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Abstract Interception refers to the quantity of rainfall prevented by vegetation
from reaching the soil surface, which is one of the significant and integral parts
of the hydrological cycle. Most hydrological models depend on the water balance
components, where the rainfall intercepted by vegetation is considered a loss. It is
an essential and controlling parameter in hydrological modeling studies and flood
forecasting analysis, thus establishing that its impacts at local, regional, and global
scales are imminent. Remote sensing is one of the advanced techniques that helps
generate a spatiotemporal variation of interception by vegetation canopy. The present
study aimed to generate spatiotemporal variation interception maps for an agricul-
tural watershed covering 53.75 km? of the area near Tadepalligudem, West Godavari
district, Andhra Pradesh. The study area is covered with vegetation cover that consti-
tutes about 40-55% of the total catchment; thus, interception is a critical component
in hydrological modeling studies in this watershed. Landsat § datasets acquired from
USGS EarthExplorer during different months of 2020 are used in this study. Leaf
area index (LAI) and canopy storage capacity (Sp,x) are the influential parameters in
estimating canopy rainfall interception. The interception maps at varying spatial and
temporal scales are generated using MATLAB programming platform. The result
obtained gives a better understanding of the spatiotemporal variation of interception
and its importance at a regional scale. The canopy rainfall interception model derived
can be applied to various agriculture watersheds. Further, results obtained from the
analysis can be used in rainfall-runoff modeling and water resource management
studies.
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1 Introduction

Interception is one of the critical parameters of the hydrological process, which indi-
cates the amount of precipitation lost due to vegetation interception. Interception is a
crucial process because it influences other hydrological processes like an infiltration,
evapotranspiration, runoff generation, and flood generation [1, 2]. Considering inter-
ception by vegetation as an essential parameter of the hydrological processes in the
water balance cycle helps achieve accurate runoff estimation analysis [3]. Intercep-
tion also plays a vital role in water resource management and climate change. The
appraisal of vegetation canopy interception is remarkably significant for describing
and interpreting water cycling and has possible suggestions for land use-land cover
planning and water and soil conservation [4].

The interception by vegetation cannot be determined directly. Interception is
usually estimated as the difference between total rainfall and the sum of stem flow
and through fall [5, 6] which is generally determined by studying an individual
plant or group of plantations. Although collecting data from individual plants or
groups of plantations gives high estimation accuracy, it is an expensive and time-
consuming process and also interpolating it to a large study area becomes a difficult
task. Modeling provides an excellent solution to generate a spatiotemporal variation
of interception to a large study area in a short time [7, 8]. Canopy storage capacity
(Smax) 1s one of the critical parameters mentioned in best existing models like the
Rutter model [9, 10] and Gash model [11], which indicated that excess rainfall would
most likely result in water overflow through the canopy and toward the canopy ground
surface [3, 5]. So, canopy storage capacity controls the rainfall interception by vege-
tation cover [12—14]. Studies showed that canopy storage capacity could be derived
using leaf area index (LAI), which is generated using remote sensing data [15, 16].
Remote sensing is emerging as an effective tool for studying spatial and temporal
variations of the land surface, which covers a wide range of vegetation indices used
in this study. The study area (Tadepalligudem region) falls tropical part of India and
is also close to Godavari delta regions with very fertile soil. The study area is covered
a quality amount of vegetation throughout the year, so rainfall interception by the
canopy plays a significant part in runoff analysis.

Most studies have been focused on estimating interception using a Geographic
Information System (ArcGIS), which requires you to give the numerical equations as
input in using a Raster Calculator tool each time to perform the analysis. The present
study is aimed to develop a canopy rainfall interception model using a program-
ming language for the estimation of rainfall loss due to vegetation in the form of
interception. Landsat 8 satellite data with 30 m resolution is used as an input in the
model. Maps are generated for different periods in 2019, 2020 and 2021, using the
canopy rainfall interception model for three different precipitation scenarios. This
model gives a better understanding of the relation between canopy storage capacity
(Smax), canopy rainfall interception (S,), and precipitation. This estimated intercep-
tion by vegetation could be further used in assessing the water balance cycle and
hydrological analysis within this study region.
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2 Materials and Methods

2.1 Study Area

The study area falls between 81° 28’ and 81° 32’ 30” east longitude and 16°48'
30” and 16° 54’ 30” north latitude. Figure 1 shows the location of the study area
in the Tadepalligudem region of West Godavari district (Andhra Pradesh). The total
area covered under the study region is about 53.75 km?. It experiences tropical
climate conditions with summer temperatures ranging from 38° to 45°C and winter
temperatures ranging from 15° to 28°C.

The soil distribution in the region mainly falls under the clay soil’s (black cotton
soils) category with a mix of silt. The grounds are very fertile, which produce about
two to three harvests in a year. Rice is the major crop in this region. Though there are
enough rainfalls in the area, most agriculture depends on groundwater due to the lack
of proper rainfall water storage, watershed management practices, and distribution
network.
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Fig. 1 Location map of study area
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Table 1 Details of data used
Type Details Source

Toposheets Nos. 65 H/9 SW and 65 H/5 SE at Survey of India (SOI)
1:25,000 scale

Satellite data | Landsat 8 band data for the years 2019, | USGS EarthExplorer
2020 and 2021 at 30 m resolution

Rainfall data | Rainfall in mm Automatic Weather Station at NIT
Andhra Pradesh, Tadepalligudem

2.2 Data Collection

Table 1 shows the details of the data used and its sources. Toposheets of no’s 65 H/9
SW and 65 H/5 SE, which are of 1:25,000 scale, were purchased from the Survey of
India (SOI).

These toposheets are used in delineating watershed boundary as shown in Fig. 1.
USGS EarthExplorer, an open-source (https://earthexplorer.usgs.gov/), is used to
acquire the Landsat 8 satellite data. Downloaded Landsat 8 cloud-free band datasets
are covering the study area during November 2019, October 2020, and March 2021
which are used in the study. Rainfall data used in the study are collected from Auto-
matic Weather Station which located at 16°50/02.7” north latitude and 81°29'09”
east longitude covering the study region.

2.3 Methodology

Figure 2 shows the flowchart representation of the methodology followed in this
study. Watershed boundary is delineated using the toposheets purchased. The
boundary delineated is further used on Landsat 8 band data to clip the datasets to the
boundary scale. Landsat 8 datasets are used in the generation of Normalized Differ-
ence Vegetation Index (NDVI) and Soil-Adjusted Vegetation Index (SAVI) maps.
SAVI is used in the generation of LAI maps; this LAI is further used in the gener-
ation of canopy storage capacity (Smax). LAI canopy storage capacity, and rainfall
data are used in the interception model to generate spatiotemporal variation maps of
canopy rainfall interception.


https://earthexplorer.usgs.gov/
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Fig.2 Flow chart of methodology
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2.4 Selection of Input parameters

2.5 Normalized Difference Vegetation Index (NDVI)

Normalized Difference Vegetation Index (NDVI) is one of the indexes derived using
remote sensing data. It is a dimensionless parameter that ranges from —1 to + 1. Itis
used as an indicator to understand the density of vegetation cover. The higher value
of NDVI indicates healthy vegetation cover. The NDVI map for Landsat 8 satellite
is generated using Eq. (1).

Band 5 — Band 4
NDV[= ——MM— (D
Band 5 + Band 4

Band 5 indicated near-infrared (NIR) band, and Band 4 indicated red band.

2.6 Soil-Adjusted Vegetation Index (SAVI)

Soil-Adjusted Vegetation Index (SAVI) is another vegetation index derived using
remote sensing data. It is used as a correction to NDVI to minimize the impact of soil
brightness in low vegetation cover regions by using the soil brightness correction
factor. SAVI is given by Delegido et al. [17], as shown in Eq. (2).

_ (Band5 — Band4)
" (Band5+ Band4 + L)

SAVI x (14 L) 2)

Band 5 indicated the near-infrared (NIR) band, Band 4 indicated the red band,
and L is the soil brightness correction factor. L is taken as 1 in case of no vegetation,
0.5 in moderate vegetation conditions, and 0 in high dense vegetation scenarios [17].
In this study area, L is taken as 0.5.

2.7 Leaf Area Index (LAI)

Leaf area index (LAI) is used to indicate the rate of vegetation growth in an area. It
is defined as the total one-sided leaf area per unit ground surface area [18, 19]. LAI
from the METRIC method is given by De Wasseige et al. [20], as shown in Eq. (3).

ln( 0.69—SAVI

LAI = —% (3)

where SAVI is the Soil-Adjusted Vegetation Index.
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2.8 Canopy Rainfall Interception Model

The primary factor in estimation interception by vegetation is the canopy storage
capacity (Smax). Canopy storage capacity, also known as the maximum interception
storage capacity, is given by [21], as shown in Eq. (4).

Smax = 0.935 + (0.498 x LAI) — (0.00575 X LAIZ) @)
where LAI is the leaf area index.

Canopy cumulative interception during a rainfall event is given by Aston [22]
which is modified from [23] as shown in Eq. (5).

Sy = Smax X [1 - e—"'s’ifa‘?] )

where S, represents canopy rainfall interception in mm, P, shows the value of
cumulative precipitation in mm for a rainfall event, and 7 is the correction factor (n
=0.046 x LAI).

The assumption made by Aston [22] for Eq. (5) is: if cumulative rainfall is equal
to zero, then canopy rainfall interception is also zero. But, in the case of cumulative
rainfall approaching infinity, then canopy rainfall interception is equal to canopy
storage capacity.

3 Results and Discussions

3.1 Spatiotemporal Variation Patterns of NDVI

NDVI maps are generated using Eq. (1). The maps are generated for the years 2019,
2020, and 2021 as shown in Fig. 3. It is observed that the value of NDVI is within the
range of —1 to 4 1. The maximum value of NDVI is 0.548, 0.39, and 0.45 in the year
2019, 2020, and 2021, respectively. There is a decrease in NDVI value in the year
2020, because it is crop harvesting and sowing period. The study area contains fertile
soil with good agricultural conditions, and it is observed that vegetation coverage
is seen at almost 75% (considering three months as the gap between harvesting and
sowing for each crop season) of the year. It is noted that the maximum NDVT value
ranges from 0.4 to 0.55 in the study area, indicating a good density of vegetation
cover in the study area.
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Fig. 3 Spatial patterns of NDVI in study area

3.2 Spatiotemporal Variation Patterns of LAI

LAI maps are generated using Eqs. (3) and (4). LAI maps for the years 2019, 2020
and 2021 are shown in Fig. 4. The LAI indicates the growth rate of vegetation, so
the high value indicates a reasonable growth rate. It can be observed that for the year
2019, though the maximum LAI value is 9.55, the area under that category of high
LAI value is very low; most of the study area is in the range of —0.325 to 4.612, so
the average LAI is approximately 2.143. For 2020, it can be spotted that most of the
study area is under the LAI value of 0.75 or below. But, for 2021, the maximum LAI
value of 4.07 is observed in 50% of the study area. The average LAI value decreased
from 2.143 in 2019 to 0.75 in 2020, mainly because the data collected for 2020 are
in October, during which seasonal crop change occurs. The average value of LAI in
2021 increased to 2.01. LAI values generated can support the study area which has
good fertile soil, which can harvest two or three crop seasons in a year.

1.92304 407039
0.751453 : 201559
0420135 D080

Fig. 4 Spatial patterns of LAl in study area
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Fig. 5 Spatial patterns of canopy storage capacity (Smax) in study area

3.3 Spatiotemporal Variation Patterns of Canopy Storage
Capacity (Smax)

Canopy storage capacity (Smax) is the maximum quantity of interception that the
canopy can store. Canopy storage capacity maps are generated using Eq. (4) of
canopy rainfall interception model. Canopy storage capacity maps for the years
2019, 2020, and 2021 are shown in Fig. 5. Similar to the LAI maps, though the
maximum canopy storage capacity value was high in 2019, the area covered under
that increased value is minimal. So, it is better to consider average values for all the
years. The average canopy storage capacity value for 2019, 2020, and 2021 is 1.726,
1.28,and 1.71, respectively. It is a good indicator that interception plays a crucial role
in the hydrological cycle. So, interception cannot be neglected in the hydrological
studies for this region.

3.4 Spatiotemporal Variation Patterns of Canopy Rainfall
Interception (Sy)

Canopy rainfall interception (S,) maps are generated using Eq. (5) of canopy rain-
fall interception model. The value ranges in the maps indicate the canopy rainfall
interception with the unit of mm. One of the components in canopy rainfall intercep-
tion estimation is cumulative rainfall (mm). The study is conducted for three rainfall
events to understand the variation in canopy rainfall interception with changes in
precipitation. The rainfall events over the years 2019, 2020 and 2020 are categorized
as maximum cumulative rainfall event, moderate cumulative rainfall event, and low
cumulative rainfall event. The cumulative rainfall amounts considered in the study
are:

(i) Maximum cumulative rainfall = 165.25 mm
(ii) Moderate cumulative rainfall = 40 mm
(iii) Low cumulative rainfall = 15 mm



418 R. Tammisetti et al.

0.953806
0.298737 -
0356333 00274537

Sl

Fig. 6 Spatial patterns of canopy rainfall interception (S,) for 15 mm rainfall event in study area

The maximum rainfall of 165.25 mm in the study area occurred during the 12th and
13th of October 2020. The maps are generated for each rainfall event. A total of nine
maps are developed for different periods and with varying amounts of precipitation.

Canopy rainfall interception (S,) maps during 15 mm of precipitation for the
years 2019, 2020, and 2021 are shown in Fig. 6. From the generated maps, it is
observed that a significant portion of the surface area is contributing to interception.
The canopy rainfall interception values for 15 mm rainfall event are 1.83, 0.95 and
1.81 mm during 2019, 2020, and 2021, respectively. It indicates that for the 15 mm
quantity of rainfall received, on average, 1.53 mm of rainfall received is lost in the
form of interception.

Canopy rainfall interception (S,) maps during 40 mm of precipitation for the
years 2019, 2020, and 2021 are shown in Fig. 7. From the generated maps, it is
observed that a significant portion of the surface area is contributing to interception.
The canopy rainfall interception values for 40 mm rainfall events are 2.26, 1.6 and
2.72 mm during 2019, 2020, and 2021, respectively. It indicates that for the 40 mm
quantity of rainfall received, on average, 2.2 mm of rainfall received is lost in the
form of interception.

Canopy rainfall interception (S,) maps during 165 mm of precipitation for the
years 2019, 2020, and 2021 are shown in Fig. 8. From the generated maps, it is
observed that the maps of the canopy rainfall interception values for 165 mm rainfall
events are 5.69, 1.89 and 2.96 mm during 2019, 2020, and 2021, respectively. It
indicates that for the 165 mm quantity of rainfall received, on average, 3.5 mm of
rainfall is lost in the form of interception.

If you observe Figs. 5 and 8, the maximum values for both canopy storage capacity
(Smax) and canopy rainfall interception (S,) for 165 mm rainfall events are the same
proving the assumption made by [22]. In the study area, it is recognized that the
maximum storage capacity of vegetation is reached when the cumulative rainfall is
above 40 mm and under 165 mm.
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Fig. 7 Spatial patterns of canopy rainfall interception (Sy) for 40 mm rainfall event in study area
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Fig. 8 Spatial patterns of canopy rainfall interception (S,) for 165 mm rainfall event in study area

4 Conclusions

The canopy rainfall interception is being effectively assessed with the combination
of remote sensing and interception model. The outcomes offer insight into the vari-
ation of canopy rainfall interception at both spatial and temporal scales within the
study area. Depending on the rainfall event, nearly 1-5.7 mm of rainfall received
is being lost due to the interception by vegetation over the years 2019-2021; it is
apparent that a significant quantity of precipitation is lost in the form of intercep-
tion in areas covered with vegetation and crops. Hence, it can be acknowledged that
interception plays a significant role in the hydrological processes even at a regional
scale. The present methodology applies to micro to medium level watersheds in
different geographical regions. The interception results obtained from this study will
be helpful for rainfall and runoff studies within the study area.
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