OPEN a Access Sarhad Journal of Agriculture

Research Article

Precise Yield Estimation through Improvised CASA Model by
Development of Soil and Atmospheric Constants (S£) and (Ap)

Rao Mansor Ali Khan*and Syed Amer Mahmood

Department of Space Science, University of the Punjab, Lahore, Pakistan.

Abstract | Net Primary Production (NPP) is an indicator that is widely used to determine the supply of food and
wood. NPP incorporates almost all factors that participate in the growth and development of a particular crop.
These factors include various heat fluxes (e.g., ground, sensible and latent heat flux), a variety of radiations (e.g.,
extraterrestrial, shortwave, longwave, and net radiations), and the photosynthesis index. In this research, the net
radiations were estimated as 27,428 Wm™ throughout the wheat growth period (WGP), including (118.3 Wm™) as
shortwave and (34.63 Wm) as longwave radiation. Latent, soil and latent heat fluxes were estimated as 3324 Wm~2,
16,549 Wm=, and 7554 Wm, respectively. Water stress during the complete WGP ranged between 0.5838 and
0.1218 from the start to the end of the cultivation period. The biomass creation was estimated as6.09-1.03 g/m? /
day, which was higher at the start of WGP than declined at the end. Finally, the estimated yield was very different
as compared to the actual yield. The yield estimated through the CASA(Carnegie—Ames—Stanford approach) model
was uniform for the complete study site; however, the actual yield was about 74% less than CASA generated yield in
various plots. This issue was further investigated and found that the CASA model lacks various aspects. These aspects
include soil suitability parameters, including pH, Organic matter, CaCO3, texture, and Electric Conductivity. The
largest gap inthe CASA model, which affected the overall productivity of wheat, was the smog/haze factor which
was not incorporated. The environmental factors include Black Carbon (BC), Carbon monoxide (CO), Nitrogen
dioxide (NO2), Ozone (O3), and Sulphur dioxide (SO2). To cater to these issues, two indicators were developed to
incorporate the smog and soil-related issues. These indicators are named Soil Factor (Sf) and Atmospheric Factor
(AD). If the soil is “Not Suitable,” the values of Sfis 0.147, for less suitable soil Sfis 0.21, for moderately suitable soil,
Sf is 0.61, and for highly suitable soil, Sf is 0.95. By substituting these values of S%, the overall results approach to
actual yield by 96%. The other factor Ab is based on incorporating the situation of Atmospheric conditions faced by
the wheat crop canopy, whichinclude Black Carbon (BC), Carbon monoxide (CO), Nitrogen dioxide (NO2), Ozone
(03), and Sulphur dioxide (SO2) parameters. If the overall air quality is conducive, the value of Ab is near 1. The
results obtained through the improved CASA model by the addition of Sf and AD provided a very accurate yield that
was near to actual estimates. This study is important to obtain precise estimates of cereal crops incorporating physio-
climatic factor that leads toward precision agriculture.
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Introduction

eat (Triticumaestivum) provides about 20%

of the entire nutrient and protein needs of 4.5

billion people, with a total harvesting area of 215.9
Mha (Luo ef al., 2022). Due to the tremendous rise
of the world’s population, which is projected to reach
9 billion by 2050, wheat output must double to meet
demand (Nelson ez al, 2010). 37% of worldwide
wheat harvesting areas have seen output stagnation in
recent years, threatening the capability of agricultural
output to fulfill increasing worldwide consumption

(Luo et al., 2022).

The scarce production of wheat is inadequate to
fulfillthe needs of society around the globe. Climate
changes and population increases in wheat-producing
countries haveput huge pressure on increasing wheat
yield (Reynolds ez al, 2010; Xiao et al., 2005).
Modern agricultural practices must be applied to
ensure sustainable production of wheat yield. In short
time, the accurate estimation of NPP of the wheat
crop hasbecome quite difficult for economists and
agronomists. NPP is a renowned indicator to estimate
the overall production for determining the shortfall
or surplus to take in time decisions for importing or
exporting of wheat grains. Multiple factors aftect the
NPP which include microbial characteristics of soil,
climate, anthropogenic activities and topography of

soil (Field ez al.,1995; Zhu et al., 2017).

The key agricultural processes are respiration
and photosynthesis,whichplay a key role in plant
production under sunlight (Guoshui ez a/.,2011; Lima
etal.,2012). A detailed description of the productivity
of the soil can be obtained by analyzing the effect of
sunlight on the growth of the plant in its sequential
stages (Pachavo and Murwira, 2014; Scurlock ez al.,
2002).

Various biomes can be distinguished by analyzing
terrestrial NPP. Carbon emissions and sequestrations
can be analyzed through significant knowledge of
NPP (Maselli ez al.,2013; Wang e al.,2013). Analysis
of NPP is used to indicate the consumption of carbon
dioxide by plants which is a necessary component
required for plant growth (Canadell ez a/., 2000).
The ecological disturbance on regional and global
scales can be analyzed by estimating NPP (Piao ez al.,
2006). Multiple climatic factors, including pressure,
relative humidity, actual vapor pressure, various solar

fluxes (i.e., shortwave radiations, longwave radiations,
net radiations, ground heat flux, sensible heat flux,
and latent heat flux), and temperature were used by
various researcher to estimate NPP (Cramer ef a/.,
1999; Eisfelder ez al., 2014; Lehuger ef al., 2010)
however, it cannot be accurately computed on a large
scale, but accuracy up to 74% has been achieved by
various researchers at local scales (Lauenroth ez a/.,
2006). NPP was primarily estimated through the
Miami model by correlating several productivity
levels under the influence of average precipitation
and temperature without analyzing other climatic
factors (Lin ez al., 2013). A variety of methods have
been developed using satellite data by the evolution
of remote sensing technology, and these techniques
can be used to estimate the NPP of the terrestrial
ecosystem (Lin, 2009). Carnegie-Ames-Stanford
Approach (CASA) modelis based on satellite data that
incorporates Light Use Efficiency (LUE) to correlate
the climatic variables for estimation of NPP (Lieth,
1975). Many researchers have utilized the CASA
model in Africa, Eurasia, South America, Australia,
and North America (Potter, 2014). A study on global
climatic changes sbeen conducted in China utilizing
the CASA model, which illustrated its efficacy in
determining the progression of agro-industry (Potter
et al., 1993b). However, the CASA model has some
limitations;for instance, the maximum value of LUE is
fixed, that is, 0.389 GC/M] for all kinds of vegetation
(Liang ez al., 2015). The CASA model has another
limitation, that is, the enumeration of soil capacity,
which is related to several other parameters of soil,
including soil type, field moisture, and water holding
capacity of the soil. The soil parameters may not be
estimated accurately to great highextents because of

their high spatial diversity.

CASA model is NPP (Net Primary Productivity)
derived model, which provides a difference between
the amount of organic matter generated by
photosynthesis and the amount of organic matter lost
to autotrophic respiration. Various factors including
climate, soil, nutrient, and CO2 levels play a vital role
of existing carbon for the terrestrial ecosystems. The
term climatic potential productivity is used to describe
the biological or agricultural yield per unit area of
land that may be obtained under ideal conditions.
'This is based on the assumption that vegetation can
make full use of climate resources like light, heat,
and water. As one of the most important metrics for
assessing ecosystem health, NPP is a valuable tool for
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studying the regional and global carbon cycle through
modelling studies. Therefore, it is crucial to have a
firm grasp of NPP estimations if we are to accurately
predict future carbon budgets in the face of climate
change.

Among several models of NPP, three models are
considered important in general, which include the
process model, the LUE model,and the climatic model
(Hicke ez al.,2002). The relationship betweenclimatic
parameters and NPP is estimated utilizing the
climatic model. This model has the limitation that
actual and estimated values of NPP consist of large
variations; thus, the actual vegetation type may not be
considered in this model (Tang ez al., 2014).

'The process model considers the physiological and
ecological parameters, while several soil parameters
are phonological, which include photosynthesis, dry
matter partition,and respiration (Piao ez 4/.,2005). The
phonological parameters under certain environmental
conditions cannot be estimated accurately, and nahigh
value of uncertainty exists between the estimated and

validated NPP (Liu ez al., 2012).

'The LUE model is quite handy, and isextensively used
due to its mechanism. It can be easily combined with
remote sensing data. The utilization of solar energy
by plants is illustrated by the LUE model considering
the energy constant (Deyong ez a/., 2008). The energy
utilized in net production is distributed among all
organs of plants which is further transported to the
environment. The model comprises the physiological
and climatic parameters of vegetation, thus
estimatingthe NPP more accurately.

'This research is based on a step-by-step hierarchy to
estimate biomass utilizing the local environmental
factors, including temperature, pressure, humidity,
actual vapor pressure, and light use efficiency (Zhu ez
al., 2021). These factors are handy for computing the
various wheat crop growth parameters, including net
radiations, ground heat flux, sensible heat flux, water
stress, and overall productivity. CASA model provides
wage estimates of productivity; therefore, an effort
has been made to precisely compute the production
with precision by incorporating the soil suitability
indicator (ha) (Raza and Mahmood, 2018); however,
there remain many limitations that need to be
addressed. These gaps have been taken into account by
considering additional parameters essential for wheat

crop growth. Therefore, the modified CASA model
presented promising results in resemblance with the
actual ground-generated yield.

'This research is based on various parameters which
constitutea process that integrates to provide the
generation of biomass on a daily basis throughout
the wheat growth period. Climatic data collected
through real-time field observations as recorded by
Meteorological stations assisted inr computingof
various fluxes, e.g., soil heat flux, net radiation flux,
latent heat flux, and sensible heat flux that affect the
overall productivity. LUE intake by the wheat crop
assisted inin analyzing analyzing respiration and
photosynthesis (Corey ez al., 1997). Change in light
use can be determined against each growth stage of
the wheat crop that describes various productivity
levels in its sequential stages because NDVI varies
with variations in LUE. The NDVI values assisted
estimating in estimating thebiomass of each day
that was later compared with the actual yield as
reported by a local farmer. A lack was observed in
an overall mathematical model of the Caraneigh
Ames Stanford Approach for not incorporating
the effect of atmospheric pollutants that lead to the
overall estimates of yield beyond the limit (Potter,
1997). An effort was made for precision agriculture
by highlighting the loopholes in the CASA model
byintroducing the yield precision indicators, e.g.,
we introduced two factors, Soil Factor (Sf) and
Atmospheric Factor (Ap), and found that the results
are 99% near to the actual yield.

Materials and Methods

Inwestigation site

The study area is located in Pakistan’s Punjab
province. This province is Pakistan’s second largest in
terms of size and population, accounting for around
56% of the country’s total population (Uauy ez al.,
2006a). Punjab is regarded as Pakistan’s breadbasket,
with 12.4 million hectares of arable land (Uauy ez a/.,
2006b). Wheat was planted on 6.98 million hectares
during the Rabi season of 2014-15 (Dempewolf ez
al., 2014). Punjab is divided into three major agro-
ecological zones: I Potwar plateau, which contains
10% of the province’s rain-fed agricultural land;
and (ii) Punjab plateau, which contains 10% of the
province’s rain-fed agricultural land (Crop Reporting
Service, Punjab, 2015), (ii) the semi-arid and dry

deserts of central and southern Punjab, which produce
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less agricultural; (iii) the Indus basin region, which
has the highest irrigated crop farming area. Punjab
produces wheat and other staple foods that contribute
greatly to the state’s economic prosperity (Rabbi ez aZ,
2021). Agriculture provides employment for around
66% of Pakistan’s rural population. The study region,
which includes Vehari, MianChannu, Burewala, and
Chichawatni, is regarded as one of the greatest wheat
producers. Geographically, the examination site is
located between 72°E and 73°E longitude and 29.50°
N to 30.50° N latitude and is surrounded by extremely
fertile soil. The average elevation of investigation site
is 145 m. As illustrated in Figure 1, the study region is
a subset of the Landsat patch with 150/39 path/row.

Figure 1: (a) Map of Punjab, Pakistan; (b) Investigation site (c)
Spatial extent of the study area.

The flow of the methodology

The methodology opted in this study to evaluate
the total wheat production with local environmental
parameters is given in detail in the flow provided in

Figure 2.

CASA model

The NPP in the study area is estimated accurately
using the CASA model. The CASA model has been
developed on the basis of LUE, which is commonly
used to estimate the productivity of vegetation at
a global scale (Brogaard ez a/., 2005; Propastin and
Kappas, 2009; Rahman As-syakur ez a/., 2010; Wang
et al., 2009). Estimation of LUE is a significant
parameter for mapping of NPP, which spatially
estimates several parameters of vegetation, e.g., the
health of vegetation and water stress, etc. (Li e al.,
2012). The LUE illustrates spatial heterogeneity at

different levels because of the composition of species

and physiological characteristics of vegetation. The
LUE is the indispensable parameter of the plant.
Multiple factors, including leaf area, chlorophyll
content, and growth stages of the plant, influence the
LUE at the plant scale. However, canopy structure, leaf
inclination angle, LA, and solar light angle affect LUE
at the canopy scale. The utilization of remotely sensed
data in LUE identifies the dissimilarity in vegetation
at a regional scale by analyzing spatial variability.
LUE can be computed through various methods,
including the productivity model, Eddy covariance
technology model, quantum efliciency reckoning
method, and inversion method (Li ez a/., 2012). The
differences in LUE can be computed using site-based
measurement and photochemical reflectance index. A
positive relationship is determined between Absorbed
Photosynthetic Active Radiation (APAR) and
NPP. NDVI is used as an input to compute APAR
(Clevers et al., 1989). The fraction of light absorption
by plants can be computed using the CASA model,
which incorporates NDVI. NDVT is linearly related
to Photosynthetic Active Radiation (PAR) which is
intercepted by the spectral index of the crop canopy
(Gitelson, 2018).
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Figure 2: Flowchart of methodology.

PAR is a fraction of solar radiation having a
wavelength between 0.4-0.7 pum, which is available
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during actual sunshine hours (Escobedo ez a/., 2011).
NPP is computed in the CASA model as a product of
LUE and APAR, as illustrated in Equation 1:

'The appropriate values of PAR range from 40 to 50
percent to represent the average condition (Moran ez

al.,2009). (Equation 2)

Where; K24 represents the incident radiation on
the wheat crop canopy. The Ratio of PAR and
APAR presenteda fraction of available to absorbed
radiations for photosynthesis (Ahl e a/., 2004; Bird
and O’Connell, 2006; Conrad ez a/., 2010; Runyon ez
al., 1994) and mentioned below in Equation 3.

The NDVI values are used to estimate fraction f
according to (Field ez a/., 1995) in Equation 4.

Sentinel-2 satellite images are listed in Table 1
to compute Spatio-temporal variations in NDVI
throughout the wheat growing season.

Table 1: Sentinel-2 image acquisition dates.
S. No. Image acquisition dates
1 17 November 2019

2 December 2019

26 January 2020

31 January 2020

15 February 2020

25 February 2020

16 March 2020

21 March 2020

5 April 2020

20 April 2020

O 0 NN O Lt AW DN

=
(e]

Depending upon the physiological characteristics
of plants, the value of LUE varies for various crops
(Monteith, 1972). The impact of water stress on
LUE was analyzed by (Asrar ez al., 1985). Moisture
conditions and temperature influence the results,
while in ideal conditions, the results are maximal.

'The LUE for wheat crops was calculated (Khabba ez
al., 2020) as illustrated in Equation 5.

'The maximum conversion factor is determined by &
to compute biomass above the surface of the Earth
under optimum environmental conditions, and
a value of 2.5 g'MJ-1 is fixed for the wheat crop
(Bastiaanssen and Ali, 2003).

T1 and T2 are heat variables, while W indicates
water stress on the crop as it grows. LUE may not be
greater than ¢ (Bastiaanssen ez a/., 1997).T1 shows
that LUE reduces with deviations in actual crop
temperature as compared to the optimal temperature
required for wheat crop growth, whereas T2 shows
that LUE decreases with deviations in actual crop
temperature compared to the optimal temperature
required for wheat crop growth. T1 and T2 were
calculated (Bastiaanssen and Ali, 2003; Bradford ez
al.,2005; Potter ez al.,1993a) using Equation 6 and 7.

Top is the mean air temperature for the month with
the highest LAI for a certain crop (for example,
the highest LAI for wheat crops was recorded in
February), and Tumon represents the mean monthly
air temperature for the complete crop growth cycle

(Equation 8).

Net radiation (R )

Rn is the key determinant of the balance of E’‘Earth’s
energy which determines the Ratio of outgoing
and incoming radiations (Wu ez al, 2017). 'The
evapotranspiration is estimated accurately, but the
closure effects of energy balance affect its accuracy.
Thus Rn is estimated accurately to investigate
agroclimatic conditions. All chemical and physical
processes are regulated by solar radiation present in
the atmosphere. Various parameters, including the
surface temperature of the leaf, air temperature, dew
point, sunshine hours, albedo, sky radiations, pressure,
and vapor pressure, are used to compute Rn at local
and regional scales.

Rnl is four times the temperature of the Earth’s
surface, according to Stephen Boltzman’s law.

Rn is the balance between Rns and Rnl, which is
calculated as Equation 9.

In accordance with Stephen Boltzman’s law [40],
Rnl is four times the Earth’s surface temperature
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Equation 10 and 11.

Where; Tmaxk and Tmink are daily maximum
and minimum temperatures in Kelvin, ea is actual
vapor pressure in KPa, Rs and Rs are incoming and
actual/clear sky solar radiation (Wm2), and o is the
Stephen Boltzman constant (= 4.903 x 10-9 M ] K-4
m-2 day-1). Mean temperature values throughout
the WGP were obtained from Local Metrological
Offices (LMOs).

Extraterrestrial radiation is the flux computed at the
outermost layer of the atmosphere denoted as Ra
(Adnan ez al., 2012). It changes throughout the year
due to changes in the inclination angle of the sun
(Allen et al., 1998). The fraction of extraterrestrial
radiations that strikes the surface of Earth by
interaction with atmospheric gases is called actual
incoming solar radiation. The atmospheric factors,
including haze, cloud, fog, etc., affect the dispersion
of sunlight and can be computed according to
various types of researchpieces of research (Adnan ez
al., 2012; Allen ez al., 1998; Angstrom, 1924; Beard
and Hollen, 1970; Deceased and Beckman, 1982;
Revfeim, 1997; Wu et al., 2017).

In Equation 12, As and Bs are 0.25 and 0.50,
respectively, which are constants (Allen ez al,
1998). Where n and N are the actual and maximum
sunshine hours, respectively. The variations in n
and N for the complete WGP werecollected from
LMOs. Extraterrestrial radiations were computed
by incorporating month, day, and latitude using the
website  http://www.engr.scu.edu/~emaurer/tools/
calc_solar_cgi.pl. Clear sky radiations are about 75%
of extraterrestrial radiations, which determine that
25% of radiations have been scattered, absorbed, or
reflected by atmospheric gases. Rso can be calculated
using the Angstrom’s formula (Adnan ez a/., 2012);
and (Angstrom, 1924) as below in Equation 13.

Net shortwave radiations were computed using
incoming solar radiations and albedo according to

(Wu et al., 2017; Angstrom, 1924).

Runs arecomputed in watt/m2 according to
Equation 14, and the crop albedo of the wheat crop
was substituted as 0.19, particular for the wheat crop
(Giambelluca ez al., 1997; Oguntunde ez al., 2007,
Tsai ez al., 2007).

Soil heat flux calculation (Go)

The characteristics of soil determine the capacity
of soil for conduction of heat due to temperature
gradient is represented by soil heat flux (Go) (Sauer
and Horton, 2015). Temperature is a key factor that
determines all biochemical processes of soil required
for essential plant growth. Although Go has the
lowest contribution in the energy balance equation, its
exclusion may lead to considerable errors. However,
excluding it may result in significant errors. Go can
be computed as Equation 15.

Where; Rn represents net radiation and LAI, which
fluctuates with crop growth. LAI estimation is
critical because Go is heavily reliant on the density
of leaves through which heat can penetrate to raise
soil temperature. We collected LAlIvalues for the
wheat crop in various growth stages from 31 field
observations usingthe instrument LAI 2200; these
are mentioned in Figure 3.

Latent (AE) and sensible heat flux (H)

Energy distribution in different organs of a plant
without changing their state is termed sensible heat
flux (Jones and Rotenberg, 2001). Determination of
sensible heatand latent heat flux is important; however,
it is a difficult process. Whereas the evaporation by
vegetation is computed using the energy balance
equation while the sensible heat flux is computed by
Bowen ratio (B), which can be computed utilizing
variations in temperature and vapor pressure for
canopy-environment interface as Equation 16.
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Where 7y represents the psychometric constant
that is 0.000665 times the atmospheric pressure P
(Zotarelli ez al., 2014). AT and Ae are temperature
and actual vapor pressure gradients, respectively. The
expression for y is Equation 17.

Where; P represents the daily atmospheric pressure
in Kpa. AT, Ae, and P were obtained from LMOs
and averaged. The Bowen ratio was used to calculate
sensible heat (Tanner, 1960) (Equation 18).

Figure 3: Variations recorded in LAI on wvarious dates with a

temporal resolution of five days throughout the WGP,

'The assessment of crop canopy resistance is connected
to latent heat flux, which is difficult to quantify since
canopy resistance isbased on complicated (sometimes
non-linear) interactions of plants with atmospheric
factors (Monteith and Unsworth, 2013). To avoid
using the canopy resistance technique, the residual
of the energy balance equation (Tanner, 1960; An ez
al., 2017; Bowen, 1926; Dicken ez al., 2013; Jansen
et al., 2011; Mengistu and Savage, 2010; Sauer and
Horton, 2015; Venegas ez al., 2013) was utilized to
calculate the latent heat fluxas (Equation 19).

The spatial information can be extracted using
remotely sensed data to simulate carbon dynamics on
a global scale (Wulder ez a/.,2004). Ecosystem models
developed using remote sensing datasets are utilized
to monitor carbon assimilation globally.

Supervised classification
Land Use Land Cover (LULC) supervised

classification on Sentinel-2 satellite multispectral

imagery was utilized to estimate the area under wheat
cultivation (Phiri ef a/., 2019), and the Normalized
Difference Water Index (NDWI) was applied to get

a classified map accurately.
Results and Discussion

Estimation of solar radiation received by wheat crop
canopythroughout the WGP

Various solar fluxes, including Rn, Rns, Rnl, Ra, and
Rso, were computed, and the results are mapped in

Figure 4.

Figure 4: Variations in extraterrestrial radiation (Ra); clear sky
radiation (Rso); actual incoming radiation (Rs); net radiation (Rn);
net longwave radiation (Rnl) and net shortwave radiation (Rns)

throughout the WGP

Ra determines the extraterrestrial radiations received
at the top of the atmosphere before entering the E’
‘Earth’s atmosphere; however, the incoming radiations
Rso reduces at a rate of 25%, and the rest of 75% is
received at the surface of the earth. Ra was recorded
as 245.25 w/m2 on 15 November 2019, which
increased to 462.2 on 20 April 2020 due to variations
in solar angle. Ra, Rs, and Rs for the complete wheat
cultivation period were recorded as 50845 w/m2 as
Ra, 38133 w/m2 as Rso, whichwas 75% of Ra, and
27753 w/m2 as actual incoming radiation after
interaction with the atmosphere. The net radiation Rn
wascomputed as 25055 w/m2 with the integrated flux
of short wave and long wave radiation that was 19480
w/m2 and 3423 w/m2, respectively. A difference of
2152 w/m2 was observed between net radiations and
actual incoming radiations, which were absorbed by
the surface of the Earth in the form of heat conduction
as ground heat flux Go.

'The variations of (n/N) determine the Ratio of actual
daylight hours in comparison to total sunshine hours
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available on a particular day. The estimates determine
that 1748 hours were available throughout the WGP
while 1012 hours could be received actually due to
off and on cloud activity. The Ratio (n/N) is mapped
in Figure 5, where the peaks and dips are observed
varying between (0-1). The value 1 determines a
completely sunny day and O indicates a completely
cloudy day with 0 sunshine hours.

1 -

08

/N Ratio
= S
= o

o
o

0

I I S . T I ST A . S A

S f < < < PN W 8 8 WS
S 30 O O 98 W W ST 8T ST T R
R - AN A AN G G AN AR AR SN SR N S

Wheat Growth Period (WGP)

Figure 5: Variations in (n/IN) throughout the WGP,

Estimation of Go throughout WGP

Go was computed by incorporating Rn and LAI and
mapped the outcomes in Figure 6. Go is observed to
decreasegradually where the highest value of Go was
observed as 41.26 w/m2 on 30 November 19, declined
to 5.13 w/m2 on 29 January 2020.

1
08
0.6
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Figure 6: Variations in Go for the complete WGP,

'The main reason forthe decline in Go is an increase
in leave density which was less atthe beginning of
the cultivation period that increased with the passage
of time. Go is reciprocal of the LAI curve. As LAI
increases, Go decreases because high leaf density
prohibits the radiation from reaching from reaching
earth’s surface.

Estimation of AE and H

'The variations in AE and H are mapped in Figure 7
by incorporating Go, Rn, AE, P, and T. The estimates
show that 21708 w/m2 was absorbed by the wheat

crop canopy as a sensible heat flux.

Figure 7: Variation in AE and H throughout WGP

Estimation of W

'The water stress was estimated within a range from
(0-1) where 1 indicates flooding and O represents the
oven dry soil (Raich ez al., 1991). The water stress
was estimated by incorporating Rn, Go, and H,
which fluctuated between 0.64 to 0.13. The results
in Figure 8 express that there was a surplus of water
atthe beginning of cultivation period, and the stress of
water was observed in the end near harvesting.

07 | Fig 8
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WGP
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Figure 8: Variation in W throughout the WGR
Figure 9: Variations in LUE throughout the WGP

Assessment of LUE

The LUE was estimated for the complete WGP by
substituting the value of £ = 2.5 in Equation 5 and
mappingthe results in the Figure 9. The wheat crop
used more heat in the start of wheat crop growth due
to the emergence of new leaves, tillers, and stems and
required less heat in the ripening period because of
the conversion of milky dough to hard grain.
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Assessment of biomass/ NPP

'The input parameters, including PAR, APAR, and f
are computed to analyze the biomass. The variations
in NDVI observed on daily basis are substituted in
the Equation 4 in order to calculate the value of f,
which varies from O to 1. The value of f determines
PAR which is utilized as APAR by the wheat canopy
for photosynthesis. If the value of f is 0, it indicates
the absence of APAR, while the value f=1 shows the
equivalence of APAR to PAR. APAR and NDVI
are directly related to each other;a decrease in one
parameter leads to a drop in the other. Variations in

throughout the WGP areshown in Figure 10.

Figure 10: Variations in f” throughout the WGP

The biomass was estimated by substituting the €
and APAR in Equation 1 and plotted the results in
Figure 10. Biomass was generated for each day of the
cultivation period. The results show that NDVI is in
direct relation with biomass that declined as NDVI
dropped in the harvesting of the wheat crop during
the month of April/May. Wheat seeds need less
energy in the ripening period. Therefore, APAR drops,
and the overall NDVT also drops. Dips and peaks in
Figure 11 are in resemblance tothe (n/N) curve as in
Figure 5. It shows that as the cloud activity starts, the
production also declines, but in the ripening period,
normally cloudy conditions are observed better than
sunny days.

Sentinel-2 satellite imagery, as mentioned in Table 1,
was used to map NDVI, PAR, APAR, and biomass
generation and mapped the results in Figure 12.
Healthy green areas express the actual extent of wheat.
However, the blue areas show the non-vegetative area.

The results revealed that throughout WGP, nearly
6818 kg/ha biomass was obtained from the study
site. The harvest index is considered as 0.50 (Chen
et al., 2014), and nearly 3409 kg/ha of dry mass was
obtained. The supervised classification method was
used to extract the area under cultivation. In order

to -cross-validate the results, a field survey was
conducted, which illustrated 76% accuracy of the
results.
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Figure 11: Variation in biomass throughout the WGP

Figure 12: Spatio temporal variations in PAR (Wm-2), NDVI,
APAR (Wm-2) and biomass generation (g/m2).

The a, the activity of the cloud, can be determined
through the Ratio (n/N);its value ranges between 0
and 1. This Ratio directly affect the parameters of
productivity and biomass generation. The n/N Ratio
in Figure 5 indicates the sunshine hours over the crop.
A drop in this Ratio causes a drop in Rn, Rns, Ral,
and Rs. n/N Ratio directly affects LUE, as it reduces
the sunlight on the wheat canopy, consequently
delaying the process of photosynthesis. During
different growth stages, the ratio (n/N) can play both
significant and insignificant roles, andthe ripening
stage remains efficient when this ratio is less than 0.5
at lower temperatures. AE and H decline on full or
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partially cloudy days due to less energy utilization for
the maintenance of internal temperature as compared
to the environmental temperature. n/N ratio also
affects Go. It is usually high in the early growth stages
due to high temperature and less LAI. The collective
impact of AE and H is equivalent to the difference
in Rn and Go. n/N Ratio directly affects AE and
H. H is heat received by a wheat canopy in order to
maintain its internal temperature in accordance with
the environmental temperature. AE is the energy
consumed by plants for transpiration. On a cloudy
day, less energy is consumed by AE and H because of
the unavailability of sunlight.

The value of W ranges from 0 to 1, and it indicates
the wetness level of soil throughout the WGP. Green
biomass in several growth stages indicated high water
concentration, i.e., (W 2 0.5). The turning biomass
into yellow during the ripening stage indicates the
decline of W up to 0.13. Regulation of temperature
is indicated by T1 and T2. These parameters are
necessary to compute the light utilized by wheat. T1
indicates the effect of temperature fluctuations, while
T2 represents the temperature variations throughout
WGP. Top and Tumon become equal as the value of T2
reaches up to 1. When T2 becomes 0.5, the difference
betweenImon and Top reaches 10-15°C. Top and
Tumon showed variations in agricultural productivity
at the continental scale. The results showed that in
the early growth stages, nearly 80% of radiations were
utilized by a wheat canopy that suddenly declineddue
to a reduction in NDVI. Thus NDVI proves to be a

significant parameter of agricultural productivity.

Tomass generation reduces when the LUE of plants
declines regardless of the environmental conditions.
From Nov to April, as the inclination angle of the sun
changed, a gradual increase observed in PAR values.
In the month of February, NDVI was maximum due
to increased LAI, but it declined during the ripening
stage in March. Minimal biomass was generated in the
month of April because the crop was at the ripening
stage that month. In the early stages of growth, APAR
was maximum due to increased growth, tillering, and
emergence of leaves. In April, the crop turned yellow

due to the partial ceasing of photosynthesis which
consequently degraded APAR.

Development of soil and atmospheric constants (Sf) and

(4p)

The estimated yield was compared with the actual

yield, for which a field survey was conducted to
determine spatial diversity in both yields. We selected
89 plots keeping in view that these are well distributed.
'The reported yield from these plots provided diverse
estimates, which were in large difference compared
to the actual yield. The yield estimated through the
CASA model was uniform for the complete study
site; however, the actual yield was about 74% less than
CASA generated yield in various plots. This issue was
further investigated, and we found that the CASA
model lacks various aspects. These aspects include
soil suitability parameters, including pH, Organic
matter, CaCO3, texture, and Electric Conductivity.
The largest gap inthe CASA model, which affected
the overall productivity of wheat, was the smog/haze
factor which was not incorporated. In our case, the
residual rice is burnt in India, and a mess of large
particles transports through wind and deposited in an
atmosphere that creates a smog effect. Income solar
radiations are affected by these particles that leave a
huge impact on the overall agricultural productivity.
The air quality index of Lahore declined to theextent
that it became unsuitable for even breathing.

'The diversity of CASA yield was categorized into four
segments that include 500-800 kg/ha, 1300-1600 kg/
ha, 1900-2300 kg/ha, and 2900-3400 kg/ha. These
rangeswere (0.14-0.23)%,(0.38-0.47)%,(0.56-0.67)%
and (0.85-1)%. These sites were largely in accordance
with the four production levels as computed using the
CASA model. The issue was further investigated, and
we found that the lowest yield (500-800) kg/ha was
reported from the “Not Suitable” zone having soil
parameters as pH, EC, OM, CaCQO3, and Texture of
soil, lowest yield (500-800)kg/ha was reported from
“Not Suitable”zone having soil parameters as pH,
EC, OM, CaCO3 and Texture of soil, lowest yield
(500-800)kg/ha was reported from “Not Suitable”
zone having soil parameters as pH, EC, OM, CaCO3
and Texture of soil, lowest yield (500-800)kg/ha
was reported from “Not Suitable” zone having soil
parameters as pH, EC, OM, CaCO3 and Texture of
soil. Moreover, the smog factor was also investigated,
and temporal variations in air quality wereobserved
through AIRIS data freely available at Giovanni. The
environmental factors include Black Carbon (BC),
Carbon monoxide (CO), Nitrogen dioxide (NO2),
Ozone (O3), and Sulphur dioxide (SO2). These

variations are mapped in figures.

2022 | Volume 38 | Issue 5 | Page 364



OPEN aACCESS

Sarhad Journal of Agriculture

Time Series, Area-Averaged of Black Carbon Emission Bin 002 monthl

0.5 x 0.625 deg. g.i ERRA-2 Model M2TMNXADG v5.12.4] kg m-2 5-1 over 2020-Now -
2021-Apr, Region 69.

E, 27 5537N, 75.3223E, 33.6182N
1.45e-12

. : : ‘ :
Figl3 e X\ .
1.35e-12 |— —
13e-12 — \ —
1.25e-12 — \ —
12e12 — —

1.15e-12 —

kg m-2 s-1

1.1e-12 L I
Nov Jan Mar May
2021

- The user-selected region was defined by 60.6094E, 27.5537N, 75.3223E, 33.6182N. The data grid also limits the analyzable region to the Fullwnng buund ling
points: 70E, 28N, 75E, 33.5N. This analyzable region indicates the spaial limits of the subsetied g ‘went into making th

Time Series, Area-Averaged of CO Column Burden (ENSEMBLE) monthly 0.5 x 0.625 dag. [MERRA-2 Model M2TMNXCHM v5.12 4] kg m-2 over 2020-Nov -
2021-Ape, Region 69 6084, 27 5537N, 75 3223, 33 6182N

0.00061

T

0.000605
Fig 14 0.0006
0.000595
0.00059
0.000585

kg m-2

0.00058
0.000575
0.00057
0.000565

0.00056
Nov Jan Mar May
2021

- The user-selected region was defined by 69 6094E, 27.5537N, 75.3223€, 33.6182N. The data grid also kmits the analyzabie region to the following bounding
paints: 70€, 28N, 75E, 33.5N. This analyzable region indicaes the spafial limis of the subsetled granules thal went info making this visualizabon resull

Figure 13: Variation in BC values throughout WGP,
Figure 14: Variation in CO wvalues throughout WGP

Time Series, Area-Averaged of NOZ Total Column (30% Cloud Screened) daily 0.25 [OMI OMNO2d v003] 1/cm2 over 2020-11-01 - 2021-04-30, Region
69,6094, 27.5537N, 75.3223E, 33.6182N

1.2e+16 T T T T

1e416 — A |

Be+15 — [ |

6e+15 1—‘: [ﬂ Eﬁ{“ il i »lthﬁé T gNl"*t’fff_\T

serns [ *mp‘ ‘ﬁi‘.ﬁ'ﬂ!&l"ﬂlli T r‘*‘*’*w ™
[

2e415 — —

Fig 15

1jem2

o -

-2e+15 - !
Now Jan Mar May
2021

- The user-selected region was defined by 69.6094E, 27.5537N, 75.3223€, 33.6182N. The data grid also imits the analyzable region to the following bounding
points: B9 B2SE, 27 625N, 75.125€, 33.375N. This analyzable region indicates the spatial imits of the subsetted granules that went into making this visuaization
result

Time Series, Area-Averaged of Total column ozone monthly 0.5 x 0.625 d
Region 69.6094E, 27,

310 T T T T

Figle - 1

300 — =

. [MERRA-2 Madel M2IMMXASM v5.12.4] Dobsons over 2020-Nev - 2021-Apy,
7N, 75.3223€, 33.6182N

295 — -1

290 — -

Dobsons

285 -

280 — —
—
275 = —

270 N L |
Nov Jan Mar May
2021

- The user-selected region was defined by 69.6094E, 27.5537N, 75.3223E, 33.6182N. The dafa grid also lmits the analyzable region to the following bounding
polms TOE, 28N, 75E, 33.5N. This analyzable region indicates the spatial limits of the subsetted granules that went into making this visualization result.

Figure 15: Variation in NO2 wvalues of different atmospheric
pollutants.
Figure 16: Variation in O3 values throughout WGP

The wheat crop is observed in peak growth in the
month of February, whichturns to the development
of grains in the month of March in the study site.
Figures 13-17 demonstrates that the concentration
of atmospheric gases raised and reached to peak level
during the month of Feb and March, which caused to
decline in the overall production of the wheat crop.

This decline in production could not be catered by
the CASA model due to the non-availability of such
yield limiting indicator,whichresulted in exaggeration
in overall production. The impact of unsuitable
air quality affected the overall yield of the wheat
crop,which resulted instressed, short-heightened, and
small-sized grains of wheat crop. An interpolated
map was developed based on actual yield levels, as
shown in Figure 18.

Figure 17: Variation in SO2 values throughout WGP,

Figure 18: (4) Wheat yields spatial distribution; (B) Wheat
cultivation mask; (C) Integration of yield distribution with wheat
cultivation mask.

To cater to these issues, we developed two indicators
thatare capable incorporating smog and soil-related
issues. These indicators are named Soil Factor (Sf)
and Atmospheric Factor (Ap). If the soil is “Not
Suitable”, the values of Sf is 0.147, for less suitable
soil, Sfis 0.21, for moderately suitable soil, Sfis 0.61,
and for highly suitable soil, Sfis 0.95. By substituting
these values of Sf, the overall results approach to
actual yield by 96%.

'The other factor Ap is based on incorporating the
situation of Atmospheric conditions faced by the
wheat crop canopy, whichinclude Black Carbon (BC),
Carbon monoxide (CO), Nitrogen dioxide (NO2),
Ozone (03), and Sulphur dioxide (SO2) parameters.
If the overall air quality is conducive, the value of Ap
is near 1.

Previously, various studies have been conducted
on CASA model where authors have made an
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effort to introduce or develop various indicators for
precision agriculture. These studies have portrayed
a different point of view and various new indicator
have been developed therefore efforts remained on
the way but there remained loopholes which could
not be addressed, that included the inclusion of
environmental factors in CASA model e.g., haze/
smog. Although these are local factors but this issue
is exponentially becoming the largest due to rapid
urbanization, industrialization and anthropogenic
activities. The failure to account for smog/haze in the
CASA model was the biggest hole that negatively
impacted wheat production as a whole. In our case,
smog is caused by the burning of rice husks in India,
which releases a huge quantity of big particles into
the air. Solar radiations are reduced by these particles,
which has a significant effect on agricultural output.
Therefore, we developed the haze and smog factors
which provided the promised wheat yield.

Finally, the improved method for calculating NPP
through the CASA model with the addition of Sf and
AD is given as:

Net productions= APARe"S£*Ap*HI(Kg/ha) ...(20)

The yield was overestimated due to the following
ground validations.

(1) unavailability of open-source satellite images
having a high spatiotemporal resolution for the daily
analysis of growth variability. (2) Water scarcity and
lack of resources, (3) lack of latest techniques and poor
agricultural and educational practices; and (4) Not
considering the climatic and phenological changes
while cultivating the crops.

The total wheat cultivated area under investigation
was 2276.63 km2, out of which 1684.26 km2 (74%)
was found highly suitable, 68.3376 km2 (3%) was
moderately suitable, 61.6678 km2 (2.7%) was least
suitable, and 462.355 km2 (20.30%) was found least
suitable for wheat crop cultivation in the Study site.
Sf and Ap ranges were applied according to soil
suitability zones, and net production was computed
up to 0.34 million tons, including 0.57 ton/ha for the
not suitable zone, 0.97 ton/ha for the less suitable
zone, 1.43 ton/ha for the moderately suitable zone,

and 2.32 ton/ha for the highly suitable zone.

Conclusions and Recommendations

NPP and biomass generation can be efficiently
monitored through remote sensing satellite
technology. Agricultural productivity can be assessed
and analyzed utilizing remotely sensed datasets. This
research utilized Sentinel-2 imagery along the CASA
model to compute the wheat crop productivity and
its comparison to actual estimates. This research
highlights various spatiotemporal variations of
crop yield, which depend upon several parameters,
including air and vapor pressure, light, temperature,
and leaf area.Consequently, the modified CASA
model in conjunction with the NPP-yield conversion
model satisfied the requirements for regional-scale
estimations of winter wheat production using remote
sensing images. This method can therefore be used in
the field and can serve as a standard for many different
crop yield estimation algorithms.

Novelty Statement

CASA model is an important indicator of estimating
the crop grains however the final figures are always
over/under while computing the actual ranges
especially at regional scales. Timely, various indicator
have been developed by many researchers and the
CASA model has been passed through critical
amendments to ensure precision agriculture. In our
particular case, the residual of rice burnt by farmers of
India plays a vital role regarding generation of smog
that is added in atmosphere and the crop estimates
goes out of range to huge extent. To incorporate
this impact, new indicators have been developed
and added in CASA model that will be helpful for
researchers and farmers for estimating the quantify of
wheat grains with high precision.
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