2

66




Table 6. 2: Parameter ranking for Henval watershed

Aloha Root Sub Recession Delta GW Saturated | Initial
Parameters p layer layer ) DDFS layer GW GW
Gw . . coefficient GW .
thickness | thickness thickness | content | storage
Annual 2% 1 -— - 3k 3k — — —
JFM | 2 - - 3* 4* - — —
AMJ 3 1 4 2 - S** - — —
JAS 3* 1 3* 2 -—- 4% — — —
OND | 2 3 4 - 5 - — —
Monsoon
3** 1 4** 2** —_ 5** —_— ——— —_—
(JJASO)
Winter (NDJF) 3* 1 4* 5% 2% 6** — — —
Summer (MAM) 1 2 4 3 5% 6** — _— —
ANNUAL L 1 EL gk ok o L L L
(WATER_YEAR)

Major influence *Minor influence **Negligible



Table 6. 3: Parameter values used for calibrating model for Henval sub-watershed

Calibrated
. Parameter . Range as per
Rank | Major parameters . L. Unit ] Value
description literature
1 Rootlayer thickness | Thickness of rootzone mm 50 - 1000 500
Basefl i
2 Alpha GW AscrioW recession 0.01-1.0 0.03
coefficient
Recession Routing recession
3 Coefficient coefficient o 0.01-0.99 09
4 Sublayer thickness | Thickness of subsoil mm 300 - 3000 1000
t h
5 DeltaGW Groundwater recharge day 1-180 1
delay time
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Fig. 6. 5: Time series plot of observed and simulated runoff during the calibration
period in Henval watershed

Table 6. 4: Statistics for the calibrated models

Indicators Range Best Value | Henval Catchment
NSE (-otol) 1 0.74
RMSE (0tooo ) 0 1.4
R2 (0to 1) 1 0.75
Bias (-0 to o) 0 -15.7

6.5 Quantification of Routed Runoff components

The stabilized model after calibration and validation was statistically analyzed using different
measures to evaluate the predictability and variability of the simulations and the results are
tabulated in Table 6.5. The established models slightly improved their statistical performance
from that of during calibration. The simulations for the Henval watershed were initially done
for the period from 01/01/2016 to 31/12/2021 for the smaller sub watershed with the outlet at
Jijali and the Fig. 6.6 shows the time series SPHY discharge output. Once found satisfactory,
the model was then upscaled to the larger Henval watershed with the outlet at Shivapuri with
the same parameter values for an extended period from 1/1/2010 to 31/12/2023. The output
discharge obtained is illustrated in Fig. 6.7. The contribution of each of the runoff components
were derived and represented as Fig. 6.8. The non-glaciated Henval watershed were having

only two major runoff components — baseflow and rainfall induced runoff. The Rainfall
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induced runoff contributes 83% to the total discharge in the watershed indicating the heavy
dependency of the watershed on the rainfall especially during monsoon season for a thriving
ecosystem and groundwater recharge. The visible fluctuations in the discharge over the year

points out the changes in the rainfall regime in the region.

Table 6. 5: Statistics for the established models

Indicators Range Best Value | Henval
NSE (-otol) 1 0.74
RMSE (0tooo) 0 1.4
R2 (O0to1) 1 0.75
Bias (-0 to o) 0 -15.7

Location ID 1
18 ~ T

16

Routed total runoff [m3/s]

Fig. 6. 6: Time series SPHY output for the Henval sub-watershed
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Fig. 6. 7: Time series SPHY output for the Henval watershed
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Fig. 6. 8: Relative contributions of different runoff components for the Henval
watershed (m?%/s; %)

6.5 Water Balance of the watershed
Water Balance is defined as the numerical calculation accounting for the inputs to, outputs
from, and changes in the volume of water in the various components (e.g. reservoir, river,

aquifer) of the hydrological cycle, within a specified hydrological unit (e.g. river basin) and

during a specified time unit (e.g. month/year), occurring both naturally and as a result of the
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human-induced water abstractions and returns. Water in the catchment is always balanced and
its components are influenced by the morphology of the watershed, climatic conditions, soil
characteristics and land use land cover. It is simply based on the concept of change in the
storage of water. It helps in the development of River Basin Management Plans by providing
a coherent framework to cross-evaluate the information on drivers, pressures and impacts on

water quantity and provides a sound basis for the quantitative management of water resources.

Estimation of the water balance components is a complicated task and can be achieved either
using water balance models or hydrological models which have been developed at various time
scales. The hydrologic processes are very complex and an understanding of the watershed
model is essential. There exist numerous physically based distributed hydrological models and
among them, SPHY is one of the widely used open-source models in glacierized regions. Since
the current research aimed to understand the hydrological processes and analyze the
hydrological response of the glaciated and non-glaciated watersheds in North West Himalya,
SPHY model was chosen for both the kind of watersheds.

The most important hydrologic processes are surface runoff, lateral flow, baseflow and
evapotranspiration and the cryospheric processes are Snow melt and Glacial melt. In this study
SPHY model is used to evaluate water balance components in a non-glaciated watershed in the
Upper Ganga Basin and the respective models were calibrated. The calibrated parameters were

used for validation as well.

Once stabilized, the model was established for a duration of 14 years from 1/1/2010 to
31/12/2023. The SPHY model was found working satisfactorily for the Himalayan watershed
despite their unique nature and challenges indicating the versatility of the SPHY model. This
suggests the model could be used for simulating the hydrological response of the other
watersheds in North West Himalaya. When supplemented with geospatial techniques and better
datasets by integrating the in-situ data and satellite data in the data scarce Himalayan region,
the model can be a very helpful tool to understand the hydrological processes and simulate the
hydrological response of the watersheds in the region. In the context of the rising challenges
due to the climate change, it is critical to understand the response of the Himalayan watersheds
to the variations in the meteorological parameters due to their either glaciated or non-glaciated
watersheds very dependent nature on temperature and precipitation regime for region’s water
availability. The integration of glacio-hydrologic models like SPHY, climate models and

longer historical datasets can effectively help us to be resilient in the face of climate change
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with better adaptation techniques and policies, given the hydrological and ecological

importance of the Himalayan watersheds.
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Chapter 7

7.0 SUMMARY OF REPORT

7.1 Empirical Soil Moisture Modelling

In pursuance of the study’s second objective, an empirical model is formulated using available
parameters in this study, i.e., rainfall, wind speed, air temperature, and near soil surface
temperature. This model was calibrated and validated using the Kumargaon, Kanataal and
Nagini sites in the lesser Himalayan region. The results indicated the best performance of the
model at Kumargaon with high R2 in calibration and validation. These results are further
supported by lower values of RMSE, ubRMSE, MAE and Pearson’s correlation coefficient for
this site. The model performed good at the other two sites of Kanataal and Nagini, but the
results are comparatively inferior to Kumargaon. Furthermore, this model is simplified using
the averaged values of optimized parameters and tested using the data used for validation. The
results indicate that the simplified model also performed best at Kumargaon for all the soil
depths with high R2 values which are obtained as 0.86 for 2 cm, 0.83 for 6 cm and 0.64 for 25
cm depths, respectively. Whereas for the similar soil depths at Kanataal, the performance was
good only for the topmost layer of 2 cm with a high R2 value of 0.82. For the deeper soil layers
at Kanataal, lower values of R2 (0.50 for 6 cm and 0.33 for 25 cm) indicates relatively average
performance. Once again, the simplified model performed well at the site of Nagini with high
R2 (0.81) value for the soil depth of 6 cm. It is also found that the model’s performance
decreases with increasing soil depth which indicates that the effect of meteorological variables
decreases with the increasing soil depth. Yet, no ideal model would precisely predict soil
moisture; hence, this quest emergence of deep learning models makes the process efficient and
reliable. In the later part of the study’s second objective, two deep learning hybrid models based
on long-short term memory, namely, CNN-LSTM and RNN-LSTM, were developed and tested
to model the sub-surface soil moisture at three stations located in a Lesser Himalayan
catchment. The work is still ongoing, and findings will be shared in future working group

meetings.
7.2 Soil Moisture Modelling Based on Machine Learning Models

Soil moisture is an essential component of the hydrological cycle which plays a critical role in

planning and managing water resources in conjunction with sustainable irrigation and
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agricultural practices. Hence, with the increasing computational capabilities for soil moisture
prediction, many intelligent models and advanced algorithms have been developed for
agricultural water management to extract features from historical data. Yet, there is no ideal
model that would precisely predict soil moisture; hence, with this quest emergence of deep
learning models makes the process efficient and reliable. In this paper, the Deep Learning
hybrid models, namely, Convolution Neural Network - Long-Short Term Memory Network
(CNN-LSTM) and Recurrent Neural Network - LSTM (RNN-LSTM), were designed to
simulate the soil moisture at three stations located in a Lesser Himalayan catchment. The
developed models were trained and tested for two depths (25¢cm and 50cm) with the
meteorological data monitored at each of the three stations. The results demonstrate a more
excellent predicting capability of the hybrid CNN-LSTM model concerning the counterpart
comparative model. This is supported by relatively lower values of the mean absolute error
(MAE), root-mean-square error (RMSE), and a higher value of the coefficient of determination
(R2) for the CNN-LSTM model. In terms of statistical metrics used for training and testing the
models, the proposed CNN-LSTM model was found considerably higher compared to the
RNN-LSTM model. Therefore, the CNN-LSTM modeling technique can be endorsed for
estimating soil moisture when the primary meteorological data are available. The proposed
approach may be efficaciously implemented in hydrology and agriculture water management.
Climate change is one of the world's most significant problems, having the potential to effect

each and every sphere of the life on earth.
7.3 Hydrological Modeling using SPHY Model

This study focuses on key hydrological processes—surface runoff, lateral flow, baseflow, and
evapotranspiration—alongside cryospheric processes such as snowmelt and glacier melt. The
SPHY (Spatial Processes in Hydrology) model was employed to evaluate the water balance
components of a non-glaciated watershed in the Upper Ganga Basin. The model was
successfully calibrated and validated using observed data, and subsequently applied over a 14-

year period (January 1, 2010 to December 31, 2023).

The results demonstrate that the SPHY model performs reliably in the context of Himalayan
watersheds, which are characterized by complex terrain and climatic variability. This
underscores the model's robustness and adaptability, suggesting its broader applicability for

hydrological simulations in other watersheds across the northwestern Himalaya.
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When enhanced with geospatial techniques and improved datasets—through the integration of
in-situ and satellite observations—the SPHY model proves to be a valuable tool for
understanding and simulating hydrological dynamics in data-scarce Himalayan regions. Given
the region’s sensitivity to variations in temperature and precipitation, particularly in both
glaciated and non-glaciated watersheds, such modeling is crucial for assessing water

availability under changing climatic conditions.

In light of the increasing challenges posed by climate change, the integration of glacio-
hydrological models like SPHY with climate models and long-term datasets offers significant
potential for developing effective adaptation strategies. This is particularly vital for ensuring

water security and ecological sustainability in the Himalayan region.
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