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Abstract

Remote sensing technology provides spatial and temporal information about
objects from satellites that may contribute to crop management. The aim of study was
to illustrate the application of remote sensing data for prediction wheat yield in
“Agricultural experimental station” farm in the North Kazakhstan region.This study
was conducted to estimate in-season yield using NDVI and land surface temperature
(LST) using linear regression analysis. The land surface temperature was applied in
the multiple linear regression analysis with NDVI. The accuracies were compared in
terms of RMSE (root mean square error) for two models. As a result, the simple
linear regression model was more accurate in comparison to the multiple regression
model with LST and NDVI (4,15 and 6,78 respectively). The yield prediction using
surface parameters will be further improved with the use of neural network modelling
and more datasets. The simple linear model can be used for different crops of other
locations.

Keywords: vegetation index, NDVI, wheat yield prediction model, remote
sensing, land surface temperature (LST), North Kazakhstan

INTRODUCTION

Remote  sensing is  the
technology of getting information
about objects from remote platforms
such as aircrafts, satellites. This
information has spatial, spectral and
temporal resolutions [1]. Remote
sensing data is valuable information for
crop management. Advances in remote
sensing are currently providing the
possibility to investigate, measure and
model environmental processes. The
normalized difference vegetation index
was proposed as an average to calculate

green biomass [2]. The NDVI describes
the reflectance in the red and NIR
regions to vegetation variables (NDVI=
(NIR-Red)/ (NIR+Red)). There are
studies on comparison of different
vegetation indices for crop monitoring,
but NDVI remains as the main
productive index for yield prediction.
The NDVI has been applied actively in
crop yield evaluation and predicting
[3]. There are studies with moderate
success of using different methods such
as numeral crop yield model [4], least-



square regression [5], autoregressive
(AR) state-space models [6],etc.
Accurate yield prediction of crops is
important issue in agriculture planning
and national food security. The crop
productivity relies on various factors,
such as soil, topography, and
management  [7]. The  sharply
continental climate in Kazakhstan
influences  significantly on crops
production. In the north part region, the
irrigation technology is not developed
and not recommended to apply it for

chernozem types of soil. However,
climate change in the region influences
comparatively significantly. The shift
in the start of the season particularly
for the study area is seen. In the study,
it was focused on wheat due to its
widely cultivation in the region. The
aim of this research was to assess the
possibility to use the land surface
temperature with vegetation indices to
predict wheat vyield in-season using
linear regression models.

DATA AND STUDY AREA. SITE DESCRIPTION

The study area is located in the
North part of Kazakhstan (Figure 1).
The climate in the North part of
Kazakhstan is sharply continental with
a long snowing winter and warm
summer. The average temperature of
the coldest month (January) is about
—18,6 °C, the hottest month (July) is
+19,0 °C. The precipitation amounts to
350 mm per year, 80-85 % of these
falls in the warm season (April-
October). Snow cover lies about 5
monthsfrom November to March, by
the end of winter has an average
capacity of 25 cm [8]. The distinctive
characteristic of the region is a highly
productive soil type called chernozem.
Therefore, agriculture in the region
plays an important role in itseconomy.
The main type of crop is cultivated in
the region is wheat.

The private  farm LLP
“Agricultural  experimental station”
was considered in this research. The
overall size of the study area is 20 000
ha (Figure 2). The LLP “Agricultural
experimental station” is located on the
North Kazakhstan plain. The relief of
the territory is mostly flat without
strong elevation changes. The average
elevation is about 133,7 meters with
the gradual rise of altitude from the
North-West to South-East. The slopeis
small the maximum is 1,59%ccurs only
in some areas. The types of soil in the
farm are common  chernozems,
solonetzicchernozems and a complex
type of meadow chernozems with
semihydromorphic solonetz [9]. All
soil types are characterized as the quiet
high potential of productivity but yield
depends on climate conditions during
the vegetation period.
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Crop yield data for 2018 for
wheat have been used. The electronic
map of fields was developed. The
sowing dates of wheat are starts from
the middle of May. Growth inbiomass
observed from June to September with

Yield data

Average crop Yield data for filed
was provided by the farmer for 2018.

Satellite remote sensing data:

- Sentinel 2 13 bands
surface reflectance data with 10-60
meters spatial resolution in 3-10 days
periodicity;

- Landsat 8 OLI and TIRS
11 bands surface reflectance data with
15-100 meters spatial resolution in 16
days periodicity;

METHODOLOGY

The core of the methodology in
this research to model yield is the use
of linear regression analysis using
remote  sensing  data.  Several
correlation analyses between all
calculated NDVIs, average NDVI, sum
NDVI and yield were analyzed. The
analysis showed that the highest NDVI

duration in average of 90 days. In
September, harvesting campaigns are
happening. Therefore, available
satellite images and land surface
temperature data was downloaded for
the period from May to September.

The dataset provides data of sowing
and yield in centers per hectare.

- MODIS MODOQ09AL is an
average 8-daythe surface spectral
reflectance of Terra MODIS Bands 1-7
corrected for atmospheric conditions
with 500-meter (m) spatial resolution;

- MODIS MOD11A2 is an
average 8-day per-pixel land surface
temperature (LST) data with a 1-
kilometer (km) spatial resolution.

value in the season has a stronger
correlation. Therefore, a simple linear
regression  model was  applied.
Additionally, the multiple regression
model was applied using average LST
data. An overview of the methodology
is illustrated in Figure 3.
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Figure 3. Flowchart of the overall methodology

Pre-processing

Sentinel 2A and Landsat 8 were
atmospherically and radiometrically
calibrated using ENVI software.
Radiometric correction
Radiometric correction is the
first step in the normalization of raw
data and it is a mathematical operation
of translating the brightness values of
the image pixel into the values of
radiation received Dby the satellite
sensor [10]. The original images are
processed in radiance units using 32-bit
floating-point values, and then these
values are converted to a 16-bit integer
value, which is the value in the finished

L1 level image. Users can convert
these values to spectral radiance values
by using the luminance coefficients
given in the metadata file. For such a
correction, a file *_MTL.txt is present
in the Landsat data set, the limit values
from which are used at this stage of
image processing. The following
formula was used for radiometric
correction [11]:

Ly, = M *Qca + AL(15)
where: L, = Spectral radiation coming to the satellite sensor (W/(m2 * sr * um));
M_ = Radiometric channel gain (RADIANCE_MULT_BAND_nfrom metadata)
(Gaink); Qca = The brightness values of the pixel raw image (L1 pixel value in DN);
A =The radiometric offset of the channel (RADIANCE ADD BAND nfrom

metadata) (Bais/).



Then the spectral brightness
values are converted into values of Top
of Atmosphere Reflectance (TOA
reflectance)

This procedure is necessary if
more than one image is used, since
some parameters, such as the angle of
the sun's illumination of the surface,

are unique during each shooting.
Therefore, comparing any spectral
values and calculating indices between
two non-normalized images is incorrect
[12].

Top of Atmosphere Reflectance
(TOA reflectance):

ph = LA/ Sin (0)
wherepi = TOA Reflectance; 6 = Solar Elevation Angle from metadata.

Atmospheric correction

The next step in the
normalization of satellite images is to
reduce the influence of the atmosphere
on the image and translate the values of
radiation that reached the sensors of the
satellite (TOA radiance) into the values
of the spectral radiation of sunlight
actually reflected from the earth. In the
Earth's atmosphere, there is a variety of
interference that can be got on the

Coordinate system transformation

In order to handle with MODIS
product, the MCTK toolkit was used to
convert the sinusoidal coordinate
system of HDF files into Geographic
Vegetation index calculations
The normalized vegetation
indices (NDVI = (NIR-RED)/
(NIR+RED)) were calculated for each
occurred satellite image for Sentinel 2,
Landat 8, and Modis. The NDVI value
growth as vegetation growth reaching
the peak at the earing stage (Figure 4).
Therefore, the maximum NDVI value
occurs usually at the end of July. In this

images. In  the future, such
interferences make it difficult to
analyze the data.The influence of the
atmosphere on the satellite image is
manifested in a several number of
factors: the angle of incidence and
reflection of sunlight, the transparency
of the atmosphere, the gas factor and
haze [13].

projection. The Modis conversion
toolkit was designed by D.White and it
is free to download [14].

study, average and sum NDVI values
were calculated for the identification of
the  relationship  between  crop
productivity. After the earing phase the
chlorophyll content in the plant
decreases, this is reflected in the
decrease in the vegetation index, which
continues until the phase of full
ripeness.



NDVI

17.05.2015 17.00.2014

17.07.2019

17.08.2019

17.09.2014

Figure 4. General NDVI trend of wheat during the vegetation season

Land surface temperature

8 days average land surface
temperature datain Kelvin degrees per
pixel with 1 km spatial resolution were

Correlation

To estimate the relationship between
yield and remote sensing data a
correlation analysis has been produced.
The correlation analysis was produced
in SPSS software. For this, null and
alternative hypotheses were
determined.

Ho: Data (NDVI and vyield) are
not correlated

Ha: Data (NDVI and yield) are
correlated significantly.
There are two possible results might
be:

1) If the probability value is
greater than 0.05 hence the null
hypothesis is accepted, which means
the data are not correlated;

converted to Celsius degrees. Also,
datawere averaged to field size using
the Zonal statistics toolbox in ArcGIS.

2) If the probability value is
less than 0.05 hence an alternative
hypothesis is accepted, which means
the data are significantly correlated.

The same threshold (0.05) for the
probability (P) was used in regression
analysis also.

Results for each NDVI showed
the presence of correlation with yield,
but Pearson’s r coefficients were high
only for the maximum NDVI value of
wheat  vegetation  period.  The
maximum NDVI was in the end of July
for Sentinel 2 image. Pearson’s r
coefficient is equal to 0,46.
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Figure 5. Correlation between yield and maximum NDVI
Therefore, this value was applied for the regression analysis.

Regression modeling

Simple linear regression

Regression analysis should be
used to determine whether one variable
affects another variable and to illustrate
how much of an impact it has. The
variable Y is fixed (or dependent) for
general analysis, but the choice of
variable X (or independent) is
explained from the correlation analysis.
Formula for simple linear regression:
y=atbx+e. Crop yield was considered
as the dependent variable - Y, which
changes based on changes of

Multiple linear regression

To consider the influence of LST
the multiple regression analysis was
applied. The formula for multiple
regression is y=a+b;*X;+b,*X, +g,
where X; and X, are two independent
variables NDVI and LST respectively.
The null and alternative hypotheses
would be:

Ho:b,  (slope of the first

independent variable) does not

differ from O

RESULTS AND VALIDATION

independent variable the maximum
NDVI - X.
Null and alternative hypotheses:

Ho: the slope of wheat yield regression
on the max. NDVI does not differ from
zZero;

Ha: the slope of wheat yield regression
on the max. NDVI is different from
zero.

Similarly, to correlation analysis, the
probability threshold was establishedto
0.05.

Ha: by (slope of the first
independent  variable) differs
from 0

Ho:b, (slope of the second
independent variable) does not

differ from O

Ha: b, (slope of the second
independent  variable) differs
from O.



The P probability wvalues for
NDVI in both models are less than 0.05
hence alternative hypotheses were
accepted. At the same time, the
probability for the LST slope in
multiple regression was equal to 0.05.

Nevertheless, the yield for both models
was calculated. Additionally, the
validation analysis has been produced
by estimation the accuracy and root
mean square error.

The produced models:

y =- 3,51+ 29,8461 *NDVI - Simple linear regression

y =18,35+31,4*NDVI -0,8 LST — Multiple linear regression

R square is 0,2 and 0,23 respectively.

Acceptance of regression models

To accept the results of
regression models, it is necessary to
examine the assumptions: data are
independent, data are a random sample,
and residuals are normally distributed
and homoscedastic.

As for data used in regression
models, it is a random selection and
they are independent. As for residuals,
the distribution the Kolmogorov-
Smirnov (K-S) test was applied to test

normality. The null and alternative
hypothesis for K-S test.

Ho: Data are  normally
distributed

Ha: Data are not normally
distributed.

The P probability value is greater
than 0.05 hence the null hypothesis is
accepted, which means the data are
normally distributed (Table 1).

Table 1. Kolmogorov-Smirnov tests results

Data K-S P value
statistic

Residuals (Simple regression | 0,74 0,645

model)

Residuals (Multiple regression | 0,8 0,54

model)

In Figure 6, it is illustrated that residuals from both models are homoscedastic.
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Figure 6. Homoscedasticity of residuals for simple (left) and multiple (right)
regression models
The type of crop in the field for previousyear plays an important role in crop
production. In table 2, the actual yield in 2019 and predicted results of the simple

linear regression model are illustrated.

Table 2. Predicted and actual wheat yield

Predicted yield | Actual yield in
Square | Cropin | Cropin | Simple linear 2019 provided by
N (ha) 2018 2019 regression farmer

1 333,05 | fallow Wheat 14,93447544 26

2 245,24 | Rape Wheat 12,70028399 14,2

3 167,64 | Linen Wheat 9,558740467 10

4 172,66 | Wheat Wheat 9,842039894 14,2

7 451,15 | Corn Wheat 12,02044893 15,7
17 158,08 | Annherbs | Wheat 10,74395997 12,8
25 684,65 | Wheat Wheat 9,034612649 9,5
34 366,01 | Wheat Wheat 10,80105561 13,1
47 232,43 | fallow Wheat 17,56624713 11,3
49 311,51 | Rape Wheat 13,96531203 18,9
50 305,01 | Wheat Wheat 11,45534238 12
52 399,69 | Wheat Wheat 11,77979962 13,7
53 395,64 | Wheat Wheat 13,09261131 15,8
54 115,35 | fallow Wheat 18,27968892 30,7
55 116,24 | fallow Wheat 18,11102846 30,7
56 117,95 | fallow Wheat 18,81411365 30,7
57 41,01 | fallow Wheat 18,26733262 30,7
58 401,47 | Wheat Wheat 14,16217708 12,5
60 217,99 | Wheat Wheat 12,55702258 12,5
61 260,33 | fallow Wheat 17,95209784 26,43
62 161,04 | Wheat Wheat 13,01748861 12,02
63 217,09 | Wheat Wheat 10,78628178 12,02
64 139,01 | Wheat Wheat 14,56139886 16,97
66 397,82 | fallow Wheat 17,05247591 24,2
68 365,43 | Wheat Wheat 11,40693197 12,2
70 259,62 | Wheat Wheat 12,43581747 12,3
72 210,85 | fallow Wheat 14,33958245 19,4
83 395,56 | Rape Wheat 10,74213936 11,76
84 399,99 | Wheat Wheat 12,38388521 12,68
86 136,36 | fallow Wheat 19,32146794 22,76
88 98,88 | fallow Wheat 19,16602932 22,76
89 106,96 | fallow Wheat 17,87924345 22,76

Validation
The model comparison was information  slightly  deteriorated

made calculating accuracy and root
mean square error of each model
(Table 3). Both average accuracy and
RMSE showed that the lowest error
followed by the simple linear
regression model. The use of LST

prediction results. It should be noted,
that the number of fields predicted in
the  multiple  regression  model
decreased due to the spatial resolution
of the MODIS dataset.

Table 3. Accuracy of prediction and root mean square error results of wheat yield.



Models Accuracy RMSE
Simple linear regression | 88% 4,15
Multiple linear regression | 71% 6,78

DISCUSSION AND CONCLUSION

This study was conducted to predict fields which were the fallow

wheat yield for the North Kazakhstan
region within the season. Vegetation
index (NDVI) and land surface
temperature were usedfor the linear
regression modeling. The simple
statistical analysis produces quite good
results when there are not many
independent variables are applied in the
analysis. The important fact that should
be noted that in 2019 the fallow fields
were implemented by fertilizers, while
last year fallow fields have not been
fertilized. The average RMSE for
prediction models are distorted by

predecessor. As we can see from the
study, the use of multiple variables
produces prediction errors. On the
other hand, important climatic factors
should not be ignored for the yield
prediction. This research will be
improved with the use of machine
learning technologies such as artificial
neural networks, convolution neural
networks, and support vector machines.
It should be noted, thatresearch has
limitations in predicting the yield by
exceptional factors such as pests,
diseases.
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ASSESSMENT OF USING LAND SURFACE TEMPERATURE (LST)
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Summary

The results of the study illustrated that the simple linear regression model
using the NDVI index produces better results in comparison to the multiple
regression model using NDVI and LST (88% and 71% comparatively). Similarly, the
RMSE also showed surpassed results of the simple linear regression model (4,15 to
6,78). Additionally, the fact that the implementation of fertilizers in predicted year for
fallow fields has significantly increased wheat yield and influenced to the prediction
accuracy. The study illustrates that the accuracy in statistical models with the use of
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several variables is distorted.The simple linear regression model might be applied to
different crop types and territories.

Keywords vegetation index, NDVI, wheat yield prediction model, remote
sensing, land surface temperature (LST), North Kazakhstan

OLEHKA UCITOJBb30OBAHUS JAHHBIX TEMIIEPATYPbI
INOBEPXHOCTU U CHYTHUKOBOI'O TUCTAHIIMOHHOI'O
30HJIUPOBAHMUS 1JI51 MOAEJIUPOBAHUSA YPOKAMHOCTH
MHNINEHUIIBI B CEBEPOM KA3AXCTAHE
bexbaesa A.

Kazaxcxuii Aepo Texnuueckuut ynusepcumem um. C. Cetighynnuna,
IIp. Kenuc 62, Hyp-Cyaiman, 010111, Kazaxcman,

Pesrome

Pe3ynbTaThl uccaeq0BaHUS MTOKA3aId, YTO MIPOCTAas JUHEWHAS PErPECCUOHHAs
MoJieb ¢ ucnonb3oBanueM uHjaekca NDVI maet nydiiue pe3ynbraThl IO CPAaBHEHUIO
C MOJIETIbI0 MHOKECTBEHHOW perpeccuu ¢ ucnoyb3oBanueM NDVI u LST (88% u
71%  COOTBETCTBCHHO).  AHAJOTHYHBIM  00pa3oM,  CpeIHEKBaJAPaTHYCCKOE
OTKJIOHEHUE TAaKXKE IIOKA3JI0 NPEBOCXOISAIINE PE3YJbTaThl IPOCTON JIMHEWHOU
perpeccronnoi monenu (4,15 u 6,78 coorBercTBeHHO0). KpoMme Toro, ¢hakT BHECCHHS
ya0OpeHUi B MPOTHO3UPYEMBIA TOJ JJIsi MapOBBIX MOJIEH 3HAYUTEIBHO MOBBICUIIO
YPOKaMHOCTh TIIEHUIIBI W TIOBJIMSJIO Ha TOYHOCTh IIporHo3a. HcciegoBaHue
MOKA3bIBA€T, YTO TOYHOCTh CTATHUCTHYECKUX MOJCJIEH ¢ UCIOJIb30BaHUEM
HECKOJIbKUX TMEePEMEHHBIX HCKakaeTcs. IIpocTas nuHelHasi perpeccCuoHHas MOIEb
MOXET OBITh MPUMEHEHA K PA3JIUYHBIM TUIIAM KYJIBTYP U TEPPUTOPHUSIM.

KiroueBble cJI0Ba BereTalMOHHBIN WHJIEKC, NDVI, MOJIEJIb
MIPOTHO3UPOBAHUSA  YPOKAMHOCTU TMIIEHULbl, JUCTAHIIMOHHOE 30HAUPOBAHUE,
temmneparypa nosepxuoctu 3emin (LST), CeBepubiii Kazaxcran

COJITYCTIK KABAKCTAH KAFJAWBIHJIA BUJIAHNIBIH,
OHIMALJIITTH MOJAEJBAEY YIIIH )KEP BETI TEMIIEPATYPACBIHBIH,
"KOHE CIIYTHUKTIK KAIIBIKTBIKTAH 30HATAY JEPEKTEPIH
IMAVIJAJTAHA OTBIPBIII BAFAJIAY

Bekbayeva A.
C.Cetipynnun amvinoazel Kazax acpomexnuxanvix yHueepcumemi,
XKenic oanevinel 62, Hyp-Cyaman, 010111, Kazaxcman,

Tyiiin
3eprrey HoTmxkenepl kepcetkeHner, NDVI wunaekciH maifianaHa OTBIPBII

’KacaraH, KapalmalbIM CBI3BIKTHIK perpeccustiblk  momeni NDVI sxome LST
WHJIEKCTEPIH KOJIJaHa  OTBIPBIIKACAFaH KOITIK  PErpecCUsIBIKMOICIIMEH



CaJIBICTBIPFAH/IA ©TE XKaKChl HOTIKeNep Oepai (cotikecinme 88% sxone 71%). Ochiran
opaii, oprailia KBaJpaTThIK aybITKY, KapanaibiM ChI3BIKTHIK PETPECCUSIIBIK MOJICIIIHIH
HOTIDKEJIEPIHEH aMjiekaiaa acein Tycti(tuicinme 4,15 sxone 6,78).CoHnbiMeH KaTap,
OOJKAJIBIHBINT OTBIPFAH JKBUIBI, CYpl Kep alKanTapbl YIIH THIHAUTKBIII EHT13Y
OumaiiiblH ~ OHIMIUINH e[dylp apTTHIPHIN, OOJKAMHBIH JJJIITIHE CENTITiH
TUT13/11.3epTTey HOTHXKeIepl OoMbIHINA, OipHele alfHbIMAIbUIAP bl KOJIIAHFaH Ke3/1e
CTATUCTUKAJBIK MOJETBACPIH Jonairi OypmanaHaapl. KapamailbiM CBI3BIKTHIK
PErpecCUsIIBIK MOJIEIb OPTYPJl AaKbUIgap TYpJEpiHE KoHE OpTYypJl ayMakTapra
KOJIJTAHBLTYbl MYMKIH.

Kintrik ce3aeppereranusibik uHgaekc, NDVI, Ounait eniMmauiirin 6oipkay
MOJIeN, KAIBIKTBIKTaH 30HATAYy, *ep OeriHiH Temneparypackl (LST), Conrycrik
Kazakcran
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