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Use of satellite-based leaf area index data for monitoring green gram crop growth in lkombe-
Katangi area, Machakos county, Kenya

Abstract

Monitoring the conditions under which crops grow and estimating their yield is essential to the process of
economic development in any nation. The traditional approaches to crop monitoring are labor- and
resource-intensive, as well as limited in their ability to cover expansive geographic regions. Since remote
sensing data is integrated with ground measurements, it has been used as a potentially useful tool to
extract biophysical variables such as leaf area index (LAI), biomass, and phenology. Leaf Area Index
(LAI) is a key variable that bridges remote sensing observations to the quantification of agroecosystem
processes such as yield. Confirming the potential role that satellite-based LAI could play in crop health
monitoring was the purpose of this study. High resolution leaf area index was retrieved from Landsat 8
OLI imageries, and ground leaf area index measurements were taken in Ikombe-Katangi Machakos in
Machakos county. An equation based on regression was developed to estimate the leaf area index using
the normalized difference vegetation index that was derived from Landsat-8 OLI (NDVI). According to
the findings, the derived LAI exhibited strong linear relationships with the leaf area index that was
measured on the ground for green gram crops, with RMSE values being 0.09846, and R2 values of
0.9249. The overall findings shed light on the viability of using multispectral data, in estimating leaf area
index in a very fragmented agricultural landscape, such as that found in the Ikombe and Katangi areas of
Machakos, Kenya. Therefore, accurate crop monitoring on a large scale can be accomplished through
remote sensing data in conjunction with LAI measurements taken from the ground. The implementation
of the leaf area index is subject to the environmental condition which requires to be investigated as the
use of remote sensing data is advocated for.
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INTRODUCTION

The leaf area index, or LAI, is a measurement that can be used to quantify the amount of live green leaf
material that is present in the canopy of a given area (Chen & Black, 1992). It is utilised in the estimation
of photosynthesis, evapotranspiration, crop yield, and other physiological processes in the field of

agroecosystem research (Demarty et al.,2007).

The Leaf Area Index, which is also known as LA, is a measurement that does not have any dimensions
and is based on the ratio of the leaf area on one side (measured in m2) to the ground surface area
(measured in m2) (Asner et al.,2003). It has been known for a very long time that the leaf area index
(LA is a good indicator for a variety of different agronomic, ecological, and hydrological applications.
Some examples of these applications include modelling atmospheric circulation (Reyes-Gonzélez et al.,
2019), photosynthesis and biomass accumulation (Fassnacht et al., 1997), and evapotranspiration
(Fassnacht et al., 1997). Other applications include analyzing the condition of the surrounding vegetation
(Reyes) (Jung et al.2010).).

Remote sensing has proved to be a promising alternative tool for estimating crop LAI quickly overlarge
areas, and without damaging the canopy (Qi et al.,2000, Mourad et al., 2020). The retrieval of
cropbiophysical variables from remote sensing falls into two categories: empirical and physical
modelingapproaches. The simplest method of estimating LAI from remote sensing is by establishing an
empiricalrelationship between the remotely sensed vegetation indices (V1s) and measured LAI, referred to
asthe LAI-VI approach (Baret and Guyot,1991, Broge et al., 2001). LAI has historically been measured
by using In situ accurate LAl measurements but with the advent of remote sensing technologies, both in
situ measurements and remotely sensed data are used hand in hand to establish the best LAI-VI

relationships that can be used to estimate LAI especially over large areas (Kinane et al., 2021).

STUDY AREA

According to Fig 1.0, the wards of Katangi and Ikombe in Machakos County, Kenya are the focus of this
research. The climate of the study region can be summarised as being very dry and hot on average. The
Arid and Semi-Arid Lands (ASALS) are a region that can be found in the eastern part of the Sudano-
Sahelian belt. This region is made up of a variety of land types, such as coastal plains, upland plateaux,
and isolated hill ranges, and is primarily located at an elevation of less than 1600 metres (GOK 2010).
The arid regions are characterized by high average temperatures with a large range in temperature
throughout the day. Rainfall in these regions is scant, sporadic, and of two modes, and it varies greatly in

both location and over the course of time (Shisanya et al., 2011).The majority of rain comes in the form of



intense but brief storms, which are responsible for significant amounts of runoff and soil erosion. The arid
areas typically receive between 150 and 450 millimetres of precipitation throughout the course of a year
on average. The soils are extremely variable, but in general they are shallow, of light to medium texture,
with low fertility, and they are susceptible to compaction, capping, and erosion (Jaetzold& Schmidt
1983). The cultivation of crops is only possible in a select few locations due to the presence of volcanic
soils and alluvial deposits. Heavy clays can also be found but cultivating them is challenging due to the
poor workability of the clays as well as the salinity and sodicity issues that they present. Both the
availability of water and its accessibility are highly variable, which is a significant factor that inhibits
production (Jaetzold& Schmidt 1983) and at the same time encourages the growing low water demanding

crops such as green grams.

The study area is located within agroecological zones (AEZ) IV and V-VI, and it receives an annual
rainfall totaling anywhere from 500 to 850 millimetres. They are then divided even further into four
categories, based on their potential for agricultural use (Jaetzold& Schmidt 1983). These include a) semi-
arid areas with mixed rain-fed and irrigation agriculture as well as high economic and political disparities;
b) semi-arid areas with encroaching agro-pastoral use by marginalized smallholders; ¢) semi-arid areas
with predominantly pastoralist use in the economic and political periphery; and d) semi-arid areas that
include protected areas and their surrounding areas. Semi-arid conditions can be found in the counties of
Kajiado, Narok, Mbeere, Mwingi, Kitui, Machakos, and Makueni (GOK, 2010).

Mixed crop and livestock production is the primary form of agriculture practiced in these regions. Crops
are grown to satisfy the subsistence needs of the household, and any surplus is sold for monetary gain to
supplement the income of the household (Gichangi et al., 2015). The lack of rainfall and the high number
of pests both present significant dangers. Farmers who keep livestock, engage in mixed cropping, and
plant drought-resistant crops such as cow and pigeon peas can reduce the impact of these risks on their
businesses (GOK, 2002).
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METHOD

The vegetation index (V1) approach associated with spectral vegetation indices was used to estimate the
LAI. This approach establishes a statistical relationship between remotely sensed VIs and observed LAI
values, ( Anav et al. 2013). At the beginning, normalized difference vegetation index (NDVI) and soil-
related vegetation index (SR) were commonly used. Over the years, other vegetation indices have been
developed; they include; Soil Adjusted Vegetation Index(SAVI), ( Anavet al. 2013; Qi et al. 2000),
Atmospherically Resistant Vegetation Index (ARVI) (Kaufman and Tanre. 1992), Enhanced Vegetation.

To estimate LAI, the vegetation index approach has been adopted as its easy and simple to calculate. The
main challenge is the lack of In situ LAl measurement that can be used to make an LAI-VI relationship
that is in accordance with the study area. Therefore, a method to calculate the LAI has been adopted from
an existing LAI-V1 index.

Enhanced Vegetation Index(EVI) (Matsushita et al., 2007; Z. Jiang et al. 2008), modified triangular
vegetation index (MTVI) (Long and Eitel 2008; Name and range 2004), Wide Dynamic Range Vegetation
Index (WDRVI) green chlorophyll index (GCI) and Enhanced Vegetation Index 2(EVI2),(Z. Jiang et al.,

2008; Vifa et al., 2011). The equation for leaf area determination is as follows; ,

LAI=(2.77VEVI2-(1.66))M3/2)...eeeeeeeee. equation 1



According to Kang et al., 2016, it was possible to establish that saturation is less common in relationships
using EVI and EVI2 compared to NDVI, and in some cases EVI and EVI2 are linearly related to LAI,
indicating an ability to resolve LAI differences over a wider range of canopy conditions. EVI2 was found
to perform better than EVI in prediction power across all crops, proving that it can be used as a strong
estimator of LAI when data from the blue band are not available. In this case, the global LAI-VI
relationships that were built by (Kang et al. 2016), in Table 1 shows the LAI-VI relationships for specific
crops as obtained from the study. It is from these relationships that equation 1 was performed that
estimates the LAI of greengram crop using EVI2 vegetation index. For green gram, the coefficients for

soy bean were used due to the similarity in leaf characteristics.

Table 1: Crop coefficient for various crops vegetation indices (Kang et al. 2016)
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Landsat 8 OLI band data was acquires from the Glovis website and converted to TOA planetary
reflectance using reflectance rescaling coefficients provided in the product meta-data file (MTL file). The
following equation was used to the convert the DN values to TOA reflectance for Landsat 80LI data as

follows:
pA' =Mp*Qcal + Ap
where :

pA' = TOA planetary reflectance, without correction for solar angle. Note that pA' does not contain a

correction for the sun angle.

Mp = Band-specific multiplicative rescaling factor from the metadata
(REFLECTANCE_MULT_BAND_x, where x is the band number).



Ap = Band-specific additive rescaling factor from the metadata (REFLECTANCE_ADD_BAND_x,
where X is the band number)

Qcal = Quantized and ca liberated standard product pixel values (DN)TOA reflectance with a correction
for the sun angle is then:

pA = pA'/cos(theta_sz) = pA'/sin(theta_se)
where

pA = TOA planetary reflectancetheta_se= Local sun elevation angle. The scene center sun elevation angle
in degrees is provided in the meta-data (SUN_E LEVATION).

theta_sz = Local so lar zenith angle; theta_sz=90- theta_se
The atmospherically corrected image was cropped to the extents of the study area.

The EVI formula was applied to the georeferenced image to obtain EVI values of the image using any
GlSplatform ARCGIS10.8.

EVI=25*((Band5-Band 4)/(Band5+6 *Band4 - 7.5*Band 2 + 1))............. Equation 2.

In ARCGIS 10.8 the EVI value was calculated using the model builder tool through the calculate value
tool,which allows the use of the Python math module to perform more complex mathematical operations.

Once the EVI values were obtained. The EVI formulas used were;
EVI=G*pNIR-pREDpNIR+(C1XpRED-C2XpBLUE)+L

and can be rewritten as;

EVI=G*pNIR/pRED-1pNIR/pRED+(C1-C2X pRED/pRED)+L/pRED
Where:

L is a soil adjustment factor,

C1 and C2 are coefficients used to correct aerosol scattering in the red band using the blue band. The

pblue, pred, and pnir represent reflectance in the blue (0.45-0.52um), red (0.6-0.7um)
Near-Infrared (NIR) wavelengths (0.7-1.1um)
G is a gain factor.

In Landsat 8 the equation would be formulated as follows.



EVI=2.5*((BAND5-BAND4)/(BAND5+6*BANDA4-7.5* BAND2+1))
where NIR corresponds to the near-infrared band (LANDSAT band 4), RED corresponds to
The red band (LANDSAT band 3), BLUE corresponds to the blue band (LANDSAT band 1)

RESULTS

Leaf Area Index parameters was extracted from remote sensing-based data for green gram under farm
field conditions.The leaf area index was calculated and validated using field results from the two study
areas. The LAI ranged from 1.068 to 1.77 for green gram and while field data results ranged from 1.066
to 1.833, see Figure 2.0. The observed LAI from field data and the estimated LAI from satellite data is
shown in table 2. The correlation analysis was carried out between the field and satellite data and RMSE
error of 0.09846 and R2 of 0.9249.

Landsat 8 green gram leaf area index
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Figure 2. 0: Extracted Leaf Area Index data for Green gram crop in Ikombe-Katangi study
area

Table 2: Field and remote sensing extracted Leaf Area Index Data

CROP OBSERVED LAl ESTIMATED LAI
GREEN 1.068 1.2333

GRAM

GREEN 1.13315 1.100

GRAM

GREEN 1.7425 1.8667

GRAM

GREEN 1.07165 1.0667

GRAM

GREEN 1.25095 1.3333
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Figure 3.0: R2 results for remote sensing-based leaf area index correlations with green gram field
data



DISCUSSIONS

Leaf Area Index (LAI), which is the total green leaf area (double-sided) per unit horizontal ground surface
area of vegetation canopy (Watson, 1947; Fernandes et al., 2014) is an essential biophysical variable. It is
used in soil-vegetation-atmosphere modeling (Laurent et al., 2014; Launay, 2005: FAO, 2008: Anav et al.,
2013). In agroecosystems, the total leaf area of the crop canopy, is one of the key constraints on carbon
assimilation and transpiration rates, which drive the accumulation of crop primary productivity (Gitelson
et al., 2014) Therefore, LAI is required to estimate photosynthesis, evapotranspiration, crop yield, and
many other physiological processes (Cao et al.,2015). EVI2 has frequently been used for crop growth and
yield-related research as a remote sensing parameter (Kogan et al., 2012; Zhang et al., 2014; Huang et al.,
2019; Liu et al., 2014). EVI-based crop growth metrics are much closer to capture crop status and growth
characteristics, and growth metrics can be much more correlated to crop yield than an NDVI, (Huang et
al., 2019). Similarly, this study used EVI indices to ensure that the crop yield estimation would be

accurate.

LAl is one of the important parameters that reflects crop growth stages of vegetation and is widely used in
guantitative analysis of crop models (Parker 2020; Yan et al. 2019). (Parker 2020), retaliates on the
importance of leaf area index (LAI) by discussing remote sensing models used in its estimation. Several
studies have extracted biophysical parameters from satellite imagery (Hui and Yao 2018; Yu et al. 2019)
and assimilated them in simulation models. (Kang and Ozdogan 2019), successfully assimilated Landsat-
derived LAI time series into crop model simulations using ensemble Kalman filter for individual fields or
pixels. The covariance correlation matrix between the extracted and observed data for the LAI was R2
0.92549 for green gram as shown in Figure 3.0. The results used in the correlation matrix is shown in
Table 2.

CONCLUSIONS
Relationships between LAI and VI vary depending on the crop, and the EVI or EVI12 derived from surface

reflectance are the most accurate measures to use. The most important thing that this work has contributed
is the confirmation that satellite LAI is capable of providing accurate data for monitoring crop growth in
regions where resources for crop monitoring are scarce. The ease with which VI can be generated through
the use of remotely sensed images and the application of straightforward statistical relationships
contributes to the practical value of this research. This is especially true considering that essential
variables that are required for process-based methods are infrequently present and difficult to measure. In
addition, the findings of this research would be helpful in addressing significant concerns regarding the

monitoring of food security in semi-arid regions.
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