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Abstract

Droughts have various impacts depending on their severity and duration. In agriculture,
drought can lead to crop failure and reduced yields. In this regard, it is imperative to conduct
research on the effect of drought on productivity in agriculture. Data on crop yields, spanning from
individual fields to global scales, is essential for farmers and policymakers. Existing sources of crop
yield data, like regional agricultural statistics, frequently lack the necessary spatial and temporal
detail. Vegetation indices (VIs) derived from remote sensing, such as NDVI (Normalized difference
vegetation index), can effectively estimate crop yields through empirical modeling approaches. This
study predicted crop yield by applying several indices by analyzing satellite images to estimate crop
yield. The data to be used are open source Sentinel-2 imagery, python for regression analysis and the
platform required to run is Google Earth Engine. Processing higher resolution images requires more
computing resources than lower resolution images. Also, with the advent of cloud computing and
open access computing portals such as Google Earth Engine, computing costs have decreased
significantly. These technologies have made the processing of satellite images more economical.
NDVI (measure of greenness of crops), NDMI (Normalized Difference Moisture Index) and SMI (Soil
Moisture Index) data was calculated for several crop fields (area of Agsu region of Azerbaijan) for
3 years. A drought index was also applied to that area, and as a result, it was found that the
productivity was low in the dry years. The aim here is to investigate the effect of climate change on
crop productivity in Azerbaijan and study its effect on the economy.
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Introduction

Drought is a significant environmental stressor that can have severe effects on crop yields. Its
impact on agriculture is complex and multifaceted, influencing various aspects of plant growth and
development. Here's an overview of how drought can affect crop yield: Water Stress: Drought leads
to water stress in plants, affecting their ability to absorb nutrients and photosynthesize. This can result
in stunted growth, reduced flowering, and lower fruit or grain production. Yield Reduction: The most
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direct impact of drought is a reduction in crop yield. Insufficient water availability during critical
growth stages, such as flowering and grain filling, can lead to yield losses. Quality Reduction:
Drought can also affect the quality of the harvested crop. For example, drought-stressed plants may
produce smaller or shriveled fruits or grains, reducing their market value. Increased Susceptibility to
Pests and Diseases: Drought weakens plants, making them more susceptible to pest infestations and
diseases. This can further reduce crop yields and quality. Soil Degradation: Severe or prolonged
drought can lead to soil degradation, including soil erosion and loss of soil fertility. This can have
long-term effects on crop productivity. Economic Impact: Drought can have significant economic
consequences for farmers, including lower incomes due to reduced yields and increased costs for
irrigation or supplementary feeding. Food Security: Drought-induced crop failures can threaten food
security, especially in regions where agriculture is a primary source of food and income. Adaptation
and Mitigation Strategies: Farmers and policymakers can implement various strategies to mitigate the
impact of drought on crop yields, such as using drought-resistant crop varieties, implementing water-
saving irrigation techniques, and improving soil management practices.

Overall, drought poses a serious threat to agriculture and food security, highlighting the
importance of effective drought monitoring, early warning systems, and adaptive strategies to reduce
its impact on crop yields. One way to assess drought is through the use of vegetation indices, such as
the Vegetation Condition Index (VCI).

The Vegetation Condition Index (VCI) is a widely used indicator for assessing vegetation health
and drought conditions. Low VCI values indicate poor vegetation health, often associated with
drought conditions. High VCI values, on the other hand, indicate healthy vegetation. By monitoring
changes in VCI over time, researchers and policymakers can assess the severity and extent of drought
conditions.

To investigate the effect of drought on productivity, it is necessary to calculate field
productivity. Satellite-based data on vegetation indices, such as the normalized difference vegetation
index (NDVI), is valuable in estimating crop yields due to its cost-effectiveness and scalability.
NDVI, a widely-used vegetation index since the 1970s for monitoring crop biomass, has applications
in various agricultural tasks, including estimating crop yields, monitoring, and index-based crop
insurance [2].

In addition to NDVI, other indices such as the normalized difference moisture index (NDMI)
and the soil moisture index (SMI) can also be instrumental in assessing drought impact on crop
productivity. NDMI is used to assess plant water content and soil moisture, offering insights into
drought conditions and water stress in vegetation [5]. Similarly, SMI provides a quantitative measure
of soil moisture, which is critical for understanding water availability and its effect on crop health
and vyield [16]. These indices complement NDVI by providing a more comprehensive view of
vegetation health and soil conditions, thereby improving the accuracy of yield estimations.

The use of satellite-based methods for estimating crop yields could be especially beneficial in
developing countries, potentially replacing resource-intensive survey-based methods. When using
satellite imagery like NDVI, NDMI, and SMI for estimating crop yields, practitioners need to
carefully consider the image resolution. Satellite image resolution refers to the size of the grid used
for measurements. For example, some satellites provide low-resolution measurements on a larger 4
km by 4 km grid (low-resolution), while others offer high-resolution measurements on a smaller 10
m by 10 m grid (high-resolution).
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Moreover, the selection of imagery by practitioners is influenced by their processing capability.
The processing of higher resolution images demands more computing resources than lower resolution
ones [17]. Faced with this tradeoff, some practitioners might opt for lower resolution images over
higher resolution ones, potentially leading to a reduction in model estimation accuracy. However, the
cost of computation has significantly decreased with the emergence of cloud computing and open
access computing portals like Google Earth Engine [6]. These technologies have made it more cost-
effective to utilize high-resolution image data.

In the next sections, the problems that have arisen in this field will be revealed, the importance
of research will be emphasized, and information will be given about the methods and methodologies
used. Finally, the results of the research work will be included in the last sections.

Research Problem

Analyzing the effects of drought on field productivity and its economic impact in Azerbaijan is
crucial now due to the increasing frequency and severity of droughts, likely exacerbated by climate
change. Understanding these impacts can help in developing strategies to mitigate their effects on
agriculture and the economy. Analyzing this problem can lead to improved drought preparedness and
response strategies, ensuring food security, preserving natural resources, and minimizing economic
losses. It can also help in informing policy decisions related to agriculture and water management.

Studying the effects of drought on field productivity and its economic impact can contribute to
the scientific field by advancing our understanding of drought impacts on agriculture and economy,
providing insights into adaptation and mitigation strategies, and contributing to the body of
knowledge on climate change impacts.

While there has been some research on the effects of drought on agriculture and economy in
Azerbaijan, further studies are needed to fully understand the extent of these impacts, particularly in
the context of changing climate patterns and evolving agricultural practices.

Research on the effects of drought on field productivity and economic impact in Azerbaijan can
provide new insights into the specific challenges faced by the country, the effectiveness of current
drought management strategies, and the need for new approaches to enhance resilience in the face of
changing climate conditions.

Research Focus

The main purpose of this study is to investigate the effects of drought on field productivity
(yield) and its economic impact in Azerbaijan. The study aims to assess the extent of these impacts,
identify the factors influencing vulnerability to drought, and explore potential adaptation and
mitigation strategies. By focusing on this research, the authors aim to contribute to the understanding
of drought impacts on agriculture and economy in Azerbaijan, provide insights for policymakers and
stakeholders, and contribute to the scientific knowledge on climate change adaptation and resilience.

Research Aim

The study seeks to provide a detailed assessment of how drought conditions affect crop yields
and to identify effective strategies for mitigating these impacts to enhance agricultural resilience and
economic stability.
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Literature Review

Drought is a complex natural phenomenon with significant implications for agriculture and
economic stability. Recent research highlights the increasing frequency and severity of droughts due
to climate change, emphasizing the need for effective management strategies [13]. Remote sensing
technologies, such as NDVI, have become essential tools in monitoring vegetation health and
assessing drought impacts on crop yields [8]. These technologies, combined with ground-based
observations, have improved the accuracy of drought assessments [18].

Economic analyses reveal that drought can cause substantial direct and indirect economic
losses, affecting agricultural output and rural livelihoods [14]. Adaptive strategies, including drought-
resistant crops and efficient irrigation, are crucial for mitigating these impacts [9]. However, debates
persist regarding the most effective approaches, with some studies advocating for technological
solutions and others emphasizing policy interventions [12].

Empirical Results

Empirical studies provide robust data on the statistical accuracy of drought impact assessments.
For example, Green et al. [8] found a high correlation between NDVI data and ground-based crop
yield measurements, confirming the utility of remote sensing in drought monitoring. Similarly, Taylor
et al quantified economic losses due to drought, revealing significant reductions in agricultural output
(Table 1) [14].

Table 1. Empirical findings from recent studies on drought impacts

Study . -
period Region Methodology Key findings
North NDVI analysis, 20% average reduction in crop yields
2015-2020 ) . .
America regression models during drought years
Sub- . S .
2016-2021 Saharan Field Sl_Jrveys, _ $1.5 billion in economic losses annually
i econometric analysis due to drought
Africa
2017-2022 South Remote sensing, Significant yield variability, with some
Asia spatial analysis regions experiencing up to 50% reduction
2018-2023 Europe Soil m0|stl_Jre mo_delmg, Imprqved drogght re5|l_|ence through
crop simulation adaptive farming practices

Source: prepared by the author

Graphical representations, such as trend lines and scatter plots, illustrate the relationship
between drought severity and crop yield reductions, providing visual evidence of these impacts [13].

Recent trends in drought impact research emphasize the integration of machine learning and
big data analytics to enhance predictive capabilities [3]. Sustainable agricultural practices and climate-
smart agriculture are increasingly recognized as vital for building resilience against drought [10].

Conflicts in the literature often revolve around methodological approaches, with debates on the
effectiveness of comprehensive versus focused models [12]. Identified gaps include a lack of region-
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specific studies and insufficient attention to socio-economic dimensions [14]. While developed
countries often benefit from advanced infrastructure and policies, disparities with developing
countries highlight the need for more inclusive research and collaboration [8].

In summary, the literature underscores significant advancements in understanding drought
impacts but also calls for further research and international cooperation to enhance resilience and
mitigate economic losses.

Materials and Methods

The research area is Agsu district of the Republic of Azerbaijan. According to its geographical
position (Picture 1), Agsu region is located in the Shirvan plain and at the foot of the Great Caucasus.
16 villages, 3 territorial circles are in the mountainous zone. 2 rivers - Girdiman, Agsuchay and their
tributaries - Agdarchay and Nazirchay - pass through the territory of the district. Agsu district is an
agricultural district. Animal husbandry, grain growing, cotton growing, fruit and vegetable growing
occupy an important place in its economy. 76.0% of its territory or 77,854 hectares is suitable for
agriculture, 46.6% or 36,247 hectares of it is cultivated land [1].

Picture 1. Relief of Agsu district

AGSU DISTRICT (AZERBAIJAN)
® AT N

Source: prepared by the author

The Vegetation Condition Index (VCI) compares the current NDVI to the range of values
observed in the same period in previous years. The VCI is expressed in % and gives an idea where
the observed value is situated between the extreme values (minimum and maximum) in the previous
years. Lower values indicate bad (0 %) and higher values good vegetation conditions (100%),
respectively. Formula 1:

VCI = 100 * (NDVI - NDVI min) / (NDVI max - NDVI min) [11]

Here, the VCI method was developed to determine the stress occurring in plants due to the
occurrence of drought (Figure 1.).
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Figure 1. Method of Vegetation Condition Index
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In the figure below, the drought index for the years 2015, 2020, 2021, 2022 has been applied.

It is also known from the drought index that the area of drought has expanded in Agsu region,

especially in the plain area, since 2015. If we compare 2020, 2021, 2022, we can see that 2021 was

drier. Of course, these droughts greatly affect field productivity and agricultural economics (Picture
2). A productivity calculation was performed to investigate this effect.
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Picture 2. Vegetation Condition Index for Agsu district.
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Yield Estimation Using indexes. This study utilized multi-temporal remote sensing data and
regression analysis to predict agricultural yields in the Agsu region of Azerbaijan. The primary
sources of data included Sentinel-2 satellite imagery and historical yield records.

Data Collection

Remote Sensing Data: We will look at the productivity of the cereal plant. The cereal crop is
planted in November and harvested in June. For this reason Sentinel-2 imagery was acquired from
the Copernicus Open Access Hub, covering the period from November 1, 2020, to April 30, 2021,
November 1, 2021, to April 30, 2022, November 1, 2022, to April 30, 2023 for regression analysis
past years yield and November 1, 2023, to April 30, 2024 to prediction yield for 2024 June. The
images were processed to compute various vegetation and other indices, including the Normalized
Difference Vegetation Index (NDVI), Normalized Difference Moisture Index (NDMI) and Soil
Moisture Index (SMI) Sentinel-2 data is renowned for its high spatial resolution and 10-day revisit
time, which is ideal for monitoring agricultural fields [4].

Historical Yield Data: Historical yield data for the years 2021, 2022 and 2023 were obtained
from local agricultural records. These records provided essential ground truth data to calibrate and
validate the remote sensing-based yield predictions.

Regression Analysis

A multiple linear regression model was developed using historical yield data and corresponding
vegetation indices to predict future yields. The model coefficients were derived using Python's
Statsmodels library, following standard statistical procedures [15]. The plot obtained from the
regression analysis of the indices for the years 2021, 2022, 2023 with the productivity values of those
years (Table 2 and Figure 2):
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Table 2. Productivity value by year

Index | 2020-2021 | Productivity | 2021-2022 | Productivity | 2022-2023 | Productivity
NDVI 0.37 0.16 0.3
NDMI 0.08 5 tone -0.06 3 tone 0.11 3.7 tone
SMi 0.29 0.22 0.19

Source: prepared by the author

Figure 2. Productivity variation
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From here, productivity is seen to decline. After this analysis in Python, we get the coefficient
of a and b mentioned above:

Coefficient (a_ndvi): 6.525920051707675
Coefficient (a_ndmi): 0.05610110082034714
Coefficient (a_smi): 8.44868629405073
Intercept (b): 0.1308024675278232
These coefficients are again used in the yield prediction formula in the GEE platform.

Predicted Yield =anpvixNDVI+anpomi<NDMI+asmi<xSMI +b,

Where anpvi,_anomi and aswm are the regression coefficients and b is the intercept.
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Picture 3. Map of productivity
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Results

The research focused on predicting crop yields in the Agsu region of Azerbaijan by leveraging
remote sensing data and vegetation indices such as NDVI, NDMI, and SMI. By analyzing Sentinel-
2 satellite imagery over three years, the study aimed to correlate these indices with crop yields and
understand the impact of drought conditions. The regression analysis revealed that NDVI, NDMI and
SMI are significant predictors of crop yield. The following regression equation was developed to
predict crop yield: Predicted Yield =anpvixNDVI+anomiXNDMI+asmixSMI +b.

The predicted yield for the period from November 2023 to April 2024 was calculated using this
regression formula. The mean predicted yield for the AOI was approximately 3.32 tons/ha, indicating
a significant decrease compared to the historical yield of 5 tons/ha in 2021.

Vegetation Indices Analysis

1. NDVI: The mean NDVI for the current growing season (November 2023 to April 2024) was
0.20, which is significantly lower than the previous season's mean NDVI of 0.30. This reduction
suggests poorer vegetation health and potential stress conditions affecting crop growth [15]. The
lower NDVI indicates that the crops in the Agsu region are experiencing stress, likely due to
unfavorable growing conditions such as insufficient rainfall or higher temperatures during the critical
growth period.
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2. NDMI: The mean NDMI for the current season was -0.08, compared to 0.11 for the previous
season (2022-2023). The decrease in NDMI suggests reduced moisture content in the vegetation,
potentially due to lower precipitation or higher evapotranspiration rates [5]. This indicates moisture
stress, which is critical for crop growth and yield as water availability is essential for various
physiological processes in plants.

3. SMI: The SMI was 0.21 for the current season, down from 0.29 in the previous season (2020-
2021). The decrease in SMI indicates reduced soil moisture, which can negatively impact crop growth
and yield [7]. Soil moisture is a crucial factor for plant health, and its reduction can lead to decreased
productivity.
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K.L. Mammadova, CIS miitaxassisi

Quraghgin kand tasarrifatt mahsuldarh@na tasirinin giymatlondirilmasi:
monitoring va uygunlasmaya uzaqdan zondlama yanasmasi

Xulasa

Quraqlqlar siddatindon vo muddatindan asili olaraq miixtalif tosirlara malikdir. Kand
tosarriifatinda quraqliq mohsulun catismazligina va Mohsuldarligin azalmasina sabab ola bilar. Bu
baximdan kand toSorriifatinda quraqhigin mahsuldarliga tasiri ilo bagh tadgiqatlarin apariimasi
mutlagdir. Ayri-ayri sahalardan global miqyaslara qadar mahsul mahsuldariigina dair malumatlar
fermerlor va dovlat siyasati Ucun vacibdir. Regional kand tasarriifat statistikast kimi mahsuldarhq
Malumatlarimin méveud manbalarinda ¢ox vaxt lazimi mokan va zaman taforriiatt yoxdur. NDVI
(Normallasdirilmis Farq Bitki Ortiyii /ndeksi) kimi uzagdan zondlamadan alda edilon vegetasiya
indekslari (V1) empirik modellasdirma yanagmalari vasitasilo mohsuldarligr effektiv  sokilda
giymatlandira bilar. Bu tadgiqatda maisuldariigi taxmin etmoak digiin peyk sakillarini tahlil edarak bir
neco indeks tatbigi hoyata kecirilib. Istifado olunacaq molumatlar acig manbali “Sentinel-2”
gorantalori, regressiya tahlili Gglin program “Python” va islomak cun talab olunan platforma
“Google Earth Engine “dir. Daha yiksak rezolyusiyaya malik sokillarin islonmasi asagi ayirdetma
tosvirlarina nisbaton daha ¢ox hesablama resursilari talab edir. Homcinin bulud hesablamalarinin va
“Google Earth Engine” kimi aciq giris hesablama portallarinin yaranmas: ila hesablama xarclori
ahamiyyatli daracada azalib. Bu texnologiyalar peyk sakillorinin emalini daha ganaostcil edib. NDVI
(bitkilorin yasilliq 6l¢iisii), NDMI (Normallasdirilmis Farq Ritubat Indeksi) va SMI (Torpagin Namlik
Indeksi) malumatlar 3 il arzinda bir neca akin sahasi (Azorbaycanin Agsu rayonunun arazisi) Ugln
hesablamib. Homin oraziyo do quragqliq indeksi totbiq edilib vo naticodo quraqhq illordo
Mahsuldarligin asag oldugu miiayyan edilib. Burada magsad Azarbaycanda iglim doyisikliyinin
Mahsuldarliga tasirini arasdirmag va bunun igtisadiyyata tasirini dyranmakdir.

Acar sozlar: kand tosarriifati, NDVI, VCI, igtisadiyyat, mohsuldarlq, quraqliq.
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K.JI. Mamenosa, cneyuanucm no I'HC

Ouenka BJIMSTHUS 3aCyXH HA MPOAYKTHBHOCTD CeJILCKOI0 X03siiicTBA:
AUCTAHIIMOHHBIH 30HUPOBAHHBINA MOJAX0 K MOHUTOPUHTY H aJanTalluu

Pe3srome

3acyxu okaswiéarom paziuyHoe 6030elicmeue 6 3AGUCUMOCMU OM UX CEPbe3HOCMU U
npoooaNCUMENbHOCMU. B cenbckom Xo3a1icmae 3acyxa Modcem npU8ecmu K Heypo*Caro U CHUNCEHUIO
ypooicatinocmu. B smoil ceés3u Kpatine 6adcHo npogecmu UCCIe008aHUE GIUSAHUSL 3ACYXU HA
npoU3600UMENbHOCHb 8 CelbCKOM Xo3aticmee. [lanubie 06 YpoJICaiHOCMU CelbCKOX035UCTNBEHHbIX
KYIbMYp, 0X6amvléaroujue Kak omoeibHble NoJs, MAaxK u 2100aibHble Macumaodwl, HeoOX00uMbl
gepmepam  u  noaumukam. Cywecmsyrowjue UCMOYHUKYU — OAHHBIX 00  YpOdICAUHOCHU
CeNbCKOXO3AUCMBEHHBIX KYIbMYP, MAKUe KaK PecUOHAIbHAS CelbCKOXO3AUCMBEHHAS, CMAMUCIUKA,
yacmo He coodepicam HeoOXO00UMbIX NPOCMPAHCMBEHHbIX U 6pPeMeHHbIX Oemaneu. HHoexcovl
pacmumenvrnocmu (V1), nonyuennvle ¢ nomowviro oucmanyuornno2o 3o0Houposanus, maxue kaxk NDVI
(Hopmanuzoeannviii pasHocmuwiti UHOEKC pacmumenbHOCMu), Mo2ym 3phexmusno oyenusams
VPOCAUHOCMb  CEIbCKOXO3AUCMBEHHBIX — KYIbMYp ¢ NOMOWBIO  NOOX0008  IMAUPULECKO2O
MoOenuposanusi. B amom ucciedosanuu yposucanHocms NPOSHO3ZUPOBANACH, NYymeM NpUMeHeHUs!
HECKOJIbKUX UHOEKCO8 NymeM AHAU3d CRYMHUKOBLIX CHUMKOG OJisl OYeHKU YpodcauHocmu. /lannble,
Komopwvie 0yO0ym UcCnoIb308amvbcs, — Mo uzobpaxcenuss «Sentinel-2» ¢ omxpvimvim ucxoonvim
kooom, «Python» ons peepeccuonnoco ananusza, a niamgpopma, neobxooumas Oisl 3anyckd, -
«Google Earth Engine». O6pabomka uzobpasicenuii ¢ 6onee 8blcoKuM paspeuteruem mpeodyem
OONbULE BLIYUCTUMENBHBIX PECYPCO8, YeM U300padiceHus: ¢ boiee HU3Kum paspeueruem. Kpome moeo,
¢ nosenenuem OONAYHBIX GbIYUCAEHUN U BbIYUCTUMENbHBIX NOPMANLO8 C OMKPLIMbIM OOCMYNOM,
makux kax Google Earth Engine, sampamuvl na 6viuucienus 3HAUUMENIbHO CHUSUAUCL. Dmu
MexXHoN02UU COeNanU 0OPAbOMKY CHYMHUKOBbIX CHUMKO08 bosiee skonomuunoil. Jannvie NDVI (mepa
senenocmu pacmenuil), NDMI (Hopmanusosannwviti unoexc pasnocmu énasxcrnocmu) u SMI (Muoekc
BILAINCHOCMU NOYBbL) ObLIU PACCUUMANbL OISl HECKOIbKUX NONEU CelbCKOXO3SUCMBEHHBIX KYIbMYP
(meppumopusi Aecyuncrkozo pationa Aszepbatiodcana) 3a 3 2o0a. K smoti obnacmu makoice Obln
npUMeHeH UHOEKC 3ACYXU, U 8 pe3yabmame OblI0 OOHAPYHCEHO, UMO YPOICAUHOCHb ObLIA HUSKOLL 6
3acywinusvie 200bl. Llenvio 30ecb s6AAemMcs UCCIEO008aAHUE GIUAHUAL UBMEHEeHUs KIUMAma Hd
VPOXUCAUHOCMb  CeNbCKOXO03AUCMEEHHbIX KYIbmyp 8 Aszepbaiiddcane u usyyeHue e2o GIUSAHUSL HA
IKOHOMUKY .

Kniouesnie cnosa: cenvcroe xosaiicmseo, NDVI, VCI, skonomuxa, ypooicaiinocme, 3acyxa.
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