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1. Methodology

1.1. General

1.2.

This chapter shows the methodology adopted for the individual objectives. The chapter is
divided into six sections, each section contains the specific methodology for the specific

objective.

Methodology

Objective: To demonstrate a comparative assessment of discrepancy in the hydrological
behaviour of the DEMs in terms of terrain representation at the catchment scale.

To evaluate the sensitivity of data sources and their vertical accuracies, two hydrologic
applications, watershed boundary and river network extraction, are used along with various
statistical measures. Hydrologic applications are selected because they heavily rely on DEM
data. The workflow is divided into following three steps:

Datum Transformation: Datum transformation is carried out to bring the DEMs to common
horizontal datum and vertical datum. SRTM and ASTER data are referenced to WGS84 horizontal
datum and EGM96 vertical datum. But, the ellipsoidal height of terrain (in meters), with WGS84
ellipsoid as a horizontal and a vertical datum, in Geographic Projection System (i.e., Xand Y in
terms of latitude and longitude) is provided by Cartosat DEM. So, the Cartosat DEM has been
reprojected by using the Vdatum transformation tool provided by NOAA’s National Ocean
Service in a Geographic (lat./long.) projection, to WGS84 as a horizontal datum and EGM96 as
a vertical datum.

Visual Comparison: The aim of visual comparison was to detect changes between the results,
such as streams and watershed derived from the different DEMs by using the shaded relief map
and the high-resolution satellite imagery. The Vishwamitri watershed was selected for
heterologous comparison of slope maps, ridge lines and streams generated by ASTER, SRTM,
and Cartosat DEMs. The maximum rate of change of the elevation of the plane (the angle that
the plane makes with a horizontal surface) is called the slope gradient. A declivity map with a
pixel size of 30 m was created for analyzing the influence of the terrain slope on the models.
Watershed delineation was performed by GIS software by importing DEMs. A pixel or a set of
spatially connected pixels whose flow direction cannot be assigned to one of the eight valid
values in a raster of the flow direction is called a sink. In order to remove small imperfections in
the data, the Fill Sink tool was used. Sinks must be filled to ensure a proper delineation of basins
and streams. A derived drainage network may be discontinuous if the sinks are not filled. A

raster of the flow direction from each pixel to its downslope neighbours is created by the flow-



direction tool. The accumulated flow as the accumulated weight of all pixels flowing into each
downslope pixel in the output raster is calculated by the flow accumulation tool. Pixels with a
high flow accumulation are termed as areas of concentrated flow, which may be used for
identifying stream channels. Similarly, pixels with a flow accumulation of 0 are termed as local
topographic highs, which may be used for identifying ridges. A stream network can be
delineated by applying a threshold value to the flow accumulation raster. A user-defined and
important parameter, which is known as the stream threshold, directly affects the drainage
network and basin boundaries that would be obtained by hydrological analysis. In this study,
the stream threshold has been considered as 1% of the maximum flow accumulation value (Paul
et al., (2015)). The point on the surface at which water flows out of an area is called the outlet
or the pour point. The outlet is the lowest point along the boundary of a watershed. Figure 4.1
shows the methodology adopted for watershed delineation. Map algebra that determines
where the Fill tool had filled the sinks was used to investigate the cause of the errors in the

streams network.
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Figure 4.1: Methodology adopted for watershed delineation.
Objective: To develop an approach to analyze Sentinel-2 satellite images using traditional and
principal component analysis based approaches to create land use and land cover map, which
is a prerequisite for developing the curve number.
The Sentinel-2 cloud-free Level 1C data product (L1C_T43QCE_A008039 20180920T054434)
acquired on 20 September 2018 was downloaded from the Sentinel Hub developed by European

Space Agency. Sentinel-2 Level 1C data were processed from Top-Of-Atmosphere Level 1C to


https://www.sciencedirect.com/topics/earth-and-planetary-sciences/top-of-atmosphere

Bottom-Of-Atmosphere Level 2A. QGIS desktop 3.6.1 is a free and open-source cross-platform
desktop geographic information system application that supports viewing, editing, and analysis
of geospatial data. QGIS desktop 3.6.1 interface was used with Semi-Automatic Classification
Plugin (SCP), to convert the Sentinel-2 MSI data to reflectance values and for dark object
subtraction atmospheric correction (DOS1) of the data. After atmospheric correction, ten bands
(2—8, 8A, 11 and 12) were composited and clipped to the study area. The processed data were
georeferenced to the WGS 84 UTM 43N projected coordinate system. In order to test the
effectiveness of PCA, two stacks were created for the classification in ESRI’s ArcGIS Desktop 10.5
software. Stack 1 contained atmospherically corrected bands (2-8, 8A, 11 and 12) and Stack 2
contained 3 major PCA bands accounting for the 97.96% of eigenvalues. The PCA technique was
used to reduce the number of bands or dimensions necessary for classification. Dimension
reduction leads to a reduction in the computation costs without compromising the desired
variability in the data. According to Mather, (2010) the process of PCA can be divided into three
steps. The first step is to calculate the covariance or correlation matrix of multiband images.
The covariance matrix is calculated by Eq. (1.2).

:Z?:1(Xi—??)(Yi—7) 1.2
n-1

Cxy

= Covariance between Band X and Band Y
= The number of pixels

= Individual pixel value vectors of Band X
= Mean of Band X

= Individual pixel value vectors of Band Y
Mean of Band Y

The diagonal elements of the covariance matrix are the band variances, and the off-diagonals

< a2 3 L

are band covariances. If a correlation matrix is used instead of a covariance matrix, each entry
in C should be further divided by the product of the standard deviations of the features

represented by the corresponding row and column.

Ryy= Cxy 1.3
0x0y
Rxy = Correlation between Band X and Band Y
Cxy = Covariance between Band X and Band Y
ox = Standard deviations of Band X
oy = Standard deviations of Band Y

The second step is to calculate the eigenvectors of the covariance matrix. Following equation is

used for the calculation:



C = Covariance matrix
A; = Eigenvector

= Identity matrix
A; = Eigenvalue

The normalized eigenvectors of the covariance or correlation matrix form the new coordinate
system. The mapping location f; of each pixel X=(x1, X, ..., x) on the i*" principal component is
given by:
fi = XA;=x1 a1, X2y, ..., Xk 1.5
which shows the rotation of the axes of the feature space.
The traditional approach and PCA based approach used Stack 1 and Stack 2, respectively, as
inputs for land use and land cover classification. The training data were collected based on the
manual interpretation of the original Sentinel-2 data and DigitalGlobe's WorldView-4 high-
resolution imagery and was kept the same for all the three classifiers to avoid the optimistic bias
in classification. The training sample size was kept below 1000 pixels per class to evaluate the
influence of the training sample size, as well as the performance of classification algorithms.
Training data for each land use and land cover class were collected as a group of pixels. The
input data and corresponding ground truth data (training sample) were used to train the
classifiers. The classifiers learn the complex relationships between the input and ground truth
data (training sample). To determine the accuracy of each classification and class, thematic
accuracy assessment was performed. For this purpose, firstly a reference data set including a
total of 100 points was created. Stratified random sampling was used with 100 points to obtain
the ground truth data from the manual interpretation of the original 10 m resolution Sentinel—
2 data (Band 2, 3 and 4) and DigitalGlobe's WorldView-4 data (Product Id: 1ba34688-3ee0-41e4-
9187-de68fdb075df-inv) acquired on 25-10-2018 at 5:30 am with 31 cm resolution.The results
of the classifications were not post-processed (e.g., filtered). The classification maps were
evaluated in terms of their overall accuracy (OA), producer’s accuracy (PA), user’s accuracy (UA)
and the Kappa index of agreement (k) or Kappa coefficient and a Confusion matrix was created.
3. Objective: To perform Morphometrical analysis of Vishwamitri watershed and prioritization of
sub-watersheds for assessing the flood influencing characteristics of sub-watersheds of the

Vishwamitri river.
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Figure 4.4: Methodology adopted for prioritization of sub-watersheds for assessing the flood
influencing characteristics of sub-watersheds.

4. Objective: To identify potential runoff storage zones based on the various physical
characteristics of the Vishwamitri watershed using a GIS-based conceptual framework that

combines through analytic hierarchy process using multi criteria decision-making method.
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Figure 4.6: Multi criteria decision making (MCDM ) technique workflow using AHP for
identification of potential runoff storage zones for water storage.

5. Objective: To develop an approach for operational flood extent mapping using Synthetic
Aperture Radar (SAR) and preparation of flood inundation map for data scarce region using 2D

flow modelling using rain on grid model.
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Figure 4.9: Methodology of SAR workflow.

2D Hydraulic modelling for flood hazard assessment:

The intent of this work is to examine the findings of situations for which no observed data or
very limited data, related to flooded areas and discharge, are available. This is a common
occurrence in small watersheds, which are frequently ungauged catchments for which data for
model calibration and validation is unavailable (Costabile et al., (2020)). In circumstances like
these, the reliability of the commercial applications should be measured using a state-of-the-art
research model that is developed for benchmarking purposes. For these reasons, an observed
storm event (30-07-2019 to 03-08-2019) for modelling has been taken under study. This period
of storm event witnessed the stronger than normal cross equatorial flow and active monsoon
conditions over major parts of the watershed during last week of July to first phase of August in
the year 2019. For rainfall-runoff simulations at the watershed scale, the runoff was evaluated
with the well-known SCS-CN method, the potential maximum soil retention is calculated using

following formula:

25400 4.27
S = N 254



Where, S is in mm, and CN is the curve number (dimensionless).

The assumption of SCS-CN is that, for a single storm event, potential maximum soil retention is
equal to the ratio of direct run-off to available rainfall. This relationship, after algebraic
manipulation and inclusion of simplifying assumptions, results to the following expression:

(P_ a)z _ (P_AS)Z
(P+S—-1) P+(1-2A1)S

Daily Runoff (mm),Q = for P > AS 4.28

Q = direct run-off depth
P = total rainfall
I, = initial abstraction
I, and S can be related using the following equation:
I, = AS
A = 0.2 was assumed in original SCS-CN model

The Hydrologic Engineering Center’s Geospatial Hydrologic Modeling Extension (HEC-GeoHMS)
is extension to ESRI’s ArcGIS software that compute the curve number and other loss rate
parameters based on various soil and land use/land cover databases. HEC-GeoHMS is used to
create the curve number with the help of the Support Vector Machine classified land use and
land cover map using Principal Component Analysis (PCA) based approach and soil map
containing hydrological soil groups. One of the most popular and most used model in both the
scientific literature and in practice amongst the software packages using physically oriented
equations. The Hydrologic Engineering Centre-River Analysis System (HEC-RAS) developed by
the U.S. Army Corps of Engineers. In the latest release version (5.0.7), the HEC-RAS model is
complimented by new modules, which include complete 2-D calculations based on 2-D fully
dynamic equations and 2-D diffusion wave equations that ignore inertial conditions. It also
provides the possibility of 1-D/2-D combined simulations, which aim to combine both a full 2-D

and a full 1-D.

Objective: To quantify the effects of urban land forms on land surface temperature and
modeling the spatial variation using machine learning. The models can help to predict land
surface temperature under temporary cloud cover spots, which are present in the data at the
time of the acquisition, using neighboring biophysical (cloud-free) independent variables
relationship with land surface temperature.

The methodology used in the study is presented in Figure 4.11. The workflow was divided into
six steps. First, the satellite data were subjected to image pre-processing and atmospheric
correction to remove the atmospheric effect and sensor defects for land surface temperature

retrieval. Second, the classification of the heat zones. Third, derivation of land use/land cover



and accuracy assessment. Fourth, derivation of NDVI, NDWI and DBSI. Fifth, calculate Land

Contribution Index (Cl) and Landscape index (LI). Sixth, model fitting and evaluation.

I
[

Image pre-processing
and atmospheric
correction

l ‘,

Y
Retrieving LST from
i Derivation of land
EXtraFt'g.n of LULC vsafland.cover — Landsat 8 thermal

indices band

«  NDV|= PviR*tPRED
PNIR™PRED \ 4

— 2 Accuracy assessment ¥

+ NDw|SEerecent IR . Overall accuracy Land surface
e . Producer’s accuracy [

. DBSILSWIRI=PGreen _ Ny +  User'saccuracy temperature

-— Pswir1+HPGreen . Kappa coef ficient
| Mean moving kernel of 2x2 and 5x5 Land Contribution Index (LCl)
(NDVI NDWI DBSI) and Landscape index (LI)
i S
= Machine learning models Model fitting and
X K-NN regression (2x2 and 5x5) R evaluation
] # NN (2x2 and 5x5) i (8 R2 A
+  RTregression (2x2 and 5x5) & IBige Classification of the
. SVM regression (2x2 and 5x5) . RMSE Heat Zones

Figure 4.11: Methodology adopted to quantify the effects of urban land forms on land surface

temperature and modeling the spatial variation using machine learning.




2.1

2.2

2. Results

General
This chapter shows the results obtained for the individual objectives, based on the results
obtained the analysis has been carried out. The chapter is divided into six sections, each section

contains the results obtained for the specific objective.

Results

Objective: To demonstrate a comparative assessment of discrepancy in the hydrological
behaviour of the DEMs in terms of terrain representation at the catchment scale.

A comparison of SRTM-, ASTER-, and Cartosat-derived DEMs allowed a qualitative assessment
of the vertical component of the error, whereas statistical measurements were used to estimate
their vertical accuracy. In order to compare the frequency histograms of the elevation
distributions in the DEMs in the study area, skewness and kurtosis were determined. Further,
to obtain the degree of relationship between the DEMs, scatterplots, as well as correlation
coefficients, were used. The results showed that all DEMs have imperfections in the delineation
of a small river like Vishwamitri, and the comparison showed that SRTM 30 m and ASTER 30 m
failed to delineate proper main drainage for the river. Cartosat 30 m DEM exhibited better
results. The root mean square error (RMSE) was calculated as 7.21 m for ASTER and 3.24 m for
SRTM. The correlation value of 0.94 indicates the existence of a strong positive linear correlation
between SRTM and Cartosat. The study shows that for the study area ASTER elevation data were

highly underestimated, whereas SRTM elevation data were slightly overestimated.

Objective: To develop an approach to analyze Sentinel-2 satellite data using traditional and
principal component analysis based approaches to create land use and land cover map, which

is a prerequisite for developing the curve number.

The overall classification accuracy varied considerably among the classifiers. The overall
classification accuracy of MLE classifier was increased from 22% to 41% (19% increase) in the
PCA based approach. The overall accuracy RF classifier was increased by 10% reaching 70%,
whereas SVM classifier outperformed both the classifiers with 76% overall accuracy (increased
by 12%). Spectral response curve is the curve showing the variation of reflectance or emittance
(in terms of Digital numbers) of a material with respect to wavelengths. Figure 5.14 81 (b) and
5.15 (b) show the variation of responses of the land use and land cover classes in Stack 1 and
Stack 2 respectively. Classes having similar responses are hard to separate. It was also observed

that as the spectral distance (or separability) of the classes Water and Built-up in Stack 1 and

10



Stack 2 (Figure 5.14 (b) and 5.15 (b)) in relation to other classes was more, that is why the user’s
accuracy (UA) and producer’s accuracy (PA) for water and Built-up classes are high, for both
traditional and PCA-based classification approaches. Kappa coefficient showed a similar trend
as that of the overall accuracy. Overall accuracy is calculated by the proportion of the correctly
classified pixels to the total number of pixels. Highest Kappa coefficient values were obtained

with SVM in PCA based approach followed by the RF.

. Objective: To perform Morphometrical analysis of Vishwamitri watershed and prioritization of
sub-watersheds for assessing the flood influencing characteristics of the sub-watersheds of the
Vishwamitri watershed.

Watershed morphometry reveals lumped or semi-distributed watershed features. Watershed
hydrology is highly influenced by its morphometry. Runoff potential is directly related to a
variety of morphometrical parameters including drainage density, drainage frequency, mean
bifurcation ratio, drainage texture, and elongation ratio (i.e., the greater the values of these
parameters, the greater the watershed's runoff potential and vice versa). Morphometric
parameters were directly calculated from the Cartosat-1 30m DEM by using Arc-hydro tools.
Morphometry of Vishwamitri watershed and sub-watersheds, and its hydrological importance

are discussed in detail below.

. Compound value and weightage:

Single or limited parameters cannot present a comprehensive picture of the flood hazard
potential of any sub-watershed, and hence, each of the linear, aerial, and relief morphometric
parameters along with curve number is taken into consideration for assessing the flood
influencing characteristics of the five sub-watersheds of the Vishwamitri watershed, as these
parameters have a direct but variable relationship with flood runoff. Therefore, influencing
value or rank (highest weightage 5 and least 1) is given to each sub-watershed based on the
nature of the selected parameter. Prioritization was achieved through the allocation of weights
to the individual indicators contributing to flood runoff and a compound value (C,) was
calculated for final prioritization. C, is derived by calculating the average of ranks assigned to
the individual parameters. The sub-watershed with highest C, contributes most to flood runoff
and as a result needs highest priority for flood mitigation measures, whereas the sub-watershed
with lowest C, is contributing least to flood runoff thereby has low priority. Thus an index of
high, medium and low priority was produced. Based on the integration of each flood influencing
parameter and calculated compound value, the SW | and IV areas of Vishwamitri watershed

have been categorized into high priority, SW Il and V into moderate priority, and SW Il into low

11



priority. In order to mitigate floods, it is proposed that there is a significant need to create a
flood spill channel that can take up to one-third of the total flow of the Vishwamitri river.
Moreover, to prevent floods in the downstream agricultural areas and settlements, an
additional reservoir must be created in SW I. Along with this, mitigation measures such as, check
dams, nala bunds, gully plug, bundhis (local name in India), percolation tanks, etc. can be
constructed in a planned and systematic manner in SW I, Il and IV to create water buffers within
the catchment, which will help reducing vulnerability to seasonal variations in rainfall. Nala
bunds and percolation tanks are structures built across or closer to nalas (streams) to increase

water percolation, increase the moisture regime of the soil, and restrict silt flow.

. Objective: To identify potential runoff storage zones based on the various physical
characteristics of the Vishwamitri watershed using a GIS-based conceptual framework that
combines through analytic hierarchy process using multi criteria decision-making method.

Determining criteria weights using AHP

AHP provided a systematic approach to conduct MCDM. To derive suitability maps for potential
runoff storage zones, the criteria maps have to be related to the result of the AHP. The AHP pair-
wise matrix for the criteria used in this study is presented in Table 2.1. For all the five spatial
layers the relative importance is derived. Thus, a common scale (0 % to 100 %) is obtained from
AHP procedure. As seen in Table 2.1, the most important criterion for decision-making is Slope
(22.50%), followed by LULC (21.20%), Curve number (14.80%), HAND (14.50%), Stream order
(14.40%) and TWI (12.60%). Calculated principal eigenvector is 6.47, which is computed with the
square reciprocal matrix of pairwise comparisons between criteria. Since the AHP may have
inconsistencies in establishing the values for the pairwise comparison matrix, it is important to
calculate this level of inconsistency using the consistency ratio (CR) (Rincon et al., (2018)). The
CR of the pair-wise matrix is 7.5% (which is less than 10 %) and thus the judgments made and
compiled in the pair-wise matrix of Table 2.1 are acceptable. This implies that the comparisons
were performed with good judgment, weightage for each criterion is suitable to weighted

overlay.

12



Table 2.1: Resulting weights for the criteria based on pairwise comparisons.

Slope Curve Stream
Based TWI LULC HAND  Priority  Rank
number order
on TPI
Slope
Based on 1 2 0.5 2 2 2 22.50% 1
TPI
TWI 0.5 1 1 1 1 0.5 12.60% 6
LULC 2 1 1 1 2 1 21.20% 2
Curve
0.5 1 1 1 0.5 2 14.80% 3
number
Stream 05 1 05 2 1 1 14.40% 5
order
HAND 0.5 2 1 0.5 1 1 14.50% 4

Weighted Overlay Process (WOP) within GIS

Potential runoff storage zones of the study area (Figure 2.1) was generated by integrating the
thematic layers of slope, LULC, curve number, HAND, stream order and TWI using weighted
overlay process (WOP) within GIS. Resulted raster was classified into four classes namely (a)
Not suitable (b) Marginally Suitable (c) Moderately Suitable (d) Optimally Suitable. Result shows
that 17 % of the area is optimally suitable, 33.2% of the area is moderately suitable, 33.1 % of
the area is marginally suitable and 18.7% of the area is not suitable for water storage
zones/structures. Sixteen suitable sites on such zones (optimally suitable class) have also been
identified for water storage structures, as shown in Figure 2.2. Criteria of selection of these sites
are: first, proximity of the sites to the agricultural fields. Second, sites should be on unused or
barren land. Third, narrow cross-section of the valley with high shoulders to minimise the
amount of construction material needed for building the small dams or check dams, nala bunds,
gully plug and bundhis. Results are also confirmed by the already built water storage structures

in derived potential runoff storage zones which are in optimally suitable class (Figure 2.3).

13



73°1 |5'0“E 73°3P'0"E

N
Z
o
- O
™
(o]
N
AN
I Not Suitable
Marginally Suitable
[l ModeratelySuitabl ‘Z
oderatelycuitable :C_D
- - LD
Optimally Suitable S
N
N
0 5 10 15 20
e e )

Figure 2.1: Potential runoff storage zones of the study area.
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Figure 2.2: Identified sites for water storage structures on potential runoff storage zones.
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Figure 2.3: Already built water storage structures on the derived potential runoff storage zones.
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5. Objective: To develop an approach for operational flood extent mapping using Synthetic
Aperture Radar (SAR) and preparation of flood inundation map for data scarce region using 2D
flow modelling using rain on grid model.

For the study area Kerala, the random forest classifier exhibited maximum overall accuracy of
88.80% with the kappa coefficient value of 0.72. Both the classifiers obtained better accuracy
results in VV polarization compared to the VH polarization. The least overall accuracy of 82.60%
and a kappa coefficient value of 0.63 were observed with random forest in VH polarization,
which was followed by the support vector machine in VV polarization. RF achieved higher
classification accuracy than SVM by about 5% in VV polarization. However, both the classifiers
produced comparable overall accuracies in VH polarization (SVM achieved higher classification
accuracy than RF by about 1%). The inundated area in the calculated NDW!I over the cloud-free
extent is 73.88%, which is 41.78 km?. However, it has also been observed that the inundated
area using random forest classification on filtered VV data over the cloud-free extent is 71.18%,
which is 40.25 Km?. For the study area Assam, the SVM classifier exhibited maximum overall
accuracy of 92% with the kappa coefficient value of 0.81. Both the classifiers obtained better
accuracy results in VH polarization compared to the VV polarization. The least overall accuracy
of 83.60% and a kappa coefficient value of 0.65 were observed with random forest in VV
polarization, which was followed by the RF in VH polarization. SVM achieved higher classification
accuracy than RF by about 5.38% in VH polarization. The inundated area in the calculated NDWI
over the cloud-free extent is 74.09%, which is 491.47 km?. However, it has also been observed
that the inundated area using SVM classification on filtered VH data over the cloud-free extent
is 62.76%, which is 416.99Km?. To calculate inundation for the entire scene, threshold value of
-10.96 and -19.58 was selected for Kerala and Assam region respectively after analysing the
histograms. The calculated inundated area with thresholding technique for Kerala was found
204 km? (2% more than classified VV polarised data using RF algorithm). Similarly, the calculated
inundated area with thresholding technique for Assam was found 3368.90 km? (23.46% more
than classified VH polarised data using SVM algorithm). For Assam region the variation is very
large, a single threshold did not hold well as large swath of a SAR image suffers from

environment heterogeneity caused by wind-roughening and satellite framework parameters.
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Figure 2.4: (a) Random forest tree classification on filtered VV data (Kerala) (b) Classified
filtered VV data with threshold value of -10.96 (Kerala) (c) Support vector machine classification
on filtered VH data (Assam) (d) Classified filtered VH data with threshold value of -19.58
(Assam).

18



A. 2D hydraulic modelling for inundation:
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Figure 2.5: Inundation map of Vadodara city with sites visit

6. Objective: To quantify the effects of urban land forms on land surface temperature and
modeling the spatial variation using machine learning. The models can help to predict land
surface temperature under temporary cloud cover spots, which are present in the data at the
time of the acquisition, using neighboring biophysical (cloud-free) independent variables

relationship with land surface temperature.

Temperature Variations for Different Land Cover Types

To understand the relationship between land surface temperature and land use/land cover, the
investigation of the thermal signature of each land use/land cover form is important. A
comparison was therefore carried out between land use/land cover and land surface
temperature The mean temperature of each landform category was calculated by averaging all
consistent pixels of a given landform category. The average LST at 11:02:51.19 AM in summer

reached up to 41.0 °C, whereas in winter it was 30.9 °C.
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The average land surface temperature values of four land use/land cover types from high to low
are baresoil > builtup > vegetation > water. The results indicated the highest land surface
temperature was recorded for baresoil while the lowest was recorded for water bodies for both
the seasons. In the study period, the city of Vadodara showed lower surface temperatures in
residential urban areas as compared to the outskirts of the city. It is caused by heat from the
sun in the surrounding areas that is directly absorbed into the ground, causing it to heat up
faster than other ground cover ranges. This could be because of the different values of the
surface albedo and land surface temperature on residential urban areas and baresoil. The
residential areas in the city are generally painted with light colors which increases the albedo
value than the baresoil land. In contrast, asphalt roads, pavements, buildings, concrete and
other features that make up the urban surfaces tend to slowly release the heat absorbed. A high
albedo means the surface reflects the majority of the radiation that hits it and absorbs the rest.
However, black asphalt or roads in the urban areas tend to have high land surface temperature
and low albedo value due to its thermal characteristic. Black asphalt or roads have a high
tendency to absorb solar radiation. In other words, builtup areas tend to retain heat longer than
other classes, such as barren land in the city areas, which does not retain heat for as long. These
results are consistent with the findings of Kant et al., (2009) which found that areas with baresoil
and builtup areas had higher land surface temperature levels, while other categories, such as
water and vegetation, had lower land surface temperature values during the day. The results of
this study suggest that the wastelands / barren lands have higher temperatures than residential
urban areas.

Considering the relationship between landforms and thermal signatures is the most efficient
approach in understanding the effect of different landforms on land surface temperature.
Spectral indices are the most widely used and applicable method in large-scale research to
measure the urban surface characteristic. Evidence from the past studies shows the precise and
significant results in urban surface characteristic computation using spectral indices. To
investigate the connection of LST with biophysical variables, indices such as NDVI, NDWI and
DBSI were derived from Landsat 8. The NDVI has been used extensively to define the overall
vegetation and green area conditions. A higher NDVI shows a higher vegetation likelihood. The
DBSI can reveal the builtup and barren land of urban areas. High DBSI values generally signify
areas with baresoil while mid-range values signify intensive urban development. Based on
reflected near-infrared radiation and visible green light, NDWI enhances the open water
features. A higher NDWI shows a higher water body likelihood. The relationship between land

surface temperature and urban surface characteristics was examined using the Pearson
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correlation coefficient. Lower temperatures in vegetation areas are due to processes like
transpiration and evapotranspiration. DBSI values ranged between -0.052 and 0.255, the DBSI
value over baresoil and builtup classes showed a positive correlation with LST. It was found that
the baresoil and builtup areas have a noticeable effect on the surface urban heat. Water bodies
have a little thermal response and are known to be an efficient absorbent of radiation.

Land Contribution Index (Cl) and Landscape index (LI)

To accurately identify the connection between the surface parameters and the trajectory of the
land surface temperature in the area under study, a contribution index for each type of land
cover was calculated for the summer and winter seasons. T The results of the calculated
contribution indices of the land use/land cover types show the dominance of the baresoil
surface in relation to the impact on the overall land surface temperature regime of the study
area. This trend might be explained by the fact that the baresoil land cover type is one of the
two groups with a positive net contribution index. Second, for both seasons, this contribution
index is greater than all others combined, suggesting that the baresoil region contributes to
more surface heating than any other land use/land cover in the study area or has the largest
heat generating capability on the surface. Among the four types, vegetation provided maximum
heat mitigating impact in the study area. The contribution index value of water remained the
same for both the seasons, indicating that temperature variation over water tends to be less
variable due to its high thermal capacity. As expected, baresoil and builtup land had high
contribution index in summer, which was significantly lower in winter due to lower solar
radiation. Apart from baresoil and builtup land, the other types also provided less heat
contribution in winter. These observations can be explained by the rainfall season prior to
winter season which leads to more vibrant urban green space and therefore more heat sinking.

Model fitting and evaluation

The worst performances were observed by RT models (2x2 and 5x5). However, NN 2x2, NN 5x5,
SVM 2x2 and SVM 5x5 models performed moderately good with overall RMSE of 0.617 °C, 0.594
°C,0.623 *C and 0.615 °C, respectively. Although the average estimation by all the models is very
close to the average LST calculated using the Landsat 8 data, boxplots show that none of the
models was capable to predict the extreme values. The comparative results revealed that the K-
NN algorithm outperformed the other models. The lowest overall RMSE was calculated at a

value of 0.549 °C for KNN 5x5, followed by, KNN 2x2 (0.561°C).
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3. Conclusions and Recommendations

3.1 General
This chapter shows the conclusions obtained for the individual objective. Based on the

conclusions, recommendations and suggestions have been given.

3.2 Conclusions

1. All the DEMs used in the study have imperfections for the delineation of the small river like
Vishwamitri. Moreover, a comparison shows that SRTM 30 m and ASTER 30 m failed to
delineate main drainage for the Vishwamitri river. However, Cartosat 30 m DEM exhibited
better results. The Cartosat-generated drainage network is much closer to the actual river
network followed by the SRTM-derived drainage network. A large number of sinks in ASTER
DEM and SRTM DEM around the actual river have considerably contributed to the deviation in
ASTER DEM- and SRTM DEM-derived streams from the actual stream. Such error indicates that
there are probably residual and artifactual anomalies that most certainly degraded the overall
accuracies of ASTER and SRTM DEMs. Moreover, watersheds delineated by ASTER DEM and
SRTM DEM could not follow the ridgeline and hence they have encompassed the Dhadhar river
in them. It can be concluded that for hydrological studies, the Cartosat DEM should be given
first preference followed by the SRTM DEM for the area under study, where the relief class
belongs to a flat relief.

2. Principal Component Analysis (PCA) based approach is far superior to the traditional approach
for clssification. PCA extract the useful spectral information by compressing redundant data
embedded in each spectral channel. The overall classification accuracy of MLE classifier was
increased from 22% to 41% (19% increase) in the PCA based approach. The overall accuracy RF
classifier was increased by 10% reaching 70%, whereas SVM classifier outperformed both the
classifiers with 76% overall accuracy (increased by 12%). PCA with Support Vector Machine is
able to produce highly accurate land use and land cover classified maps. Support Vector
Machine outperformed the Maximum Likelihood Estimation and Random Forest Tree
classifiers in both traditional as well as PCA based approach even with a small training dataset.
The uncorrelated principal component bands enhanced the classification accuracy as
compared to the use of Sentinel-2 original bands. This confirms the feasibility of PCA in remote
sensing to extract land use and land cover information and enhance the classification accuracy.

3. The morphometric parameters derived from the Cartosat-1 digital elevation model (30 meters)
helped to understand the hydrological behaviour of various sub-watersheds of Vishwamitri

watershed. Based on the integration of flood influencing parameters and calculated compound

22



value, the Sub-watershed | and IV (C,= 3.64) of Vishwamitri watershed have been categorized
into high priority, Sub-watershed Il (C,= 2.91) and V (C,= 2.64) into moderate priority, and Sub-
watershed Ill (C,= 2.18) into low priority. Morphometric parameters are ideal for providing
fundamental data for drawing conclusions that concern the effect of river morphology on the
flood situation. In countries like India, high maintenance costs and the requirement for skilled
operators make providing gauge stations to each watershed probably expensive. As remote
sensing data are widely used in mathematical watershed models to simulate and evaluate the
existing and proposed management scenarios, the runoff curve numbers estimated from
remotely sensed parameters, such as land use and land cover and soil data, in combination
with observed rainfall, predicted runoff and peak flow, may result in high accuracy of
hydrological modeling.

Suitability map of potential runoff storage zones by integrating the thematic layers of slope
derived by topographic position index, LULC, curve number, height above nearest drainage,
stream order and topography wetness index using analytic hierarchy process and weighted
overlay process within GIS is reliable and accurate. Result shows that 17 % of the study area is
optimally suitable, 33.2% of the area is moderately suitable, 33.1 % of the area is marginally
suitable and 18.7% of the area is not suitable for water storage zones/structures. Proposed
suitability map for potential water storage zones developed by the GIS technique for the study
area may be implemented in the future to overcome growing water scarcity due to
global/regional climate change. Since the approach and the analysis showed in this research
have non-exclusive relevance, they are exceptionally valuable for other parts of the world,
especially for developing countries, despite hydrological and agro-climatic variations. This
approach is less time-consuming, more precise and can be utilized for identifying potential
locations for different interventions for large watersheds. Results will help concerned
authorities in the proficient arranging and execution of water-related plans and schemes,
improve water shortage, reduce dependability on ground water and ensure sustainable water
availability for local and agricultural purposes.

Effective and quick response is required during disasters like flooding. Rapid mapping of such
events will be beneficial to urban and infrastructure planners, risk managers and disaster
responses during extreme and intense rainfall events. The research carried out shows a simple
and efficient method for mapping inundation extent with only the C-band of S1A, with coarser
geometric resolution and fixed polarizations (VV-VH) by considering the case of Kerala and
Assam. Based on the analysis of the obtained results it can be concluded that the the side-

looking geometry inherent to conventional SAR sensors leads to the production of radar
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shadowing and layover. The backscattering coefficient values become high as the water
roughness causes high signal return, decreasing the contrast and making the separation of the
land-water covers difficult. Despeckle filters with good noise removal capabilities often tend to
degrade the spatial and radiometric resolution of an original data and cause the loss of image
details. This may be acceptable for applications involving large scale image interpretation or
mapping. However, the retention of the subtle structures of an image is important and,
therefore, the performance of speckle noise suppression technique must be balanced with the
filter’s effectiveness to preserve the fine details. The performance evaluation of de-noising
methods in the study showed that Lee filter with 3x3 kernel size provided a good balance in
feature preservation as well in despeckling compared to the other filters used in the study. The
accuracy assessment of machine learning algorithms for flood classification over Kerala shows
that random forest classifier has higher overall classification accuracy (88.80%) than the
support vector machine (about 5% higher in VV polarization). However, both the classifiers
performed slightly better in VV polarization than VH polarization for Kerala region. For study
area Assam, SVM in VH polarization achieved higher overall accuracy (92%) and least
performance was observed by RF in VV polarization. It is also concluded that, a single threshold
should not be used as large swath of a SAR image suffers from environment heterogeneity
caused by wind-roughening and satellite framework parameters.

. The proposed approach shows the potential for monitoring damages caused by floods,
providing basic information that can help local communities manage water-related risk,
planning land and water management as well as other flood control programs.

The hydrodynamic-based surface runoff computations in rainfall-runoff simulation at the
catchment scale shows the application of the hydrodynamic model HEC-RAS for identifying the
inundation areas, in regions with very limited or no ground-based observational data. Ward
numbers 2, 5, 6, 8 of Vadodara city were severely affected by the flood and percentage of area
inundated in these wards varies form 35.69% to 39.86%. Ward numbers 4, 7, 10, 12 were
moderately affected by the flood and percentage of area inundated in these wards varies from
16.34% to 21.92%. Ward numbers 1, 3, 9, 11 were marginally affected by the flood and
percentage of area inundated in these wards varies form 0.56% to 3.54%. Moreover, 55.65%
of total flood extent are located in the very low hazard class (H1) followed by H4—high hazard
class (17.73% of total flood extent), H3—medium hazard class (14.69% of total flood extent),
H2—low hazard class (7.26% of total flood extent), H5—extreme hazard class (4.67% of total
flood extent). A significant advantage of the given framework is considered to be its ability to

produce results using only good quality topographical, rainfall, land use and soil data. In this
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way, the technique will yield results for ungauged catchments. The integrated analysis of
morphometric, land cover, and topographic analysis for characterising the hydrological
behaviour of the Vishwamitri watershed, as shown in this study, may be the sensible alternative
until the automated observation network is built in such areas. For validating and calibrating
the hydrological simulation models, the availability of the discharge data is crucial. Therefore,
the establishment of a network of hydrometeorological and river discharge stations in the basin
to facilitate better prediction of the flooding process is of the utmost importance.

Spatial distribution of land surface temperature provides critical information for the
understanding of local climatic conditions in the cities and can be used as a potential measure
to introduce necessary steps to minimize the adverse effects of high land surface temperature.
The results indicated the highest land surface temperature was recorded for baresoil while the
lowest was recorded for water bodies. Based on research results, the study suggests that a new
urban heat mitigation strategy is an important element in the spatial arrangement of
impermeable surfaces and green areas as well as water bodies that manage urban heating and
cooling. The evaluation of the prediction models shows that the K-NN, NN and SVM models,
are the optimum models for predicting the land surface temperature in Vadodara city using
neighboring biophysical independent variables relationship with land surface temperature. In
addition, it is shown that the K-NN (5x5 observation grid) model exhibits good performance
with RMSE of 0.549 °C. The model can help to predict land surface temperature under
temporary cloud cover spots, which are present in the data at the time of the acquisition using
neighboring biophysical (cloud free) independent variables relationship with land surface

temperature.

3.3 Recommendations

1.

DEM data with a high spatial resolution must be used. Accurate terrain or morphologically
accurate data have a significant effect on geoscientific and hydrological studies such as flood
risk prediction, morphometry, 2D hydraulic modelling and so on. Some of these applications
include quantitative terrain descriptors derived from DEMs such as slope, aspect, curvature,
drainage networks, or watershed delineation to describe shape and topology. Despite the real
importance of the applications of DEMs in numerous fields and the technological advances for
its creation and availability, aerial photographs or globally available DEMs such as ASTER and
SRTM are commonly used, which leads to low accuracy due to the significant effect of inherited
anomalies in the DEMs. According to the results analysed in this study, the Cartosat DEM
should be given first preference followed by the SRTM DEM for the study area where the relief

class belongs to a flat relief. It is also recommended to use DEMs produced by advancement of
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current technologies such as light detection and ranging (LiDAR) systems. LIDAR data are much
denser sample models of Earth’s continuous and irregular surface, should be preferred, if a
more detailed and robust analysis is being pursued. It is an efficient technique to provide
terrain data with high resolution as compared to other DEM sources. The use of a LiDAR system
to generate DEM data has many advantages over other methods. LiDAR data can be collected
during the day, night, and even in cloudy conditions. Moreover, it has the ability to penetrate
the ground surface in vegetated and urban areas more reliably than either photogrammetry or
Interferometric Synthetic Aperture Radar (IfSAR).

It is recommended to use principal component analysis for image compression and eliminating
noise, redundancy, and irrelevant information which ultimately leads to reduction in the
computation costs without compromising the desired variability in the data. Principal
component analysis coupled with Support Vector Machine will be appropriate for multispectral
as well as for hyperspectral images with small structures or artifacts to detect, or where
spectral groups or spectrally related classes predominate, as it minimizes classification errors
and make them superior to the parametric classifiers for obtaining effective LULC classification.
The cost of implementing a GIS is significant, particularly when the cost of data collection and
manipulation is incorporated. The map data and tabular data documenting tracts of land use
and cover have been time-consuming and costly to update. When the application area is
greater than a few square kilometers, the use of satellite images is justified since defining curve
numbers using conventional methods is time-consuming. The determination of the curve
number is dependent on the resolution of the satellite, and higher spectral and spatial
resolution may provide more accurate estimates. To achieve satisfactory results, further
research is needed to be carried out with finer resolution.

In the sense of near real-time mapping, it is important to collect data as soon as a flood event
occurs. The temporal fusion of SAR and optical data will reduce the time between the flood
and data acquisition. Furthermore, the spatial fusion of SAR and optical data may aid in the
detection of inundated areas in steep slope terrains that are difficult to detect using SAR data
due to radar shadowing and foreshortening. It is recommended to use VH and VV polarization
for flood area mapping application due to the reduced nature of scattering and speckles in
absence of HH polarization. SAR data has a number of drawbacks that must be considered
during the data collection process, such as the inability to record flooding in urban areas due
to the corner reflection concept, double-bounce effect, noise, and increased measurement
uncertainty due to speckle. Such a radar response is insufficient for mapping the real flooded

areas of urban areas. As a result, in the context of a real-time disaster situation, flood area
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mapping of urban areas is a difficult job and should be typically handled by domain experts
using a LiDAR height map of the urban area aided with hydraulic modelling. A comprehensive
evaluation of further Sentinel-1 scenes is expected in the future, including a thorough study of
the performance of VV and VH polarization in various environments and wind conditions. Since
Sentinel-1 imagery is collected in a systematic manner, time-series analysis may help us
enhance the robustness of the flood mapping workflow provided.

Mitigation steps should be implemented in upper tributary streams, such as an early flood
warning system, introduction of water storage areas (check dams), levees/embankments, flood
walls, flood gates, strategic agriculture, the creation of flood risk maps, the prevention of
further growth in flood-prone areas, and the adaptation of advanced flood forecasting
techniques.

In order to mitigate floods, it is proposed that there is a significant need to create a flood spill
channel that can take up one-third of the total flow of the Vishwamitri River. Moreover, to
prevent floods in the downstream agricultural areas and settlements, additional reservoir must
be created in Sub-watershed I. Along with this, mitigation measures such as check dams, nala
bunds, gully plug, bundhis (local name in India), percolation tanks etc. can be constructed in a
planned and systematic manner in Sub-watershed |, Il and IV to create water buffer within the
catchment, which will help reducing vulnerability to seasonal variations in rainfall.
Vishwamitri River discharges have to be measured accurately with uniformity in time of
observations. For this purpose automated observation network of gauging stations would need
to be established in each sub-watershed with current meter observations, where the river
section is relatively straight and uniform, free of obstructions and vegetation, with no
progressive tendency to scour or accrete, and free of the backwater effect of tributaries,
downstream structures (dams, bridges). The flow should be contained within defined
boundaries. Gauge site should be sensitive to the extent that a significant change in discharge,
even for the lowest discharges, should be accompanied by a significant change in stage. Gauges
will have to be established with gauge levels conforming to G.T.S. (Great Trigonometrical
Survey) benchmark so that they are connected to common datum.

To overcome growing water scarcity due to global/regional climate change, water storage
structures must be made on potential water storage zones as shown in the study. More
investments in infrastructure development (i.e., dams and water supply pipe networks) would
help future population cope with the growing water demand as an uneven distribution of
precipitation in time is expected due to climate change. Ponds are suitable for small flat areas

with slopes 5%, 0.15 % of study area belongs to middle slope, nala bunds are suitable on
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moderate slopes of 5-10%, 12.49 % study area belongs to upper slope, terracing is suitable for
steeper slopes of 5-30%. Ridges and upper slope together forms 30.79 % of the study area,
they indicate least potential for rainwater harvesting because higher sloping land is
inappropriate for constructing water storage structures. Valley and lower slope together
constitutes for 33.58 % of the study area, small dams or check dams like structures are
preferable on such sites.

Rising global temperatures pose a growing challenge to safe and healthy living conditions.
Because of the materials used to construct houses, streets, and infrastructure, these
environmental changes have had a particularly negative impact on cities. Increasing the albedo
of roofs appears to be an effective approach to reduce the temperature rises caused by urban
heat island and also the least-cost alternative compared with green roofs and urban forestry.
It is therefore recommended that the Vadodara city employ heat mitigation strategies such as
the use of high albedo urban materials, reflective pavements, increasing the area of vegetated

land in the city, green roofs, addition of large urban bodies of water, etc.
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