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Abstract

Grapes are one of the most sensitive horticultural crops to climate change effects, especially drought.
Drought has a significant impact on grape yield and grapevines throughout the world. To minimize
drought's impact on vineyards and support farmers’ livelihoods from micro to regional scale assessment
and interventions are required. The remote sensing datasets consisting of vegetation signatures of
grapevines and climatic factors can be trained using machine learning approaches to predict the long-
term changes in yield assessments and weather predictions for interventions to support growers. Thus,
the primary goal of this study was to develop yield assessment models and drought monitoring systems
with numerous agrometeorological factors that can predict drought severity utilizing timescale satellite

datasets and machine learning techniques.

First, yield prediction was performed at the micro-scale during drought-affected periods by combining
satellite-derived datasets with machine learning methods. The ground reference data were collected
during a field survey in the Shakardara district of Kabul Province. The satellite-based vegetation indices
such as the normalized difference vegetation index (NDVI), leaf area index (LAI), and normalized
difference water index (NDWI) were mapped using Landsat 8 surface reflectance images for the years
2017-2019. Furthermore, moving averages and exponential smoothing techniques was used per-pixel.
In 2018, NDVI had the maximum performance (r? = 0.79) of all the vegetative indices; however, in
2019, the LAI performance was greater than the other indices (r* = 0.79). Artificial neural network-
based machine learning showed that NDVI was the most accurate of all vegetative indices in 2017 (R

=0.94), 2018 (R = 0.95), and 2019 (R = 0.92).

Second, grape yield loss assessment was conducted in drought-affected vineyards at macro-scale using
a composite drought index derived from satellite remote sensing-based time-series datasets. Since a
single index is not able to predict yield loss, appropriately using a composite index is significant. The
primary data were collected during a field survey in Kabul Province, Afghanistan. The composite
drought index (CDI) was created for the five years (2016 to 2020) using five indices, such as vegetation
condition index (VCI), temperature condition index (TCI), deviation of NDVI (NDVI DEV),
normalized difference moisture index (NDMI), and precipitation condition index (PCI). Furthermore,
each input parameter was given a weight using the principal component analysis (PCA) method, and
the weights of all the indices were then added together to create a composite drought index. Moreover,

the yield fluctuation in each damaged vineyard was assessed using Bayesian regularized artificial neural



networks (BRANNSs). According to the CDI, there was moderate to severe drought in Kabul Province

in 2016 and 2018.The related yield losses were 3.4 tons per hectare and 4.7 tons per hectare.

Third, drought severity analysis was carried out for regional vineyard production management using
satellite remote sensing and climate datasets at a regional scale. In this research, the standard vegetation
index (SVI) and standardized precipitation index (SPI) for the years 2013-2021 were developed. The
results showed that the most drought-affected years were 2018 and 2021. In 2018, 4785.03 ha and in
2021, 1825.83 ha were extremely affected by drought. The multi-linear regression result was better than

the linear model for regional drought validation (1> = 0.79).

Fourth, land suitability analysis was performed from micro to regional scales in drought prone areas
using satellite remote sensing and multi-criteria decision analysis. In this context, the main goal of this
research is to integrate bio-physical and socio-economic criteria. In this research, the same criteria were
used for both micro and macro-scale analysis. However, for regional scale, the socio-economic criteria
were not available. Thus, vegetation indices, topographic maps (elevation, aspect), and climatic datasets
were used. Finally, a weighted overlay method based on the analytical hierarchy overlay process (AHP)
for micro-to-macro scales and a fuzzy overlay method were used for regional suitability
determination. Based on the results of both physical and socioeconomic suitability, 46 percent of the
micro-scale sites are very suitable. However, on macro scale, highly suitable (13%) areas and on

regional scale, highly suitable (23%) regions for grape production were reported.

In conclusion, the integrated models of remote sensing, GIS and machine learning were employed to
realize yield variation and water stress on vineyards from micro to regional scales during drought-prone
years. The generated models could be applied from micro to regional scales for grape yield prediction,
yield loss, and drought severity assessment to identify less productive land. These models will assist
policymakers to reduce the effects of drought and design drought-severity-based subsidy programs in

drought-prone regions in order to improve farmers' livelihoods.
Keywords: Grape yield assessment, Micro-scale, Macro-scale, Regional-scale, Yield predication,

Composite drought index, Regional drought distribution, Satellite remote sensing, Time-series datasets,

Machine learning, Vegetation indices, Physical and socio-economic suitability, GIS
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Chapter 1
Introduction
1.1 Background of the Research
Grapes (Vitis Vinifera L.) are a widely distributed horticultural fruit in the world. Global grape

production was 77.13 million metric tons for the year 2019. Grapes are grown in temperate to
Mediterranean climates, with an estimated surface area of 6.9 million hectares in 100 different territories.
China is the world’s greatest grape producer, with 14.8 million metric tons. Second is Italy, with 8.2
million tons; third is the USA, with 7.01 million tons; eighteenth is Afghanistan, with 874 thousand
tons; and fortieth is Japan, with 171 thousand tons of grape production in 2019. (Figure 1.1). It implies

that grapes are one of the world’s most significant fresh fruits.
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Figure 1.1 The world’s leading grape producer countries in 2019 (FAO, 2019)

In recent years, climate change has had a significant substantial effect on worldwide grape output and
has posed a substantial threat to vineyards. Many regions around the world are suffering from grape
yield losses due to climate change, including Asia, Africa, Australia, Europe and America (Lopez-
Fornieles et al., 2022; Field et al., 2012; Paterson and Lima, 2011). Climate variability is a critical issue
that requires immediate attention. If we do not reduce our irresponsible actions against the environment
now, global warming will approach 1.5 degrees Celsius within the coming decades. In this case,
cumulative impacts will be more devastating and irreversible, affecting water quality, severe weather
conditions (drought), continuing land degradation, and crop yield losses (Figure 1.2). These challenges

are more crucial in developing nations (The Sustainable Development Goals report, 2019) such as the



South Asian regions (Afghanistan, Bangladesh, India and Pakistan), East Asia (China) and Africa
(Figure 1.2). Figure 1.1 indicates that drought risk in the most parts of Asia and Africa was very high.
Drought occurs in these regions due to decreased rainfall or increased temperatures (Figure 1.1).
According to the United Nations Environment Program, when temperature and precipitation rise in a
global pattern, production will fall 6% or 16% with carbon fertilization by 2080 (UN Environment
Program, 2009). As a result, drought is among the worst environmental calamities that has transpired
practically in all climatic zones, causing enormous damage to the ecology and economies of multiple
nations, as well as an unprecedented loss of grapes. Afghanistan, like other developing countries, is
experiencing drought due to lack of rainfall and rising temperatures. In the country, localized droughts
had occurred every two to five years in the last decade. Afghanistan's severe drought occurrences were
in 1995, 1998-2006, 20082009, 2018 and 2021-2022 (World Bank, 2018; Savage et al., 2009; FAO,

2019). During drought years most of the grape farmers suffered from production loss.
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Figure 1.2 The world map depicts the global drought risk based on the WWF report (WWF, 2018)

Drought causes in vines and wine grapes high sugar concentration, acidity reduction and modification
of the wine's entire flavor character, which results in less color in red wines. Drought causes stomatal
closure, decreased leaf area growth, low flowering, fewer berries, cluster abscission, and ultimately
restricted photosynthesis process in vine (Briglia et al., 2020; Patakas et al., 2005). As a result, it
decreases the quality and quantity of grapes and changes in the vine’s phenological stages (growth
stages). These changes cause growth stages to occur earlier such as bud break, flowering, fruit set, and

ripening, which can cause changes in a vineyard’s entire management system (Figure 1.3). Finally,
2



drought can affect the fresh grape supply chain, accessibility, and quality of fruit (Delay et al., 2015).
Therefore, using the conventional method of yield loss calculation and monitoring is not economically
profitable for grape growers. Utilizing models and satellite time series datasets for calculating yield
assessment is the best option. In this context, yield evaluation and assessment are essential tasks for
farmers and policymakers to ensure farmers' income. It is also crucial in delivering timely information
for best vineyard management practices, which includes an early assessment of the import/export

strategy and pricing.
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Figure 1.3 The annual growth cycle of grapevines

Satellite remote sensing offers the capacity to identify drought and assess yield in vineyards on a micro-
regional scale. For this purpose, different satellites with special and temporal aquations, such as Landsat,
MODIS, Sentinel, SPOT, ALOS and others are being utilized by researchers. Satellite time series
datasets are essential, particularly in poor nations where data availability is limited. This might assist
governments and policymakers in assisting farmers during the dry months preceding harvest by offering
training on optimal water usage strategies. In addition, artificial neural networks, fuzzy models, decision
trees, clustering, time series analysis, and Markov chain models are examples of machine learning
methodologies based on mathematical and statistical methods that are being used for yield assessments
The implementation of these machine learning techniques in yield assessment offers even more benefits

owing to the huge volume of data from many sources to extract hidden information.



1.2 Justification of the study

Drought is a serious issue in the agricultural industry, affecting crop yield and productivity, farmers'
revenue, and the lives of residents who rely on production, especially in drought prone areas of
Southeast Asia. Traditional approaches for drought assessment and determining yield losses due to
drought require time and money, which is costly. The conventional methods are due to lack of reliable
data, restricted information networks, and technological and institutional capabilities that are

exceedingly difficult for most developing nations, including Afghanistan.

The localized drought frequency is between two or three years in Afghanistan, causing enormous
damage to the vineyards, agricultural products and environment. Table grapes are the most important
horticultural product by value and volume in Afghanistan. It made up 24% of all fresh fruits and is
mostly vulnerable to climate variability (Figure 1.4). The graph shows the grape’s production and
vineyard areas from 2006 to 2020 in Afghanistan. The chart in Figure 1.4 indicated due to construction
of new vineyards, as a result of that grape production increased from 2006 to 2020 in Afghanistan.

However, due to climate change production decreased significantly.
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Figure 1.4 Grape production and cultivation area in Afghanistan between 2006 and 2020

Therefore, yield assessment of grapes is a crucial yield fluctuation indicator among vineyards at various
stages of development. To overcome the issues mentioned above, it is preferable to rely on satellite
sensor data, which is widely available, cost-effective, and capable of detecting the beginning of the
drought, including its duration and bounds from micro to regional scales. Because immediate

information on the scope and intensity of drought can help to mitigate the effects of drought-related
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losses, near real-time evaluation utilizing satellite imagery and real-time satellite rainfall data can help
to mitigate its negative effects. Besides, it assists farmers in developing for a suitable management
strategy, understanding production variance throughout the farm, quality variation, preventing grape
post and preharvest losses, using water conservation strategies, or using varieties with high drought
tolerance and improved farm management. Furthermore, policymakers can understand the state of
vineyards, mainly throughout times of drought. It could be capable of assisting them by offering

technical assistance and subsidies to farmers during extreme events.

1.3 Research Objectives

The overall goal of this study was to use satellite remote sensing and a machine technique to quantify

grape output in a drought-prone area. The following precise objectives were pursued to reach this goal:

1. To develop yield prediction models of grapes at the micro-scale during drought-affected periods
using satellite remote sensing and machine learning approaches.

2. To estimate yield losses of grapes at the macro-scale using a composite drought index derived
from satellite remote sensing-based time series datasets.

3. To conduct drought severity analysis for regional vineyard production management using
satellite remote sensing and climate datasets.

4. To conduct a land suitability analysis for grape production from the macro to the regional scale

in drought-prone areas using multi-criteria decision analysis and remote sensing sensor datasets.

1.4 Qutline of the Thesis

This dissertation has been organized from chapters 1 to 7. Chapter 1 introduces the topic and illustrates
current research issues and the importance of grape yield assessment in the vineyard. Chapter 2 reviews
the relevant literature: stated the basic concepts of grape yield assessment, such as grape yield prediction,
yield loss, drought severity and suitability analysis as an intervention at macro-regional scales in
drought-prone areas. Chapter 3 describes the development of a yield prediction model for grapes from
time-series vegetation indices using satellite remote sensing and machine-learning approach at a micro-
scale in the Shakardar District. Chapter 4 described grape yield loss assessment with the composite
drought index using satellite remote sensing and GIS approaches at the macro-scale in Kabul Province.
Chapter 5 illustrates drought distribution for regional vineyard production management using Landsat
OLI and CHIRPS datasets. Chapter 6 describes land suitability studies for grape cultivation utilizing

satellite remote sensing, GIS, and the Analytical Hierarchy approach in dry regions of Afghanistan.



Chapter 7 presents the overall conclusions and highlights the recommendations for further research.

Figure 1.5 explains the main body structure of the dissertation.
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Chapter 2
Review of Relevant Literature

2.1 Review of Literature

This chapter is designed to offer insight and a better picture of what has already been done in terms of
yield prediction, yield loss, drought severity, and suitability analysis from micro-to-large scale drought
detection for grape production using satellite remote sensing indices and machine learning approaches

based on time-series datasets in drought-prone areas.

2.1.1 Yield Prediction Methods for Grapes using Satellite Remote Sensing

Yield prediction is the technique of estimating the number of grapes that will be harvested. These
predictions are often made between the planting and harvesting of grapes. Growers must know how
much fruit they are producing and if their vines are over-cropping or under-cropping to make the
appropriate fruit adjustments through cluster thinning. In ground-based perdition, two main methods
have been used for frequent grape yield prediction. The harvesting time cluster weighting method and
the lag phase method are two methods for harvesting time cluster weighting. In the harvest time cluster
weighting method, the average cluster weight at harvest time per unit of area has been considered. To
predict the yield for the following season, in the lag-phase, the berries' weight reaches 50% of their
ultimate weight during the lag period. As a result, the average cluster weight measured at this stage may
be multiplied by a factor of two to calculate the bunch size at harvest. These two conventional
approaches are stressful and time-consuming as well as costly and destructive techniques. Recently,
many scientists have developed methods for predicting yield using digital, aerial, and satellite scenes
(Arab et al., 2021; Ballesteros, 2020; Sun et al., 2017; Lamb et al., 2004). These output prediction
algorithms based on remote sensing may give accurate, accessible, efficient, and timely assessments for
grapevine yield monitoring. The successful launch of several sensors (e.g., Landsat, SPOT-VGT,
MODIS, and Sentinel) has been credited with this achievement. (Wojtowicz et al., 2016). Based on
satellite remote sensing, there are two main methods for grape yield prediction. These methods can be

explained as follows:

2.1.1.1 Parametric Grape Yield Perdition Method
Parametric models predict the performance of a parameter based on mathematical or statistical variable.
Moreover, the model is based on historical yield and meteorological data. The following model shows

that grapes fruit will change when one unit change occurs in environmental parameters.



2.1.1.2 Non-parametric Grape Yield Perdition Method

Non-parametric models refer to the construction of a typology of the environmental conditions that
occur during the growing season with the assumption that comparable sorts of seasons result in similar
yields. Machine learning is one of the most important non-parametric models that has recently been
applied in viticulture and vineyard yield prediction. Due to the processing capacity of computational
computers being insufficient in the past, this approach was not applied. One of the main advantages of
this technique is that, unlike typical crop simulation models, it does not require mathematical equations
or assumptions once the data has been trained (Taylor, 2000). This section highlighted some of the most
recent studies on grape yield prediction models using parametric and non-parametric techniques (Table

2.1).

Table 2.1 Studies have been done for parametric and non-parametric methods of grape yield prediction

Year Country Methods Accuracy (%) References
Parametric methods
2014 Spain Correlation and regression TA 0.62 and IMAD Serrano Porta et al.
analysis 0.67 2014
2017 USA Correlation analysis 0.8 at the time pick Sun et al., 2017
vegetation
2021 Greece Pearson’s correlation 0.87 Darra, 2021
coefficient and regression
analysis
Non-parametric methods
2013 Greece Cluster analysis and fuzzy 0.5 Tagarakis et al., 2013
2013 Australia linear regression, fuzzy 0.53,0.93 Liu et al., 2013
clustering
2015 Australia SVM classifier 0.88,0.91.6 Liu and Whitty,2015
2020 Spain ANN 0.90 Ballesteros et at.,
2020
2022 Nigeria Fuzzy c-means, Subtractive 0.91,0.90, 0.83 Olatunji et al., 2022

Clustering, Grid Partitioning

2.1.2 Yield Loss Assessment

Drought has a large influence on production and is also a major driver of yield loss. Yield loss
assessment is process of comparing the attainable yield from a healthy plant to the amount of yield lost
due to a natural disaster. In the remote sensing field, yield reduction assessment is a process to determine
the difference between the actual yield of table grapes and the theoretical yield. In my perception, yield
loss is an abnormality or decrease in yield due to environmental factors such as temperature, rainfall,
pest and disease damage, even due to human activities or other natural disasters. Drought is a natural
hazard that limits water supplies and may cause crisis in vineyards as a result of climate variability.
Increase in temperate and decrease in rainfall in area harmful for grapevine. Because vineyards are most

8



susceptible to the climate, particularly temperature, the ideal temperature for grapevines is between 25
and 32 degrees Celsius (in general, it mostly depends on the area). When the temperature falls below
the optimum, plant growth is limited, and when the temperature rises higher than the ideal, the rate of
photosynthetic is decrease owing to increased respiration. (Ted, 2018). Despite the fact that weather
variability is one of the major causes of interannual fluctuations in table grape productivity, estimating
how much production is lost due to climate variability is difficult. Researchers have been using different
methods for drought-based yield loss calculation-based sensor datasets from remote sensing. Regression
is one of the most used methods for assessing the link between each of the influencing characteristics
(single or composite drought index) and the observed table grape yield. Besides, using machine learning
methods such as random forest and artificial neural networks, the yield loss of table grapes has also

been determined (Deo et al., 2017; Leng and Hall, 2019).

2.1.2.1 Yield Loss Assessment based on Single Index

Many multispectral indices have been created for drought monitoring to evaluate crop decrease. The
singleindicesarethe normalized difference vegetation index (NDVI) (Tucker, 1979), the normalized di
fference water index (NDWI) (Gao, 1996), the soil adjusted vegetation index (SAVI) (Huete, 1988), a
nd the vegetation condition index (VCI) (Kogan, 1995a), the temperature condition index (TCI) (Kog
an, 1995b), and the standard precipitation index (SPI) (Kogan, 1995¢) are the single indices (McKee,
1993). Many studies use a single index to determine the relationship between crop and fruit yields. For
example, wheat, barley, rye, oats, oilseed rape, maize, sugar beet, potatoes and grapevine and SPI was
0.52-0.60 for cereals, but 0.31 for grape yield (Potopova et al., 2015). The yield loss was also
determined with the help of the vegetation condition index (VCI), temperature condition index (TCI)
and vegetation health index (VHI). To quantify the yield loss at the regional level, a correlation analysis
was conducted between yield and drought indicators and multiple linear regression (MLR) and artificial
neural network (ANN) models were developed. The data revealed a 69% hit rate on yield-losses

(Ribeiro et al., 2019).

2.1.2.2 Yield Loss Assessment based on Composite Index

Since 2010, drought monitoring has relied on integrative or composite remotely sensed indicators. At
the beginning, researchers utilized an algorithm that combines a drought monitoring model with a crop
simulation model (Raksapatcharawong et al., 2020). Later, the VCI and TCI were combined to create a
composite index and it was named "vegetation health indexes." (VHI) (Kogan, 1997). In order to

combine the indices in the GIS environment, each index needs weight. Therefore, different techniques
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of weighting have been used for combinations of drought criteria, such as equal weighting (EW),
multiple correspondence analysis (MCA), analytical hierarchy process (AHP), neural network (NN)
fuzzy logic (FL), Gaussian mixture model (GMM) and principal component analysis (PCA). Some of
the mentioned approaches can still deal with weight matrices that are the same size as the associated
dataset (Mainali and Pricope, 2017). Most of these studies combine the metrological indices with soil
moisture and satellite-derived drought indices to create a composite drought index. Some of these
studies were listed in the following: Du et al. (2013) propose the synthesized drought index (SDI),
which combines the vegetative condition index (VCI), temperature condition index (TCI), and
precipitation condition index (PCI) using principal component analysis (PCI). Puyu et al. in 2019
developed an integrated drought index from SPI, evapotranspiration, NDVI, and NDWI. The machine
learning nonlinear models utilized to validate the relationship between indices and winter wheat. The
standardized precipitation evapotranspiration index correlation with grapes is r = -0.5 at the district
level, and r = -0.9 at the county level (Araujo et al., 2016; Yagci et al., 2011). Furthermore, Potopova
et al. 2020 applied metrological and agricultural information derived from satellite remote sensing and
calculated the yield loss based on multi-linear regression model and Bayesian network for yield loss
calculation. Yield loss information was calculated using the annual yield data to indicate the impact of
drought years. Yield loss is defined in this study as a decrease in crop yield weight per unit compared
to 10 years of statistical data. In this study, the detrend technique and Spearman rank correlation
coefficients were determined yield loss by using with grape yield and precipitation, soil wetness, and

NDVI variation (Zhang et al., 2017).

2.1.3 Drought Severity Evaluation

Drought is a sophisticated and gradually approaching natural hazard with enormous and widespread
agricultural, socio-economic, and environmental repercussions (UN Environment Program, 2009). It
causes huge damage and displaces more people than any other natural catastrophe. It is characterized
as a climatic, agrarian, hydrology, and socioeconomic dry spell, according to various research. The
severity and duration of drought increase as a country progresses from meteorological to socioeconomic
drought. Drought severity monitoring in the traditional method over a large area is a complicated task.
It needs more time, budget, and equipment. Fortunately, as a result of the advancement of new
technologies such as satellite and image analysis software’s, this task is now easier than in the past. For
example, Google Earth Engine is one of the big data analyzing platforms recently developed by Google.
On this platform, researchers, scientists, developers and students can combine and analyze satellite

imagery and geospatial datasets to understand changes, trends, and differences on the earth's surface.
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Google Engine hosts satellite imagery and preserves it in a public data repository with historical earth
photos dating back over four decades. The photos are subsequently made accessible for global-scale
data mining after being designed daily. Earth Engine also offers APIs and other tools that make it
possible to analyze big databases. Different vegetation-based dryness intensity indices have been

established in this respect to monitor drought severity. which will be explained further below.

2.1.3.1 Normalized Difference Vegetation Index

The normalized difference vegetation index (NDVI) is a tool for assessing environmental conditions
like drought. The NDVT illustrates how much drought has damaged the plant canopy. NDVI has been
utilized in several research projects for dry spell identification and investigation. (Wilhite et al., 2014;

Chang et al., 2017) (Table 2.2).

2.1.3.2 Standard Vegetation Index (SVI)
Drought monitoring can be done vis SVI (Peters et al., 2002). It shows the deviation of standard NDVI
throughout several years (Table 2.2).

2.1.3.3 Standard Precipitation Index (SPI)
SPI illustrates the rainfall probability on any time scale. It can monitor drought at one month (SPI-1),

three months (SPI-3), six months (SPI-6) and twelve months (SPI-12) (Table 2.2).

2.1.3.4 Recent Research on Drought in Afghanistan

Drought monitoring studies on a broad scale have been conducted in South Asian nations, including
Afghanistan. In the study area (Kabul Province), only drought monitoring has been done in the Kabul
River basin. The majority of studies evaluated the existence and non-existence of drought using single
metrological and drought indicators such as temperature and rainfall, MOIDS VCI, TCI, PCI and SPI.
None of them evaluate the agricultural drought in vineyards from mic. Table 2.3 lists some of these

investigations.

2.1.4 Land Suitability Analysis

A land suitability assessment is required to determine which crops or grape varieties are to be used and
how to rotate them on a specific land or vineyard. This assessment may lead to the efficient and optimal
spatial arrangement of land and also assess the relative potential for development and modify zoning
(Chen-jing et al., 2021). Land suitability assessments can be used for different disciplines. A multi-

indicator approach for determining land suitability often includes lots of natural, ecological, socio-
11



economic aspects (Jafari and Zaredar 2010). Land suitability is also recognized as a multi-criteria
evaluation (MCE) method. weighted linear combination (WLC) (Dai et al., 2001), analytic hierarchy
process (AHP) (Alsafadi et al., 2022), analytic network process (ANP) (Purnamasari et al., 2019a),
fuzzy weighting (FW) (Jiang and Eastman, 2000), and other approaches are used to weight the criteria.
Geographical information systems (GIS) have been more important in LSA because they enable the
analysis of different geographical datasets. By combining remote sensing (RS) datasets, composite land
evaluation systems can increase the accuracy and reliability of land suitability. Some of the weighting

approaches that has been used in our study are listed in table 2.1.

Table 2.2 Studies have been used for drought indices for drought distribution assessment

Index Title Type of crop References
Mapping stressed wheat plants by soil aluminum effect using C- Wheat Hernandez et al.
band SAR images: implications for plant growth and grain 2022
quality

NDVI Monitoring of drought condition and risk in Bangladesh Rice Prodhan et al.,
combined data from satellite and ground meteorological 2022
observations
Evapotranspiration estimates derived using thermal-based Grape Knipper et al.,
satellite remote sensing and data fusion for irrigation 2019
management in California vineyards
Investigate the sensitivity of the satellite-based agricultural Paddy Jayawardhana &
drought indices to monitor the drought condition of paddy and Chathurange,
introduction to enhanced multi-temporal drought indices. 2020

SVI Impacts of climate change on drought risk of winter wheat in the Wheat Zhang et al.,
North China Plain 2021
Utilizing TVDI and NDWI to Classify Severity of Agricultural Oil palm Shashikant et
Drought in Chuping, Malaysia al., 2021
Standardized relative humidity index can be used to identify Maize Wu et al., 2021
agricultural drought for summer maize in the Huang-Huai-Hai
Plain, China
Development of an integrated weighted drought index and its Rice Niaz et al., 2021

SPI  application for agricultural drought monitoring
Assessment and monitoring of agricultural droughts in Grapes, Aswathi et a.,
Maharashtra using meteorological and remote sensing-based oranges, 2018
indices mangos, and
bananas
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Table 2.3 Drought-related studies have recently been conducted in Afghanistan

Research Titles Year

Spatial and temporal trend analysis of groundwater levels and regional groundwater drought 2021
assessment of Kabul, Afghanistan

The Role of Large Dams in a Transboundary Drought Management Cooperation Framework— 2021
Case Study of the Kabul River Basin

Meteorological Factors in Afghanistan Comparison of Multi-Year Reanalysis, Models, and 2021
Satellite Remote Sensing Products for Agricultural Drought Monitoring Over South Asian
Countries

Climate Change impacts on vegetation and agricultural drought in the basin of Panjshir River in 2020
Afghanistan

Assessing Meteorological and Agricultural Drought in Chitral Kabul River Basin Using Multiple 2020

Drought Indices
Assessing the Vegetation Condition of Herat Province, Afghanistan Using GIS 2019
Characterization of drought monitoring events through MODIS- and TRMM-based DSI and 2019

TVDI over South Asia during 2001-2017

Assessment of Irrigation Performance in Large River Basins under Data Scarce Environment—A 2018
Case of Kabul River Basin, Afghanistan
Proposing a Popular Method for Meteorological Drought Monitoring in the Kabul River Basin, 2017

Afghanistan

2.1.4.1 Analytical Hieratical Process (AHP) Weighting

The Analytic Hierarchy Process (AHP) is a mathematical and psychologically based system for
managing and analyzing complex situations. It was introduced in 1971 by Thomas L. Saaty. It consists
of three main parts: the goal or problem, the criteria and alternatives. The priorities of each aspect in
the AHP analysis are primarily computed using the Saaty scale, which is based on the views of experts
and other sources. The third step is to integrate the overall priorities of all of the choices. The final step
is the sensitivity analysis. The basic ideas in using AHP to solve issues, such as elaboration, valuation

comparison, priority synthesize, and sensitivity analysis. The following stapes are follows by AHP:

o Establishing an interconnected decision-making hierarchy and pairwise comparison
o The relative weights of decision factors are calculated using an eigenvalue approach.
e Combining the relative weights at the top of the hierarchy to get a composite weight that

indicates the decision maker's choice option based on an assessment of the relative importance
13



After collecting the relative weights, overlaying all of the criteria using the weight of each map in the

ArcGIS interface, and creating the final suitability map (Figure 2.1).
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Figure 2.1 The AHP multi-criteria hierarchy structure
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Chapter 3
Prediction of Grape Yield at Micro-scale Drought Prone Areas Using
Satellite Remote Sensing-based Time-Series Vegetation Indices and
Machine-Learning Approach

3.1 Background of the Research

Predictions of yield are a useful mechanism used in the growth of the horticulture industry to prevent
an excess or deficiency of fruit on vines and maximize the quantity of fruit produced during each
growing season. In addition, grape production is dependent on the optimal ratio of exposed leaves and
the link between this ratio and the number of clusters produced by a specific vine (Bobeica et al., 2015).
At various phases of plant development, vegetation indices may be used to assess the exposed leaves,
which have a substantial impact on grape output (Dokoozlian and Hirschfelt, 1995). Accurate and
timely measurement of the vegetation indices at each of these phases is critical for trimming, watering,
and scheduling harvesting activities within the ideal time windows (Dokoozlian and Hirschfelt, 1995;
Shahab et al., 2020). However, there is geographical heterogeneity across vineyards in various nations
and locations, and even within a single field, there is spatial diversity between vines at various

development phases (Tisseyre et al., 2007).

The predicted yield is a key predictor of yield variation at various development stages in vineyards
(Bramley and Hamilton, 2004). In many poor nations, large postharvest losses are linked with table
grape production owing to inadequate storage and inventory planning (Parfitt et al., 2010). In addition,
grapevines are susceptible to insect infestation and temperature and moisture extremes (Yin et al., 2019;
[ltis et al., 2020; Andresen and Baule, 2020; Pathak et al., 2018; Teixeira et al., 2007). Consequently,
yield assessment is crucial for inventory planning in supply chain management, minimizing postharvest

losses, and assisting grape producers during natural catastrophes with subsidies or insurance.

Vineyard yield projections have been made using a variety of approaches, the majority of which are
based on ground measurements. The traditional and lag phase techniques are two examples of these
approaches. Vine density, number of clusters per vine, and cluster weight are all used to estimate grape
output in a typical manner. A double cluster's mass is used during lag phase to anticipate the weight of
a cluster at harvest time in the lag phase approach. Ground sampling is required for all of these old
procedures, which is time-consuming, expensive, and labor-intensive (Bramley and Hamilton, 2004).
Mathematical models and statistical regressions are used in the same way in these conventional

procedures. While traditional ground-based measurements require a longer period of time, satellite
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remote sensing has the potential to cover a much larger area in a shorter period of time, and machine-
learning algorithms such as random forests and neural networks have been used to predict yield from

satellite vegetation indices (Jones et al., 2020; Pogas et al., 2020).

Vegetation indices developed from satellite data, such as the normalized difference vegetation index
(NDVI), are being used to predict table grape production and identify distinct types in vineyards by
analyzing phenolics and color (Lamb et al., 2004; and Meggio et al., 2010). In addition to NDVI and
LA yield calculations are also based on these two parameters. The direct approach and the distant
sensing method are often employed to measure LAI (Morisette et al., 2006). A variety of techniques,
such as linear modeling (Law and Waring, 1994), physical models, and artificial neural networks
(ANNSs), are used to create LAI from satellite photos in the indirect remote sensing approach (Morisette
et al., 2006). Quality and quantity of grapes are influenced by the aforementioned two factors, as well
as the availability of water on the farm (Sun et al., 2017). When it comes to grape productivity, water
is a crucial factor, particularly during the expansion of the canopy and the ripening process. Water
molecules in plant canopies interact with solar radiation to produce NDWI, which is a normalized
difference water index (NDWI) (Gao, 1996). Table grape yield estimates can be improved by utilizing
NDWI (the water content of leaves) with NDVI and LAI to analyze the impacts of water management

on canopy management and the water content of leaves.

Recently, agricultural production prediction methods based on machine learning and computer vision
have seen some usage (Tian et al., 2020). Nonparametric approaches such as these may be applied to
noisy data and used to decipher nonlinear connections. It is possible to construct complicated and
nonlinear patterns between predictors and response variables by machine learning (Pdcas et al., 2020).
The standard crop simulation model's mathematical equations and assumptions aren't necessary with
the machine-learning technique after the data training is over. Instead of one algorithm, it is a collection
of algorithms working together. Once the linkages between the input and output data have been
established, machine learning may simply be carried out with complicated data. Different machine-
learning algorithms have been used to determine white and red cultivars by looking at their berries'
color (Kamir et al., 2020; Kurtser et al., 2020). Automated grape cluster recognition in vineyards is
further aided by machine learning, which uses methods such as fitting and k-means clustering to
accurately estimate yields (Liu and Whitty, 2015). Therefore, the main objective of this research is to
employ a machine-learning approach to develop rapid yield prediction models for table grapes using
vegetation indices collected from satellite remote sensing datasets.
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3.2 Methodology

3.2.1 Geographical Extent of the Study Area

The research was carried out in Shakardara District, Afghanistan's primary grape-growing area (Figure
3.1 (a-c)). Table grapes account for 68 percent of the country's total fresh fruit output. In 2019, 106,464
metric tons of grapes were produced in 2019, covering an area of 10,646 hectares, with an average yield
0f 9,800 kilos per hectare. Grapes were grown on 1,475 hectares of land in the Shakardara District, with
a total yield of 35,479.5 tons (ACSO, 2019). To make use of the non-fermented versions of the goods,
such as dried grapes, table grapes, and grape juice (FAO and OVI, 2016). Afghanistan exports a
significant number of grapes as well. Fresh and dried grapes were worth around $132 million in exports
in 2018. Grapes were sent to the US, Pakistan, India, Russia, the United Kingdom, the United Arab
Emirates, Europe, and China (ACSO, 2019). 2018 was one of the driest years in the area, which had a
negative impact on the production of table grapes. Since most of the precipitation (snowfall and rain)
falls between January and May, this area is classified as desert or semiarid by the Kabul metrological
station, which also notes that summer precipitation is very low (a maximum of 20 millimeters).
According to the facts, 2018 was a drought-stricken year in Afghanistan and the Shakardara District. In
addition, the district's current irrigation systems include subhorizontal tunnels that are fed by snowfall
and utilized to provide water for irrigation and domestic use in nearby communities, as well as deep
wells and rivers (UNHCR, 2002; Macpherson et al., 2015). Day-to-night and season-to-season
temperature changes are also present; the mean temperatures in December, January, and February are
each 7 degrees Celsius; 3 degrees Celsius; and 4 degrees Celsius, respectively. The average spring

temperatures in March, April and May are all 13°C, 18°C, and 24°C (Aich et al., 2017).
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Figure 3.1 Geographical scope and maps of the research area: (a) Afghanistan location in world (b)

Afghanistan administrative area, (c¢) Kabul Province, and (d) Shakardara District.
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3.2.2 Dataset Acquisition and Analysis

3.2.2.1 Satellite Data Acquisition and Image Preprocessing

For 2017, 2018, and 2019, Landsat 8 OLI time series were used to gather spectral datasets. Bands 2 to
4 (visible light), 1, 6, 7 and 9 (infrared light) of the OLI sensor has a spatial resolution of 30 meters. It
is possible to study coastal and aerosol processes with the use of the ultra-blue band 1. Detection of
vegetation and water bodies may be accomplished with the help of shortwave infrared bands 7 and 6,
while cloud detection can be accomplished with the help of cirrus band 9. The scene had an about 170-
km north-south by 183-km east-west measurement (Sellers, 1985). The OLI/TIRS C1 level-1 with route
153 and row 36 was used to collect and refer to Landsat 8 spatial and temporal scenes. From the USGS
Earth Explorer website, all 50 Landsat 8 OLI time series scenes were downloaded and processed to
acquire the whole growth cycle over three years. In addition, the ArcGIS® quality assessment tool was
tasked with removing the cloud cover and only taking into account the scenes' clean pixels. In order to
get sufficiently clear Landsat 8 scenes for subsequent analysis and map development, the QA is

constructed via the 'CF mask' technique (Zhu and Woodcock, 2012).

3.2.2.1.1 Normalized Difference Vegetation Index (NDVI)

NDVI primarily assesses the status of vegetation and is directly proportional to a plant canopy's
photosynthetic capability and energy absorption (Sellers, 1985). NDVI is computed as the ratio of the
red band and near-infrared (NIR) band values and may be represented as follows (Rouse et al., 1974;
Quarmby et al., 1993):

pNIR - pRed

NDVI= pNIR + pRed G.D

where NIR is the near-infrared wavelength reflectance between 0.85 and 0.88 microns and Red is the
wavelength reflectance between 0.64 and 0.67 microns (Rouse et al., 1974). Monitoring seasonal
variations in plant development (growing, blooming, harvesting, and senescence) using time-series
NDVI information. In addition, the NDVTI has been used to studies of land use and land cover changes
linked to soil type or climate (Quarmby et al., 1993). This indicator has uses for agricultural production

estimation and the research of above-ground dry biomass (Tanre et al., 2005).

3.2.2.1.2 Leaf Area Index (LAI)
LAI is the most important parameter in many ecosystems’ productivity models and in global climate,
hydrologic and biogeochemical models (Enquist and Ebersole, 2006). The leaf area to ground area ratio

in broadleaf canopies is known as LAI and could be represented as follows:
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Leaf area m?
LA[= —=X&® _ I (3.2)

ground area

where LAl is stands for leaf area index. Previous studies have referred to the correlation between NDVI
and LAI values derived from satellite data and monthly field observations to develop regression curves.
NDVI and LAI values acquired from satellite data and monthly field measurements have been used to
create regression curves in previous research. This equation was calculated using the least squares

approach. An example of how to express LAI is as follows: (Tewari et al., 2003):

LAI=0.57 x exp (2.33 x NDVI) (3.3)

3.2.2.1.3 Normalized Difference Water Index (NDWI)

NDWI is used to track variation in water content of leaves by utilizing spectral data from of the near-

infrared and shortwave infrared bands (Gao, 1996). NDWI can be expressed as:

pNIR - pSWIR

NDWI = PNIR + pSWIR

34

where SWIR is the shortwave infrared reflectance ranging from 1.57-1.65 pm. The liquid water
molecules in the plant canopy that interact with solar radiation are measured by NDWI. Water not only
acts as a main reactant, but it also regulates stomatal opening and closure. Water scarcity causes a
decrease in photosynthesis (Enquist and Ebersole, 2006). Water stress reduces fruit size at any time, but
plant development is most vulnerable during the period of quick berry growth during 2 to 3 weeks
following bloom (Etchebarne et al., 2009). Over three years, all of these vegetation indices were
generated from satellite data with more than 20% clear observations and evaluated in the ArcGIS®

environment. The procedures used in this investigation are summarized in Figure 3.2.

3.2.2.2 Statistical Analysis

Per-pixel moving average and exponential smoothing algorithms were utilized to identify the various
development phases of a vineyard. After identifying the various phases, correlation analysis was used
to evaluate the correlations between the NDVI, LAI, and NDWI. In addition, a time-series moving
average model was developed to eliminate the seasonality of the active growth seasons (April to
October) and to get a single representative mean score in each model. The moving average scores
(NDVI, LAI, and NDWTI) throughout the active growth season were then correlated with the ground

reference yield using regression analysis. The moving average is defined as:
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v
Ma, - = (3.5)

n n
where MA is the moving average, VI is the vegetation index in period 7, and # is the number of periods.

The forecast vegetation index can be calculated as follows:

Fi=ocA + (1-¢) Fyy (3.6)
where F;is the forecast vegetation index for month 7, « is the smoothing constant, 4, is the observed
value of the vegetation index in each vineyard in period t, and Fy; is the previous forecast for period t.
For the purpose of determining the most accurate way to forecast yield, both a parametric and a
nonparametric approach were used in tandem. In this case, the ANN model was used since it can
describe linear and highly nonlinear interactions between datasets (Figure 3.3). ANNs are essentially
made up of a single input layer, a single output layer, and one or more hidden layers that are utilized to
tackle difficult issues. Mathematica (MATLAB) was used to do the neural network analysis and
construct various neural networks for NDVI, LAI, NDWI and ground reference yield data for the years
2017-2018 and 2019. The nonlinear prediction model was built using the Levenberg—Marquardt
forward propagation training procedure. In the beginning, 70% of the data was randomly selected for
training, 15% for validation, and the remaining 15% for testing. The 10 hidden layers were used to

choose different numbers of neurons (Khan et al., 2020) (Figure 3.3 and Table 3.3).

3.2.2.3 Ground Reference Data

Vineyards in the Shakardara District were surveyed between October 2018 and 2019, and it was found
that the majority of farmers were cultivating four varieties of Vitis Vinifera L. Hussaini, Kishmishi,
Shunderkhani, and Tahaifi are the native grape varietals' names. In loamy and sandy loam soils, furrow
irrigation was employed in the vines examined. Using a combination of surveys and portable GPS
devices (e-trex, Garmin, USA), the locations of 31 vineyards spread across 11 towns were gathered
(Table 3.1). In the field survey, we recorded the x and y coordinates of each vineyard in the Shakardara
District. Vineyard positions were recorded using a Garmin e-trex portable GPS device by the surveyors.
Finally, Google Earth Pro® was used to build polygons based on the waypoints for each vineyard in
Shakardara District. The questionnaire was also used to gather information on vineyard management

strategies related to pest infestations, drought, and flooding.

21



Satellite image data acquisition Ground reference data

Landsat 8 OLI/TIRS C1 level-1 30 Grapes yield collection (Seasonal:
m resolution yearly production 2017,2018 and 2019) |
Extracted with ground

Image preprocessing

Imace selection Vineyard 31 locations
s
i {
Independent variables Dependent variables
(Vegetation indices) (Yield tons/ha)
i
NDVI LAI NDW -

Time series moving average

Linear regression analysis

Artificial neural network

-
1
1

Moving average

Yield prediction

Y

Exponential smoothing

(Vine growth stages)

Predicted Yield Map

Figure 3.2. Research flowchart for yield prediction of table grapes.
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Table 3.1. Ground reference data collected from Shakardara District through surveys

Total Area
Yield Yield Yield
Field Vineyard Vineyard of
(ton/ha) (ton/ha) (ton/ha)
ID Latitude Longitude = Vineyard
2017 2018 2019
(ha)
1 34.668994  69.084394 0.9 6.1 53 6.1
2 34.668281  69.086158 0.2 21.1 16.7 20.0
3 34.667442  69.085032 0.8 6.8 6.4 6.8
4 34.669679  69.086774 0.4 20.3 20.3 20.2
5 34.667765  69.087248 0.7 243 22.5 233
6 34.660265  69.080597 1.1 21.1 16.8 17.8
7 34.662367  69.081009 0.4 15.3 15.0 15.8
8 34.663537  69.084815 1.1 19.8 20.0 20.4
9 34.662573  69.077955 1.1 9.0 10.0 10.9
10 34.671508  69.071413 0.4 16.9 13.3 16.1
11 34.671532  69.071319 0.9 16.9 15.0 15.8
12 34.670977  69.068530 0.4 15.6 11.2 16.3
13 34.668176  69.086552 0.6 21.6 19.2 213
14 34.666888  69.087083 1.1 16.2 17.5 18.6
15 34.667448  69.085100 0.4 19.8 11.2 17.6
16 34.668471  69.082697 0.3 25.6 12.2 233
17 34.667748  69.083963 1.1 8.9 5.6 8.7
18 34.661407  69.094569 0.7 18.0 16.7 17.8
19 34.661360  69.098233 1.3 20.0 16.7 17.8
20 34.661026  69.089905 0.4 14.6 16.3 20.6
21 34.660955  69.090309 0.9 244 21.9 24.2
22 34.662859  69.094164 0.7 5.6 9.3 9.7
23 34.662363  69.098960 4.4 19.8 20.0 20.2
24 34.683351  69.076653 1.3 11.2 10.0 10.9
25 34.682978  69.072256 0.2 20.3 19.5 20.4
26 34.694788  69.070378 1.3 5.6 8.9 8.9
27 34.697056  69.073670 1.8 18.9 18.8 19.2
28 34.699674  69.066259 1.6 20.0 17.9 19.3
29 34.677100  69.056635 0.9 14.4 14.0 14.4
30 34.677909  69.058587 0.9 14.2 12.2 143
31 34.676439  69.079604 0.2 15.6 13.7 15.0
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3.3 Results

3.3.1 Growth Stages Analysis

The growth stages of table grapes are noted as bud break (in this stage, tiny buds on the vine start to
swell, and green leaves start to appear; the appearance of the first green leaves through the bud scales
is referred to as the bud break stage), flowering (in this stage, grapevine flowers are born in a cluster
(or bunch), and the main axis of the cluster is called the rachis; when spring temperatures rise to 15-
20°C, the flowers typically begin to bloom, and the time between bud break and bloom is usually six
to nine weeks, depending on the temperature), fruit set (this initial period of growth is rapid due to cell
division and cell enlargement; in this stage, the grape berries are green, hard to the touch, and enlarge
rapidly, and they have very little sugar and are high in organic acids) (Ted, 2018; USAID, 2016),
maximum canopy expansion, ripening and harvesting time. To identify these growth stages in
vineyards per pixel, moving average and exponential smoothing methods were used to develop growth
trajectories. A sequence of three years of NDVI, LAl and NDWI data (2017-2019) was used.
Seasonality was removed from the time series of the NDVI, LAI and NDWI datasets (Figure 3.4 (a-
¢)). In Figure 4, block dashed lines represent the time-series NDVI, LAI and NDWI per-pixel values,
the blue line refers to the moving average and the red line represents exponential smoothing. The green
dot indicates the start of the season (SOS), the dark green dot represents the maximum canopy
expansion, and the yellow dot indicates the end of the growing season (Figure 3.4 (a-c)). Therefore,
97, 193 and 287 days of year for 2017; 115, 210, and 272 days of year for 2018; and 101, 228 and 275
days of year for 2019 were selected as the day of the SOS, maximum canopy expansion, and end of
growing season, respectively, according to the acquired satellite data. The days of growth were referred
to as the start, middle and end of the growing season of table grapes in Shakardara District (Table 3.2).
NDVI, LAI and NDWI (30%30 m) pixel growth stage maps were developed for 2017, 2018 and 2019.
Figure 3.5 (a-i) shows the different growing stages of grapes, which start in April and end at the end
of October in Shakardara District, Kabul Province. The white color illustrates restricted areas such as
build-up, roads, rivers, and rocks. The light green color represents the start of the season, the dark green

color indicates the maximum canopy expansion, and the light-yellow color shows the end of the season.
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Table 3.2 Overall performances of vegetation indices at the growth stages of vineyards in Shakardara

District
Growth Stages

Number of
Year ) Max- Canopy

Vineyards Bud break Flowering  Fruit Set Harvest

Expansion Ripening

2017 31 97 145 161 193 239 287
2018 31 115 147 163 210 227 272
2019 31 101 145 165 193 228 287

3.3.2 Spatial Correlations among NDVI, LAI and NDWI

NDVI and NDWI had the highest correlations with the timing of the maximum canopy expansion. To
have one mean for each month representing the entire vineyard growth cycle, the time-series moving
average was used to calculate the spatial correlations among the vegetation indices. Positive and strong
correlations were observed between NDVI and LAI (r>=0.99), NDVI and NDWI (r*=0.98), and LAI
and NDWI (r*=0.98) in 2017; between NDVI and LAI (r*=0.99), NDVI and NDWI (r>=0.94), and LAI
and NDWI (1’=0.93) in 2018; and between NDVI and LAI (r>=0.99), NDVI and NDWI (r’=0.92), and
LAI and NDWI (r*=0.92) in 2019.

Table 3.3 Artificial neural network designed for yield prediction of table grapes

Vegetation Parameters MSE R -Value
) ANN

Indices (%) 2017 2018 2019 2017 2018 2019
Training 70% 0.32042  0.14604  0.35970  0.93 0.96 093
Validation 15% 0.23458  0.27474 0.19126 096 0.86 0.87

NDVI
Testing 15% 0.67756  0.27184 095999 092 097 0.84
Overall 100% 0.36114  0.18081  0.42959 094  0.95 0.92
Training 70% 0.39939  0.28436  0.33738 092 093 0.93
Validation 15% 0.72213  0.10877 0.68186 097 090 0.95

LAI

Testing 15% 0.58297  0.30864  0.85838  0.93 0.95 0.98
Overall 100% 0.51819  0.41787 047620 092 0.89 0.90
Training 70% 0.38066  0.31367 0.35211 0.94 091 0.94
Validation 15% 0.53943  0.41758 145495 0.76 094 0.76

NDWI
Testing 15% 0.74658 1.07930 1.61168 092  0.93 0.89
Overall 100% 0.47022  0.45392 0.73170 092 090 0.85
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Figure 3.4 Time-series vegetation indices: (a) NDVI, (b) LAI and (c) NDWI in 2017, 2018 and 2019

before and after moving average and exponential smoothing
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Figure 3.5 NDVI-, LAI- and NDWI-derived growth stage maps of grapes in Shakardara District (a, b
and c) in 2017, (d, e and f) in 2018 and (g, h and 1) in 2019
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3.3.3 Yield Prediction Models

NDVI, LAI and NDWI images were used to carry out regression analyses with the yield data collected
from 31 vineyards in Shakardara District in 2017, 2018 and 2019. The results showed that the
coefficients of determination for the 2017 yield with NDVI, LAI and NDWI were 0.79, 0.78 and 0.74,
respectively. Similarly, the coefficients of determination for the 2018 yield and NDVI, LAI and NDWI
were 0.77, 0.78 and 0.72 and for the 2019 yield were 0.79, 0.79 and 0.69, respectively (Figure 3.6 (a-
¢)). LAI had similar performances in terms of r> in 2017 and 2018; NDVI had the same performance in
2017 and 2019. In addition, the linear model and nonlinear model were employed for yield predictions.
In the nonlinear model, ANN was employed for further predictions using the MATLAB® environment.
In the ANN analysis, the vegetation indices (NDVI, NDWI and LAI) were referred to as the inputs, and
the yield data collected from Shakardara District were referred to as the outputs. The generated results
showed relationships between yield and NDVI (R=0.94), yield and LAI (R=0.92) and yield and NDWI
(R=10.92) in 2017; between yield and NDVI (R= 0.95), yield and LAI (R= 0.89), and yield and NDWI
(R=0.90) in 2018; and between yield and NDVI (R= 0.92), yield and LAI (R= 0.90) and yield and
NDWI (R=0.85) in 2019 (Figure 3.7 (a-i)). NDVI had higher accuracy values in the machine-learning

approach in all three years than did the other vegetation indices (Table 3.3).

The ground reference yield data were used to evaluate the yield values predicted by conventional
statistics and machine-learning (Figure 3.8 (a-c)). The line charts in Figure 8 (a-c) indicate the
comparison of the ground reference yield data with the predicted yield from conventional statistics in
31 vineyards, and the dash charts illustrate the comparison of the ground reference yield data with the
predicted yield from the ANN approach in 31 vineyards for the years 2017-2019. The error bars in
Figure 8 (a-c) show that the difference between the ANN-predicted yield and the ground reference yield
was much less than the difference between the yield predicted by conventional statistics and the
observed data. Finally, a vineyard yield map was generated from the best model to show the variability
of table grapes among the various vineyards in Shakardara District, Kabul Province (Figure 3.9 (a-c)).
The red areas in the predicted yield maps show restricted regions, and the light green and dark green

areas show the yields in tons per hectare (Figure 3.9).
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Figure 3.6 Scatterplots showing the regression between the vegetation indices and the yield: yield with

NDVI (a), yield with LAI (b) and yield and NDWI (c) in 2017, 2018 and 2019
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Figure 3.7 Scatterplots showing the NN-fit results between NDVI, LAI and NDWI and yield in 2017

(a, d and g), 2018 (b, e and h) and 2019 (c, f and 1)
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3.4 Discussion

Table grapes are a perishable product. To reduce postharvest losses via logistics arrangements in the
supply chain, yield predictions are important. The goal of this study was to create a yield prediction
model for table grapes using satellite-based remote sensing vegetation indices and machine-learning
methods. Certain growth stages were most important for evaluating the vineyard variability throughout
the growing season. Landsat 8 datasets were used to determine the vineyard-based table grape growth
stages such as bud break, flowering, maximum canopy expansion and harvest time. According to the
crop calendar, after July, the vegetation vigor decreased, and grape berries reached the final stage of
ripening. Data about the occurrence times of these stages were considered to be indicators revealing the
characteristics of the vegetation at the surface that were essential for yield estimation (Junges et al.,
2017; Sun et al., 2017). Moreover, vegetation indices such as NDVI, LAI, and NDWI are important
parameters that can reflect near real-time information about the canopy development, crop calendar,

water stress, plant condition and grape yield.

Previous research found that there is a significant correlation between NDVI and vine canopy vigor
(Johnson et al., 2003). Sun et al. (2017) evaluated the relationship between yield and different NDVI
and LAI combinations and found that although the cumulative NDVI and LAI values were not as good
as the NDVI and LAI values from the optimal date at predicting yield, they were better than the
maximum NDVI and LAI values and were more stable across two years in two vineyards in the USA.
Anastasiou et al. (2018) found that satellite based GNDVI values at the time of harvest presented higher
correlations with crop quality characteristics (r = 0.522 for berry diameter, r = 0.537 for pH, and r =
0.629 for berry deformation) than did NDVI (Lamb et al., 2004). However, grape yield prediction is a
very challenging process due to environmental and field management factors. Hence, it is very difficult
to find the best correlation day and then to determine a single grape yield prediction model based on
remotely sensed data (Johnson et al., 2003). Therefore, in this study, we evaluated the correlations
between yield and all maximum indices in all months and found that the associations between grape
yield and the studied indices (NDVI, LAI and NDWI) were very low during the flowering and harvest
periods but relatively high during maximum canopy expansion (Table 3.4). Finally, a time-series
moving average was employed to represent all growing stages, which provided better results than did

the other methods.
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Figure 3.8 Graphs showing the difference between the predicted yield and the actual yield: (a)
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and (¢) comparison of predicted and actual yield by the regression model and ANN model for the year

2019.

33



Table 3.4 Regression between yield and maximum/moving average indices during the specific growth

stages and active growing stages (April to October)

R? value
Indices Growth stages
2017 2018 2019
Flowering 0.15 0.12 0.004
Max-canopy expansion 0.74 0.69 0.78
NDVI
Harvest 0.41 0.72 0.21
Active growth stages 0.79 0.77 0.79
Flowering 0.12 0.12 0.004
A Max-canopy expansion 0.71 0.70 0.76
LAI
Harvest 0.42 0.73 0.21
Active growth stages 0.78 0.78 0.79
Flowering 0.06 0.07 0.02
Max-canopy expansion 0.70 0.62 0.72
NDWI
Harvest 0.41 0.62 0.40
Active growth stages 0.74 0.72 0.69

Table 3.5 The expected mean absolute error of the model predictions for 2017-2019 in Shakardara

District
Mean Absolute Error (ton/ha)
Parameters

2017 2018 2019
Predicted Yield (NDVI in Max canopy expansion stage) 2.4 2.2 1.9
Predicted Yield (LAI in Max canopy expansion stage) 2.6 2.3 2.1
Predicted yield (NDWI in Max canopy expansion stage) 2.6 2.5 2.2
Predicted yield (NDVI in active growth stages linear regression) 2 1.8 1.9
Predicted yield (LAI in active growth stages linear regression) 2.1 1.7 1.9
Predicted yield (NDWI in active growth stages linear regression) 2.3 1.9 2.3
Predicted yield (NDVI ANN) 1.4 1.4 1.3
Predicted yield (LAI ANN) 1.3 1.2 1.5
Predicted yield (NDWI ANN) 1.3 1.5 1.5
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Figure 3.9 Predicted yield map with (a) NDVI (2017, 2018 and 2019), (b) LAI (2017, 2018 and 2019),

and (¢) NDWI (2017, 2018 and 2019) in tons per hectare

The results indicated that NDVI had higher accuracy in the machine-learning approach in all three years

than did the other vegetation indices; NDVI explained almost 79% of the variability in two years, and

the predicted yields from NDVI exhibited RMSE values of 2.5, 2.6 and 2.8 tons per hectare in 2017,

2018 and 2019, respectively. The RMSE values obtained for LAI were 2.3, 2.2 and 2.4 tons per hectare

in 2017, 2018 and 2019 and those for NDWI were 2.3,2.4 and 2.9 in 2017, 2018 and 2019, respectively

(Figure 3.8 (a-c)). The analysis of the mean expected absolute errors revealed that the ANN mean

absolute error was much lower than those of the other prediction methods (Table 3.5). Previous studies
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used a machine-learning approach for grape yield predictions by creating a CNN to detect grape clusters

from ground images (Santos et al., 2020).

It is worth mentioning that the ANN model performance for the prediction of grape yields had better
performance than did the conventional statistical regression (Figure 3.8 (a-c)). In addition, in this study,
the predicted yield maps were developed at the regional level (Figure 3.9 (a-c)). To increase the model
accuracy, increasing the size of the training set, including more predictor variables, and using time-
series data with shorter revisit cycles are essential. The main constraint in this research was the absence
of more seasonal datasets from field observations, which is due to a lack of resources and field security.
However, three years of ground reference yield prediction datasets along with satellite remote sensing
data could help the government and stakeholders develop a better marketing strategy to decrease pre-

and postharvest losses of grapes.

3.5 Conclusion

Vineyard yields may be assessed using NDVI, LAI, and NDWI at various phases of table grape
development. To track the progression of growth phases and pinpoint the stages of table grape
production, we used moving average and exponential smoothing to eliminate seasonality from the time
data. This is why April was referred to as bud break in the development trajectory research. The month
of May was found to be the lushest (thus, the time for flowering). The vegetation peaked in July, and
harvesting may begin at the end of September or the beginning of October. To further anticipate grape
production throughout the season, several vegetation indexes (NDVI, LAI, and NDWI) were utilized.
The satellite-based remote sensing yield estimations were evaluated using ground reference data. In
addition, the coefficients of determination were used to assess the prediction models. In both 2017 and
2019, NDVI had the most accuracy (r2=0.79) of all the vegetative indices, while in 2019, LAI had the
highest accuracy (r2=0.79) of all the indices. For 2017 (R=0.94), 2018 (R=0.95) and 2019, machine
learning findings suggested that NDVI had the best accuracies (R=0.92). Using this model, grape yields
may be estimated and yield maps with regional variability can be developed. Predicting table grape
production at various development stages was made possible by the use of satellite-derived vegetation
indicators (NDVI, LAI, and NDWI). This study aids farmers in determining the ideal time to harvest
and helps stakeholders better understand the many development phases of grapes for site-specific

management.
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Chapter 4
Yield Loss Estimation of Grapes at Macro Scale Using Composite
Drought Index from Satellite Remote Sensing-based Time Series Datasets

4.1 Background of the Research

A drought is a natural catastrophe caused by a lack of precipitation and high temperatures over an
extended time or in a single season as a result of climate change (Shukla et al., 2019; IPCC, 2019; FAO,
2019; Pokhrel et al., 2021; Hermans and McLeman, 2021). The agriculture sector, water resources,
socioeconomics, and environment are impacted by precipitation shortfalls and extended hot
temperatures (Schwalm et al., 2017; Sun et al., 2019; Touma et al., 2015; Badamassi et al., 2020).
Therefore, drought causes losses of irrigated and nonirrigated agricultural crops, food shortages,
famines, migration, and depletion of natural resources in the afflicted area (Matsa, 2021; Adger et al.,

2021; Xu et al., 2021; Lesk et al., 2016).

The first industry affected by drought is agriculture. Drought risk and danger on irrigated and
nonirrigated agricultural areas vary considerably across continents and nations. West, Central, and
South Asia, Eastern Africa, and the eastern portion of Brazil are believed to have a high drought risk
and susceptibility (Meza, et al., 2020). In drought-prone regions such as Afghanistan, Uzbekistan,
Portugal, Spain, Burkina Faso, and Tanzania, agricultural output losses of more than 40% are

anticipated (Li et al., 2009; Guo et al., 2021).

Drought continues to be an uncontrollable element influencing the amount and quality of agricultural
products (Rotter et al., 2013; Potopova et al., 2015). Among all agricultural goods, table grapes are one
of the most extensively spread fruits in the world. Table grape (Vitis vinifera L.) yields are most
vulnerable to climatic variability, including temperature and water availability (Biasi, 2019). The
optimal temperature range for grapevines is thus between 25 °C and 32 °C. If a fall in temperature
below the ideal range limits plant development or if the temperature rises above the optimum, the
photosynthesis rate is lowered owing to the increased respiration (Goldammer, 2018). Under drought
circumstances, water stress has an impact on photosynthesis, yield, and crop quality. Water stress
mostly affects vines during the phenological phases of bloom to pea-sized berry production (late spring
to early summer), resulting in the development of smaller berries. Between veraison and harvest,
grapevines are very vulnerable to water shortages and drought conditions (Hoheisel and Moyer, 2015).

It not only reduces production, but also affects the ripening and quality of fruits throughout the
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following season (Chalmers et al., 2008). As a result, supplying appropriate water supplies for plants
permits adequate rates of photosynthesis and sugar synthesis, hence boosting growth and increasing
cluster weight. In order to limit the effects of drought on vineyards, it is essential to forecast drought

risks and loss estimates.

Conventional techniques for performing drought assessments and identifying drought-affected regions
are time-consuming, costly, and subject to logistical restrictions. Due to a lack of communication
between academics and grape farmers and a lack of technical and institutional skills for horticulture
crops, underdeveloped nations face more logistical challenges. Satellite sensor datasets offer the ability
to overcome such logistical limitations since they are regularly accessible, inexpensive, and may be
used to anticipate the beginning, length, and severity of drought occurrences. Near-real-time evaluations
via effective monitoring utilizing satellite imagery and real-time satellite rainfall data play a crucial role
in limiting the negative effects of drought, since timely knowledge on the extent and severity of drought
may mitigate its effects (Qureshi and Akhtar, 2004). Therefore, agricultural drought leads in decreased
crop and fruit yields, decreased forage, local pasture, and animal production, severe food and nutrition
insecurity, and other economic losses (Sepulcre-Canto et al., 2012; Han et al., 2021). Predicting drought
based on normalized time series satellite datasets of drought indicators has the ability to help irrigation

needs.

Predicting drought using normalized indices may provide result for continuous spatial and temporal
resolutions using historical datasets that cover large geographic areas. Climatic variables such as SPI
and PCI provide tremendous opportunity for assessing precipitation insufficiencies at particular places
across several periods (Mckee et al., 1993). These variables have been used to characterize
spatiotemporal differences in drought features, such as drought event extent, severity, and frequency
(Yao et al., 2020). In addition, the VCI and deviation of NDVI from its long-term mean have been used
for agricultural drought monitoring. Furthermore, TCI may be utilized to identify vineyard stress due
to high temperatures (Kogan, 1995a). In addition, crop water stress is closely correlated with the NDMI
(Baluja et al., 2012), and this indicator is essential for vineyard drought forecasts since water stress has
a significant impact on the quality of table grapes (Goi et al., 2011; Di Vittori et al., 2018). Individually,
these vegetative indexes have been used to monitor drought. As drought includes several elements,
however, confidence in the capacity of a single measure to forecast drought severity is lacking. Using

a mathematical model to combine drought-related indicators into a composite drought index, each
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parameter may have a greater impact on detecting drought-affected vineyards and estimating yield

losses.

PCA has an advantage over other mathematical models in that it may include weights into the parameter
values, which can then be used as an index to anticipate the results of the model assessment. On the
other hand, the majority of remote sensing and GIS-based (Geographic Information System) research
has used the analytic hierarchy process (AHP) as well as fuzzy logic techniques. Weights are used as
judgements in accordance with the views of experts to imply the likelihood of bias when using AHP
procedures (Mubhsin et al., 2018). In addition, fuzzy sets on their own lead to poorly managed weights
for each component or parameter, and they are dependent on a multicriteria decision making (MCDM)
method, which is still another kind of subjectivity (Purnamasari et al., 2019b). In hydrological and
atmospheric science research, principal components analysis (PCA) is an objective method that is
employed to extract the effects of factors in the observed datasets (Barnston and Livezey, 1987; Bayissa
et al., 2019). In light of this capacity, the principal component analysis (PCA) technique was included
in this investigation as an alternate approach to the task of quantitatively determining the weights of

input variables in order to produce a composite drought index.

In very few cases, the CDI has been utilized to differentiate between years of drought and years without
drought (Bayissa et al., 2019). In addition to the establishment of the CDI (Han et al., 2019) for the
purpose of monitoring agricultural and meteorological droughts, a new station-based integrated index
(Jia et al., 2019) has been developed for the purpose of monitoring drought conditions across a wide
range of climate conditions. In addition, a combined drought index known as CDI M was established
in order to monitor the agricultural drought that has been plaguing India and to offer information that
can be used to better manage agricultural drought. In addition, a variety of statistical methods have been

used in order to arrive at estimates of the losses in yield that have been attributed to the drought.

The quadratic equation, multivariate regression model, and the logistic function are all examples of
these approaches (Zhang, 2004; Zhu et al., 2020; Ming et al., 2015; Chen et al., 2019). Using regression
analysis, one of the most common methods is used to identify the relationship between each influencing
variables and the observed table grape yield loss. However, conventional statistical methods are not
strong enough to estimate accurately vineyard output losses. Table grape and other agricultural crop
yield estimate and yield loss calculations have lately employed machine learning, such as random forest
and ANN algorithms (Monteiro et al., 2021; Zhu et al., 2020; Arab et al., 2021). When it comes to
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machine learning approaches, the use of artificial neural networks (ANNS5) to assess yield loss estimate
performance in short time frames has become a common methodology. According to a single indicator,
very few research have been done on drought-related yield loss estimations using machine learning
algorithms. For winter wheat yield reductions, random forest algorithms (Monteiro et al., 2021) and
Bayesian network (BBN) algorithms were used to calculate the frequency of yield reductions (Potopova
et al., 2020) in the southeastern European region, where the SPEI is used for maize, sunflower, and
grapevine losses. Both research indicated that when analyzing drought persistence, machine learning is
a useful strategy as the primary driver of yield loss predictions. ANNs do not need previous knowledge
of the statistical distribution of the studied data to create patterns (Mollalo et al., 2018). Few studies

have been done on the use of an ANN model to forecast drought yield losses.

Therefore, the purpose of this study was to assess grape production losses during drought-affected years
using Bayesian regularized artificial neural networks (BRNNs) and a composite drought index
generated from vegetation, soil moisture, and precipitation weighted using principal component

analysis (PCA).

4.2 Materials and Methods

4.2.1 Study Area

The research location was chosen one of the most drought-prone areas in Southeast Asia; major losses
in grape production have happened in Kabul Province, which is situated in Afghanistan's center region.
Afghanistan had severe droughts from 1998 to 2006, 2008 to 2009, and 2018 as a result of extremely
high temperatures and below-average precipitation, with catastrophic effects for agriculture and food
security (World bank, 2018; Savage et al., 2009; FAO, 2019; Arab et al., 2019). More than 85% of
Afghanistan's population depends on money earned by agricultural goods for living (ACSO, 2019). The
area has a dry and continental climate, with an annual rainfall total of 400 mm, most of that falls between
May to November, and an annual snowfall total of 15-30 cm, most of that falls during the winter. The
average high temperature in July is +25° C, while the average low temperature in January is about -
12 °C. Climate change has caused mean temperature rises of roughly 2 °C through 2050 and 6.3 °C

until the end of the century in recent years (Aich and Khoshbeen, 2016).
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Figure 4.1 The study’s geographical scope and maps: (a) Afghanistan administrative map, and (b)

Kabul Province land cover map based on FAO data.
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Based on the local climate and temperatures Kabul Province is a single crop region (regional rural
economic regeneration strategies (RRERS) provincial profile) and the environment is ideal for
cultivating a variety of vegetables and fruits. Table grapes are one of the most important fresh fruits and
are grown in practically every area in this province. Kabul Province has 71,088 hectares of agricultural
land (irrigated and nonirrigated), 4,000 ha of fruit trees, and 10,599 ha of vineyards, according to the
FAO land use categorization (Figure 4.1). As a result, agricultural and perennial crops play important
roles in the country's economy and rural existence. As a result, table grapes were chosen as the research
item in this study. The entire grape output in the research region was around 115,450 tons in 2020
(ACSO, 2020), accounting for 77% of Kabul Province's total fresh fruit production. Table grapes are
farmed primarily for family use in certain places rather than for commercial objectives. Table grape
output and quality are mostly determined by weather conditions in certain years. The existing growth
practices, along with inadequate irrigation water management, have resulted in major production issues
that did not exist prior to the drought years. Drought has had the greatest impact on yield in this area
because the region is landlocked, and the availability of water for irrigation purposes is primarily
determined by rainfall and snowfall, which feed surface and ground water resources, which are
primarily determined by the amount and distribution of precipitation (Qureshi, 2002). As a result,
drought affects grape harvests, livelihoods, and revenue in this densely populated area; nonetheless,

severe and extended droughts have substantial effects for food security (Arab et al., 2019).

4.2.2 Data Description

4.2.2.1 Satellite Datasets and Data preprocessing

Downloads of Landsat 8 datasets were made from the official USGS website (http://usgs.gov/). Landsat
8 OLI and TIRS images from April to October of each year were utilized for the years 2016 to 2020.
The recent five years were used because the climate variability increased from 1991-2020 in
Afghanistan. Landsat 8 OLI sensor has nine reflective bands, and a TIRS sensor with two TIR bands
(Band 10 and Band 11). The spatial resolution of these thermal bands is 100 meters; however, they are
resampled using cubic convolution at a resolution of 30 meters before being distributed by the USGS
(Gemitizi et al., 2021; Loveland and Irons, 2016). The Landsat 8 OLI and TIRS collection has 2 Level-
1 (C1 Level-1) daytime images were used. Many data processing tasks, including radiometric
calibration and atmospheric correction, were carried out for this product. The scenes were located in
the 152 and 153 paths with 36 rows. Two tiles were mosaiced to cover the whole research area since it
was positioned in two separate satellite tracks. The active growth season of the grape vines, which
begins in April and ends in October before harvesting the table grapes, was affected by the drought.
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The drought indicators were calculated using 114 photos for the seventh month, all taken on the same
day or nearby same dates. Data from the global satellite mapping of precipitation (GSMap) from JAXA
for the years of 2016 to 2020 were also used in this study. Each millimeter per hour measurement on
the JAXA real-time rainfall watch website (https://global.jaxa.jp/) was given. This was done by
analyzing land cover maps for all vineyards in Kabul Province. There are 11 standardized and self-
explanatory land cover classifications defined by the FAO (Figure 4.1). For research purposes, the

similar classes were combined into similar classes.

4.2.2.2 Composite Drought Indices
The composite drought index was formulated using five input parameters. These parameters included

the DEV, VCI, TCI, PCI and NDMI.

4.2.2.2.1 Deviation of NDVI (DEV of NDVI)

The drought severity index was calculated using the normalized differential vegetation index data
acquired over the growing seasons of 2016 to 2020. First, NDVI values were computed using the near-
infrared and red bands of the Landsat 8 imaging data collection (Sellers, 1985). The deviation of NDVI
from its long-term mean can be utilized to understand vegetational changes caused by climatic
influences. This deviation is determined as the difference between the current NDVI value and the long-

term monthly mean NDVI for each pixel (Johnson et al., 1993). The following equation was used:

DEVxpyi= NDVI;- NDVIpean m (4.1)

where NDVI; ;is the current NDVI image for pixel i at time j and NDVI,, and NDV1,,.;, are the absolute
maximum and minimum NDVI values, respectively, calculated for each pixel using the entire NDVI

record (2016-2020).

4.2.2.2.2. Vegetation Condition Index (VCI)
The VCI approach was suggested by Kogan (1990, 1995a). This index indicates how near the current

month's NDVI value is to the lowest NDVI determined from long-term data. It was created by
transforming the NDVI values of each location and pixel from 0 to 1 (Kogan et al, 2019). The VCI can

be expressed as follows:

NDVI;j — NDVIpin

VCI =
NDVImax — NDVIgin

(4.2)
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where NDVI; ;is the current NDVI image for pixel i at time j and ND V1, and NDVL,, are the absolute
maximum and minimum NDVI values, respectively, calculated for each pixel using the entire NDVI

record (2016-2020).

4.2.2.2.3 Temperature Condition Index (TCI)
Kogan (1990, 1995a) has proposed the TCI, which is computed in the same way as the VCI but is based

on the land surface temperature (LST) normalization of each pixel using the maximum and lowest
temperatures in the provided time series (the higher the temperature, the more severe the drought)
(Kogan et al, 2019). Using the thermal bands of Landsat 8 TIRS data, the LSTs were computed (Tariq
et al., 2020). The TCI can be expressed as follows:

LSTax- LST;;
TCl= ——— 4.3
LSmax- LSTmin ( )

where LST; ;is the actual land surface temperature for pixel i at time j and LST; ni» and LST; .x are the

minimum and maximum LSTs, respectively, of pixel i at time j for the entire study period (2016-

2020).

4.2.2.2.4 Normalized Difference Moisture Index (NDMI)
This variable has a strong relationship with canopy moisture content (Hardisky et al., 1983). It was

generated from NIR and SWIR bands and can be represented as follows:

NDM= S SWIR (4.4)
NIR + SWIR

where NIR is the near-infrared wavelength reflectance ranging from 0.85-0.88 pm and SWIR is the

shortwave infrared wavelength reflectance ranging from 1.57-1.65 um in Landsat 8 OLI images.

4.2.2.2.5 Precipitation Condition Index (PCI)
The PCI was calculated by comparing the current precipitation values with the long-term maximum and
minimum precipitation values. The JAXA rainfall GSMap datasets were used to calculate the PCI

(Zhang and Jia, 2013). It can be derived from the expression shown below:

PCl = PCl;j — PClmin

" PClmax — PClmin @5)
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Where PCI; is the precipitation at the current date and month for each zone and PCl,.. and PCl,,,;, are
the maximum and minimum precipitation, respectively, calculated for each pixel using the entire

NDVI record from 2016 to 2020.

4.2.2.2.6 Standard Precipitation Index (SPI)

To measure precipitation shortfalls at a specific place across various periods, McKee developed SPI
index in 1993. Finding the probability density function that most accurately describes the distribution
of the precipitation data across the various time periods is the first step in the SPI computation. The
hourly rainfall information from the global rainfall map (GSMap, JAXA) was applied independently
for each month over the course of five years, from 2016 to 2020. The link between probability and
precipitation is defined by fitting each data point to the gamma probability density function with the
shape and scale parameters. The gamma cumulative distribution function transforms to the standardized
normal cumulative distribution function using an equal-probability transformation, which has a mean
and standard deviation of zero and one respectively. The benefit of this standardization is that it ensures
that the frequency of severe dry and wet occurrences has constant values throughout time and place. A
continuous random variable X is connected to a gamma distribution. This is how the X's of p.d.f are

explained:

X

1 B
g(X) mxa-l xe B forx>0 (46)

where o > 0 is a shape parameter, § > 0 is a scale parameter, x>0 is the quantity of rainfall, and I'(a) is

the gamma function. This is how the gamma function is defined in the following.

I'(o)= f oox“"l"‘_X dx (4.7)
0

Adjusting the gamma distribution to the data set requires the o and  parameters to be estimated through

the maximum likelihood estimation using the following approximation:

a1 4A
a—4A<1~l— 1+ 3) (4.8)
F== (4.9)
A =Ingx_2mx (4.10)
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where n represents the observations. By integrating the probability density function with respect to x
and inserting the estimates of the a and [ yields, an expression for the cumulative probability G(x) of

an observed amount of precipitation occurring for a given month and time scale can be obtained.

G(x)- f o) —— f A (4.11)
0 BT (@) o b

Substituting t for x/B" reduces the equation shown above to the following expression.

1 [*.
G(x)== f x&1 etdt (4.12)
la 0

The gamma distribution is undefined when x =0 and q =P (x = 0) > 0, while P (x = 0) is the probability
of zero (null) rainfall. As a result, the cumulative probability distribution function is written as follows.
H (X)=q+(1-q) *G(x) (4.13)

The above approach, while simple, is not practical for computing SPI values for large numbers of data
points. Following Edwards and McKee (1997), we employ the approximate conversion provided by

Abramowitz and Stegun (1965) as an alternative.

C0+ Clt"' Cy t
Z=SPI= - t- 5 for o<H(x)<0.5 (4.14)
1+dt+d, t™+ dy 8
Co+ CIH‘ Cy t
Z=SPI=+( t- . for 0.5<H(x)<1  (4.15)
1+dt+d, ™+ dy £

4.2.2.3 Ground Reference Datasets

A field survey was conducted in the Kabul Province during November and December of 2020 to collect
information on the yield of vineyards. Therefore, a GPS receiver (Garmin®) was used to capture the
geographical position of each vineyard (Appendix 4.1). 100 vines in 44 villages and eight regions were
chosen at random to compile the data. During the field survey, waypoints (x, y coordinates) were
gathered for every vineyard in Kabul Province (Specifically form Farza, Shakardara, Deh Sabz, Istalif,
Qarabagh, Mir Bacha Kot, Guldara and Kalakan Districts). These waypoints were used as Landmarks
to determine vineyard placement. Then, each vineyard in Kabul Province was represented by a polygon
created using Google Earth Pro®. End of September and beginning of October is the optimal season to

harvest grapes in the Kabul province.

The process of harvesting was done conventionally in Kabul Province, according to the results of the
field survey. With shears, a minimum of four centimeters of stem was removed from the grape cluster.
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Crates were used to transport the grapes. After harvesting, the grapes were kept in a covered location
until they were ready to be packed. As soon as feasible after harvesting, the grapes must be packaged
and chilled to storage temperature. It's difficult to store fresh grapes for an extended amount of time

since they have a limited shelf life, particularly without refrigeration.

4.2.3 Methods

4.2.3.1 Composite Drought Index

In this study, agricultural and climatic parameters (DEV, VCI, TCI, SPI and NDMI) were used to
develop drought maps for drought affected years (2016-2020) (Figure 4.2). Landsat 8 OLI and TIRS
scenes were used to develop the drought indices, and JAXA rainfall data were used to calculate the PCI
and SPI values. The drought periods considered in this research were within in the active growing period
of the vines, which started in April and ended in October of each year. Thus, grapes are a perennial crop
that were selected to determine the effects of drought on yield and to evaluate the relationships between
composite drought indices and table grape yields during the vine growing season (April-October). To
determine the contribution of each parameter, the drought layers were weighted by PCA to create a
composite drought indicator (Table 4.1). The PCA must build a square (p X p), where p is the number
of variables, and a symmetric correlation matrix to describe the correlation matrices. Therefore, a 5X5
correlation coefficient matrix was developed using the zonal mean values of five input parameters. The
matrix was used to compute the eigenvectors, which were then used to transform the input parameters
into different orthogonal principal components (PCs). Since the PCs are orthogonal vectors, it is
impossible to combine them into a single vector by applying mathematical expressions (Keyantash and
Dracup, 2004; Avena et al., 1999; Bayissa et al., 2019). The eigenvectors reveal the relationships
between the principal components and the original data. The first PC1 showed the most variability
among all input parameters. The following expression was used to combine all input parameters, and

the contribution of each parameter is explained in Table 4.1 The CDI developed is as follows:

CDI,=W__
Ve

1’

XVCI o+ Wy, DEVym +Wypyity * NDMyt Wy +PCLm + Wigx TCL - (4.14)

ym peiy

where CDI is the composite drought index, y is the year (2016-2020), m is the zonal mean, W , is the
PCA weight of each parameter for a specific year (2016-2020), VCI is the vegetation condition index,
DEYV is the deviation of NDVI from the long-term mean, NDMI is the normalized difference moisture

index, PCI is the precipitation condition index and TCI is the temperature condition index.
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4.2.3.2 Validation of the Composite Drought Index with SPI

In this study, an independent variable (standard precipitation index) was used for the CDI validation.
The SPI was developed by McKee in 1993 to quantify precipitation deficits at a given location over
multiple timescales. The SPI shows the rainfall deficit of a given region. The first step in the SPI
calculation involves finding the probability density function that best describes the distribution of the
precipitation data over the different considered time scales. This method was applied separately for the
hourly rainfall datasets obtained for each month from the global rainfall map (GSMap, JAXA) over the
five years from 2016-2020. To maintain the seasonal effect of rainfall on vegetation, the monthly SPI
was calculated. Each data point was fitted to the gamma probability density function with shape
parameter o and scale parameter [ to define the relationship of the probability of precipitation. With an
equal-probability transformation, the gamma cumulative distribution function converged to the
standardized normal cumulative distribution function with a mean of zero and a standard deviation of
one. This standardization provides the advantage of spatially and temporally consistent values of the
frequency of extremely dry and wet events (Edwards and McKee, 1997). SPI-1 represents the short-
term conditions of soil moisture and crop stress on a relatively short time scale. In this case, for SPI-1,
hourly rainfall datasets from a global rainfall map were used to investigate the drought association with
the composite drought indicator. Since the drought period was considered from April to October in each
vineyard, a 7-month mean SPI was used for comparison with the composite drought index.In this study,
all analyses were performed by using ArcGIS 10.8, Microsoft Excel, MATLAB and the SPSS
interface® for the geospatial and remote sensing analyses, and the weighted overlay technique was

applied for the multiple indices, mathematical and statistical analyses (Figure 4.2).

Table 4.1 Average weight values estimated by PCA for individual indices for 2016-2020

Year VCI DEV NDMI TCI PCI Total
2016 0.26 0.20 0.18 0.25 0.10 1
2017 0.25 0.17 0.26 0.16 0.16 1
2018 0.30 0.24 0.14 0.17 0.16 1
2019 0.14 0.23 0.30 0.29 0.04 1
2020 0.17 0.27 0.28 0.19 0.10 1

4.2.3.3 Evaluation of Yield Variations due to Drought using BRANNs
According to the FAOQ, different factors affecting agricultural yield cause yield losses, such as weather,

extreme factors, policy, innovations, and management trends (FAO, 1999). In this study, only drought-
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related yield variations were considered. In this regard, first, all vineyards overlaid over the CDI drought
map and affected vineyards under extreme to moderate drought were masked. Subsequently, a Bayesian
regularized neural network (BRANN) model was run in each drought category to calculate the yield
loss during the drought periods of 2016 and 2018. Bayesian ANNs incorporate Bayes’ theorem into the
regularization scheme. This scheme is more robust than standard backpropagation nets and can reduce
or eliminate the need for lengthy cross-validations. BRANNs are powerful mathematical models that
provide solutions with a number of problems to reduce the potential for overfitting (Burden and Winkler,
2008; Mackay, 1992). These models consist of a number of neurons in the input, hidden and output
layers. The number of hidden layers was chosen based on the performance of each model (1-10). In this
regard, the CDIs based on the VCI, TCI, NDMI, DEV, and PCI were selected as the input layer, and
the grape yield in each vineyard was selected as the output layer. The number of hidden layers was
selected based on the performance of each model. Finally, 10 hidden layers were selected for each
model. The number of neurons corresponded to the number of selected predictors in each model, and
the number of iterations was equal to the number of observations. Therefore, we chose 70% of the data
for training and 30% for testing. The performance of each model was evaluated using the MSE value
and R-value. The table grape yield losses that occurred due to drought were calculated in each vineyard
in 8 surveyed districts of Kabul Province for the periods of 2016 and 2018. The variations were observed
based on the predicted yield and observed yield. The table grape yield loss was calculated using the
difference between the predicted yield and observed yield from the CDI values using BRANN
techniques. It is worth mentioning that the impacts of pests, diseases and flooding were ignored in the
yield loss calculation because this study considered only yield losses that occurred due to extreme
weather or drought conditions. The yield loss percentage was calculated using the following expression:

Yield loss === x100 (4.17)

(4]

where Yo is the observed yield collected from the field survey and Y, is the simulated yield obtained

from the CDI during 2016 and 2018 (Wang et al., 2020).

4.3 Results
4.3.1 Drought Assessment using CDI

In this study, drought conditions were monitored in the vineyards of Kabul Province from 2016-2020
using composite drought indices. First, the CDI was developed from input parameters (VCI, TCI, PCI,
DVE and NDMI) at the district level and composite by PCA weight for the period 2016 to 2020. The
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PCA assigned weights were the highest for VCI (26%) and TCI (25%) for 2016, VCI (25%) and NDMI
(26%) for 217, VCI (30%) and DEV (24%) for 2018, NDMI (30%) and VCI (29%) for 2019 and DEV
(27%) and NDMI (28%) for 2020. To determine the drought intensity and severity, the drought maps
were classified based on the Kogan drought classification method, and the classes are explained in Table
4.2. According to Kogan, when all parameter values are less than 10% (0.10), an area is affected by
extreme drought; however, when all parameter values are above 40% (0.40), wet conditions are
observed (Table 4.2). The CDI result indicated that 2016 and 2018 were drought and 2017, 2019 and
2020 were wet or lower wet observed (Figure 4.3). According to the obtained results, 2018 was the
most extreme drought period in Kabul Province, and the extreme drought intensity in this year was
higher in the southern, central and northern regions (Bagrami, Khak-e-Jabbar, Musahi, Chara Asyab,
some parts of Kabul city, Shakardar, Kalakan and Qara Bagh) of the province than in other regions.
However, the severe drought condition was also high in all 14 districts (Bagrami, Chahar Asyab, Deh
Sabz, Farza, Guldara, Istalif, Kalakan, Khaki Jabbar, Mir Bacha Kot, Mussahi, Paghman, Qarabagh,
Shakardara and Surobi) include the Kabul city. In contrast, in 2016, almost all parts (Bagrami, Chahar
Asyab, Deh Sabz, Farza, Guldara, Istalif, Kalakan, Khaki Jabbar, Mir Bacha Kot, Mussahi, Paghman
and Qarabagh) of Kabul Province, including Kabul city, experienced severe to marginal stress of

drought (Figure 4.3).

In the dry years of 2016 and 2018, the total agricultural areas (agricultural lands including all irrigated
and nonirrigated lands, fruit trees, vineyards, rainfed and nonrainfed rangelands, forest, and shrubs)
affected by extreme drought and moderate drought were 17,264 ha and 36,337.5 ha, respectively.
However, 1,053 and 1,290.9 ha of vineyards were observed to be affected by extreme to marginal
drought, respectively, from 2016 to 2018 (Figure 4.4). Wet years were observed in 2017, 2019 and
2020 in the study area (Figure 4.3). According to the obtained results, the affected areas were 0, 0 and
0.9 ha in 2017, 2019 and 2020, respectively. Figure 4 shows the affected area as a percentage of the
total area and indicates that the drought-affected areas in 2016 and 2018 were 68% and 90% of the total
area of all districts, comprising 18.6% and 40% in agricultural fields and approximately 10% and 13%
in vineyard fields, respectively (Figure 4.4 and Table 4.3). However, the total affected areas in the wet
years of 2017, 2019 and 2020 were 5%, 1.7% and 8.3% respectively. Since the percentage of affected

areas were less than 10%, we considered them as a wet year.
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Figure 4.4 Percentage of affected agricultural land and vineyards in extreme to moderate drought

conditions in Kabul Province from 2016-2020

Table 4.2 Drought classification system using the CDI values derived from several indices

Drought classes VCI, TCI, DEV, PCI and NDMI CID

Extreme drought VCI<0.10 VCI<0.10
Severe drought 0.10<VCI<0.20 0.10<VCI<0.20
Moderate drought 0.20<VCI<0.30 0.20<VCI<0.30
Marginal drought 0.30<VCI<0.40 0.30<VCI<0.40
No drought VCI >0.40 VCI >0.40

4.3.2 Validation of CDI with SPI

The SPI-1 result indicated that in February 2016 Bagrami, Chahar Asyab, Guldara, Deh Sabz and

Shakardara districts experienced severe to extreme drought conditions and the SPI values were -2.5, -

1.3, -1.2, -1.2 and -1.3 respectively. However, in December 2016 only two districts Bagrami and
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Paghman were experienced extreme dry conditions -2.5 and -1.03 respectively. Besides, in January

2018 Bagrami and Surobi have experienced extremely dry conditions -2.5 and -1.02. respectively.

Moreover, June, July, August, November and December were experienced mild dry conditions.
Although in 2017, 2019 and 2020 all the provinces experienced mild dryness during the summer
especially in June because Afghanistan is a dry country and there is no rainfall during the summer in
Kabul Province (Figure 4.5). Subsquently, the CDI values were validated with the time series of SPI
from 2016 to 2020, which was developed using JAXA rainfall data. Since Afghanistan is a landlocked
and dry country, it is dry almost all summer and lacks rainfall to lessen the effect of the existence of
severe drought in all years; thus, to determine the effect of drought in the entire table-grape-growing
season, we averaged the data over the entire growing season (April to October). The results indicated
that the zonal mean CDI and 7-month mean SPI-1 were significantly highly correlated during the active
growing stages of vineyards (r>= 0.64) (Figure 4.6). The highly correlation of CDI with the SPI-1
indicated the potential use of CDI for developing a drought evaluation and early warning systems for

Kabul Province in Afghanistan.
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Figure 4.5 Standard Precipitation Index (SPI) using JAXA cumulative rainfall for the years of 2016 to
2020
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Table 4.3 The affected areas based on drought classes in agricultural lands and vineyards in Kabul
Province from 2016 — 2020

Extreme Severe Moderate Total area
Years Classes
drought drought drought (ha)
Total area 2792.97 55379.25 256739.9 314912.2
2016 Agricultural land 607.8 3823.9 12832.3 17264
Vineyards 13.1 145.7 894.6 1053.4
Total area 0 4.5 21787.47 21791.97
2017 Agricultural land 0 1.98 5357.52 5359.5
Vineyards 0 0 303.03 303.03
2018 Total area 45511.56 262928.8 127616.9 436057.3
Agricultural land 797.5 11538.3 24001.7 36337.5
Vineyards 14.6 271.4 1004.9 1290.9
Total area 0 0.09 14.49 14.58
2019 Agricultural land 0 0.09 8.9 8.9
Vineyards 0 0 0.18 0.18
Total area 8.91 573.93 37943.28 38526.12
2020 Agricultural land 0.9 147.5 3937.9 4086.3
Vineyards 0.18 15.8 2344 250.4
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Figure 4.7 Scatterplots showing the BRNN results between the yield and CDI in 2016 (a and b) and
2018 (c and d).

4.3.3 Variation in Table Grape Yield

The yield variations or losses were calculated in each surveyed vineyard at the farm level using
BRANNS for the drought-affected years of 2016 and 2018. The yield losses were calculated in vineyards
affected by extreme to moderate drought (It means that only three drought categories were considered
such as extreme, severe and moderate categories). According to the results, no vineyards were under
extreme drought conditions; therefore, we only considered severe and moderate drought conditions
categories for further analysis. Before, running the BRANNs model the affected vineyards were found
by extracting each vineyard with CDI map. The result indicated that 17 and 26 vineyards were in severe
drought categories out of 100 vineyards in 2016 and 2018, respectively. Though, 55 and 45 vineyards
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were in moderate drought categories out of 100 vineyards in 2016 and 2018 respectively (Table 4.4).
The BRAAN-generated results showed the spatial and temporal relationships between the yield and
CDI in 2016 and 2018 (R=0.87 and R=0.94, respectively) under severe drought conditions and between
the yield and CDI in 2016 and 2018 (R= 0.85 and R=0.80, respectively) under moderate drought
conditions (Table 4.4). The results indicated that higher accuracies were obtained for severe drought
areas in 2018 than in 2016. However, in moderately drought-affected areas, the accuracy in 2016 was

greater than that in 2018 (Figure 4.7).

Table 4.4 Bayesian regularized neural network (BRANN) results, showing the severely and moderately

drought-affected vineyards in 2016 and 2018.

Number of Hidden layers
Year ) CDI Classes BRNNs Parameters
vineyards MSE R -Value
Training 70% 5.1 0.86
~
17 < Testing 30% 0.74 0.97
S
Overall 100% 42 0.87
2016
Training 70% 0.95 0.77
«@
55 = Testing 30% 1.9 0.93
S
Overall 100% 0.99 0.85
Training 70% 3.1 0.94
N
26 < Testing 30% 2.3 0.96
S
Overall 100% 5.5 0.94
2018
Training 70% 0.98 0.79
“Q
45 it Testing 30% 6.9 0.84
S
Overall 100% 0.89 0.80

In Kabul Province, within the 2-year drought periods, there significant deficits were measured in the
table grape yields the highest rate of loss 3.4 ton/ha and 4.9 ton/ha under severe drought conditions in
2016 and 2018, respectively (Figure 4.8 and 4.9). However, 2016 had the highest rate of loss of 4.1
ton/ha, and 2018 had a loss of 4.6 ton/ha in the moderate drought classes (Appendix 4.2, 4.3, 4.4 and

4.5). This result indicates that farmers learned from past drought conditions and used coping strategies

such as high-efficiency irrigation systems.
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Figure 4.8 Percentage of yield losses: (a) the yield variations under severe drought conditions in 2016

and (b) the yield variations under moderate drought conditions in 2016

4.4 Discussion

Drought is one of the major problems in the world and significantly impacts agricultural products and
farm returns. To support farmers during extreme drought periods, it is important to identify drought-
affected fields and the extent of the yield losses. In this research, a drought-affected vineyard-based
CDI was developed from the VCI, TCI, NDMI, DEV and PCI. The active growth stages of table grapes
were considered because table grapes are perennial crops that need water throughout their different
growth stages. Water shortages that occur due to drought decrease the yield and quality of table grapes
(Permanhani et al., 2016). Furthermore, Landsat 8 OLI and TIRS and JAXA rainfall datasets were used
to develop the composite drought index. The CDI results indicated that 2016 and 2018 were drought
years; however, 2017, 2019 and 2020 were observed as wet and mildly wet years (Figure 4.3). The
CDI values were validated using the SPI-1 values for each district of Kabul Province. The results
indicated that the CDI was highly associated with the SPI. Therefore, when the SPI increased, the CDI
also increased. Similarly, when the SPI decreased, the CDI also decreased, indicating the drought

severity (Figure 4.6). Based on validations conducted in previous studies that combined drought
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monitoring index values based on precipitation, temperature, evapotranspiration, and vegetation, the
correlations between the vegetation drought synthesized index and SPI1, SPI3 and SPI6 (r = 0.20, 0.26

and 0.50) were found to be relatively higher than the correlations of the single indices (Han et al.,

y2019).
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Figure 4.9 Bar charts showing the percentage of yield loss: (a) the yield variations under severe drought

conditions in 2018 and (b) the yield variations under moderate drought conditions in 2018.

Good agreement between the combined drought indicator for Ethiopia (CDI-E) and Enhancing National
Climate Services (ENACTSS) 3-month SPI values was obtained over most parts of Ethiopia with a
correlation coefficient greater than 0.6 during the Kiremt season (Bayissa et al., 2019), and the
validation of a new agricultural drought index (ADCI) (incorporating precipitation, the vegetation
condition index, the temperature condition index and the evapotranspiration index) with the SPI showed

a significantly strong correlation with an r? value of 0.60 (Badamassi et al., 2020).

In this study, after identifying drought-affected years, the CDI was classified into 5 drought categories.

Based on these categories, affected pixel values were converted to areas (hectares), and then the
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percentage of each affected area in each year was calculated. During 2018, almost 39% of the
agricultural area was affected by drought (Figure 4.4). Furthermore, a nonlinear machine learning ANN
model was used to estimate the yield losses in the 2016 and 2018 drought-affected years (Figures 4.8
and 4.9). The results showed that the simulated yields had good performances when compared with the
observed yields, and the 12 values were 0.87 and 0.94 in the severe drought class and 0.85 and 0.80 in
the moderate drought class for 2016 and 2018, respectively (Figure 4.7). According to the results, some
vineyard yields were significantly correlated with the simulated yields. The yield variation results
indicated that the yield losses in Kabul Province varied from year to year, with the drought intensity
and from one cultivar to another. The yield variations in each class in both years indicated that in drier
atmospheric conditions, the risk of yield loss was higher. Some varieties of grapes were resistant to
drought. However, in general, the water contents of fruit and the size of fruit decrease due to drought.

Once the quality of the fruit decreases, farmers usually suffer from lower returns.

4.5 Conclusion

Satellite remote sensing information has the ability to be used to detect droughts and gather data during
droughts. The CDI was created in this study to monitor agricultural dryness in Kabul Province's
vineyards from 2016 to 2020. The agricultural drought in Afghanistan's Kabul Province was studied
using five different input parameters, including the VCI, TCI, DEV of the NDVI from five years of
data, the NDMI, and the PCI. Weighting each parameter was done using PCA, an adaptive data analysis
approach. Models that are more resilient than ordinary back-propagation nets minimize cross-validation
time for calculating grape yield loss. The BRANN is one of these robust models. In comparison to
regression models, the Artificial Neural Network (ANN) model is more adaptable and can calculate,
predict, and classify data with more precision (Ali et al., 2016). Using JAXA rainfall data and one
meteorological station, the CDI was calculated. Short-term soil moisture and crop stress data were
disclosed by SPI-1 measurements. Kabul Province had moderate to severe drought in 2016 and 2018,
according to the CDI data. Finally, yield losses were computed for vineyards that had been afflicted by
moderate and severe drought. The study discovered that the drought had severely harmed vineyards in

2018, with crop losses in 2018 being much higher than in 2016.

It is more useful to monitor droughts using satellite remote sensing rather than traditional approaches.
Ground- or station-based meteorological and hydrological measurements, such as precipitation; air
temperature; soil moisture; evapotranspiration; and surface runoff; are often used in conventional

drought monitoring techniques Computed drought maps may help producers, government agencies,
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and non-profit organizations estimate the impact of lower agricultural outputs on table grape yields.
Also, crop insurance companies may use this strategy to estimate the size of payments. Additionally,
tracking the losses caused by droughts may help find effective strategies to adapt to changing weather

patterns, such as growing drought-resistant vines and implementing water saving tactics.
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Chapter 5
Drought Severity Analysis for Regional Vineyard Production
Management Using Landsat OLI and CHIRPS Datasets

5.1 Background of the Research

Drought is a complex environmental phenomenon that appears within a territory due to the absence of
rainfall, which causes water scarcity in a region or in a continent (Heim, 2002). Droughts could be
investigated from different angles: (a) climatic, (b) agrarian, (c) hydrological, and (d) socioeconomic.
Meteorological drought reduces precipitation, agricultural drought reduces soil moisture, hydrological
drought increases runoff and reduces water storage, and socioeconomic dry spell reduces water resource
and increase need in a region. All types of droughts have an impact on the environment, agriculture,
and society (Wilhite and Glantz, 1985; Wilhite, 2000; Dai, 2011; Zhang et al., 2022). The impact of
drought on the agriculture sector is nearly 82% greater than that on other sectors, at only 18%. Drought
causes more than 34% of crop and animal production losses in the underdeveloped countries as well as
nations with low and moderate incomes (FAQO, 2021). Asia is the most vulnerable region, with a drought
loss of approximately fourth nine billion USD, followed by Africa at thirty billion USD and Latin
America and the Caribbean at twenty-nine billion USD. Therefore, agricultural drought assessment
indicates an increase in drought occurrence from spring to summer, which is the typical time for

agricultural and vineyard growth. (Meng et al., 2017; Spinoni et al., 2018; Arab et al., 2021).

dryness assessments in vineyards are essential because grapevines are one of the most sensitive fruits
in the world and are susceptible to water stress. During the summer, when high evapotranspiration is
combined with extremely low precipitation, grapevines suffer severe growing issues. Different methods
have been utilized for dry spell evaluation and monitoring all over the planet, including (1) in situ
measurements and (2) remote sensing-based observations. Agriculture drought monitoring in the field
is the most appropriate and ancient style (Maes and Steppe, 2012; Ford and Quiring, 2019). They are
dependent on field observations during drought periods in order to have information regarding hydro-
climatic, agronomic and plant requirements during climate fluctuations (Kanellou et al., 2008). Most
drought assessments require precipitation information; however, many parts of the world have
insufficient rain-gauge networks (Anderson et al., 2011). In this circumstance, remote sensing sensors
spatial and temporal scenes (Landsat 8, 30 m resolution, 15-day interval; MODIS 250 m, 16-day
interval; and Sentinel 2 m resolution, 10-day interval; JAXA and CHIRPS rainfall) have the potential
to capture the spectral signature of the soil surface and canopy information for drought assessment,

particularly in the red, near-infrared, shortwave infrared, and temperature spectral bands. Since 1999,
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the United States Geological Survey (USGS) and the Climate Hazard Center (CHC) have been
developing CHIRS datasets at the University of California to produce long-term rainfall maps all around
the world, particularly in areas where ground data are scarce. CHIRS has a long-term precipitation
record from 1981 to the present day (Funk et al. 2015). The usage of remote sensing images and
CHIRPS rainfall in agronomic dryness assessment is based on the notion that drought can influence soil
and vegetation biophysical and chemical parameters of soil, soil moisture, organic matter, vegetation
biomass, chlorophyll, canopy and soil temperature (Anjum et al., 2011; Shahzaman et al., 2021; Arab
et al., 2022). Dry spell can induce a decrease in plant growth that can be seen by satellite. Globally, the
assessment of drought impacts on vegetation and agricultural fields is a challenging and difficult task.

However, satellite-based drought indices overcome some of these limitations, especially in large areas.

The utilization of sensor-oriented plant growth indicators for drought analysis on a broad scale began
in thel980s (Tucker et al., 1986). Since then, various indices, including the normalized difference
vegetation index (NDVI) (indices derived from NDVI such as standard vegetation index (SVI) and
vegetation condition index (VCI)), normalized difference moisture index (NDMI), normalized
difference water index (NDWI), standard precipitation index (SPI), temperature condition index (TCI),
vegetation health index (VHI), and others, have been employed to measure drought on regional and
global scales for wheat, maize, paddy, soybean, tea, and other crops (Aulia et al., 2016; Agutu et al.,
2017; Wang et al., 2019, Das et al., 2020; Arab et al., 2022). The SVI has occurred for drought
assessment since 2002 (Petars et al., 2002) and is an excellent predictor of vegetation response in the
short term. Moreover, the SPI is the most common precipitation deficit index used in describing drought
conditions. From 1993, the SPI has been applied for mapping and monitoring of dry spell (Mckee et al.,
1993) and indicates precipitation deficiency at a specific site over several periods of time. SPI can be
calculated for the long- and short term. In the short term, it is used for soil moisture monitoring and is
crucial for agricultural production for drought detection on a large scale. In this case, many researchers
have investigated the relationship between drought indices and the yield of agricultural crops. For
instance, regression between yield and 12-month SPI is described as 0.64 of the sigmoid connection
output fluctuation (Yamoabh et al., 2000). Drought had a 0.71 influence on winter wheat throughout the
main growing season (Zhang et al., 2016). These indices are essential for drought monitoring on small

and regional scales, especially in regions where ground-referenced data are limited.

There are very few studies that use the SVI and SPI for drought assessment on a small scale. Therefore,
increased efforts toward large-scale drought assessment are required to aid in better understanding
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climatic variability and the evolution of droughts, particularly in regions (especially those in
underdeveloped countries) with unique vulnerabilities and complicated geographies. In this regard,

there is no similar study for vineyards' regional-scale drought assessment.

Vineyard drought assessment and monitoring on a regional scale is challenging due to the large-scale
satellite datasets and vineyard variability during the growing season. In this regard, several cloud
computing sources are available for spatial big data processing. Amazon Web Service debuted in 2006
as a fee-based cloud computing platform that allows customers to create their own virtual data center
(Tamiminia et al., 2020). In 2008, the Google Cloud platform began as a public cloud-computing
platform with a multidata base of satellite images and a geographical data analysis interface for data
storage, data analysis, machine learning, and mapping systems. (Gorelick et al., 2017, Krishnan and

Gonzalez, 2015).

Drought assessment using modern technology and techniques can support policy-makers and regional
governments in assessing grape growers whose livelihood depends on grape production. Therefore, the
main focus of this assessment was to determine the severity of drought in vineyards using the SPI and
SVI indices within the fruit set and berry formation stages using satellite remote sensing and CHIRPS

rainfall datasets.

5.2 Materials and Methods

5.2.1 Area of Research

The research was carried out in Afghanistan, which is located between latitudes 29°35" and 38°40" and
longitudes 60°31" and 74°55" and is known as the Asia Crossroads. Afghanistan's total area is 652,864
km?* with a total population of 40.2 million (United Nations Children’s Fund, 2019). The country
consists of 34 provinces. The country's highest peak rises to 7,492 m above sea level, with arid lowland
and rich and fertile valleys. Lowlands (300-500 m), which include rivers, valleys, and desert regions,
may be found in the country's northern, western, southwestern, and southeastern parts, while highlands
(200-7500 m) can be found in the country's center. Of all the large areas in Afghanistan, only 11.7% is
arable land, which includes irrigated (3,600,210 ha) and nonirrigated agricultural land (3,734,494 ha),
fruit trees (117,642 ha), vineyards (82,450 ha), and forest and shrubs (1,781,045 ha). The country's
forest and shrubs cover 2.8% of the land, while the remaining 85% is soil, sand, and rocky areas (FAO,

2016) (Figure 5.1).
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The climate in Afghanistan differs around the country. Yearly temperatures in the highlands
(mountainous regions) are below zero, while temperatures in the lowland and plain areas are well over
35 °C. Precipitation in the highlands exceeds 1000 mm; in the lowlands, it is less than 150 mm. As a
result of reduced precipitation, droughts erupted across the country. Afghanistan suffered severe
drought from 1998-2006, 2008—2009, 2018, and 2021, had major implications for food security (World
Bank, 2018; FAO and MAIL, 2019). Based on community need assessment, drought-related shortages
of water for agriculture were the most significant impediment to food production across the country in
2021 (IOM, 2021). In this case, drought and other natural calamities have a major influence on regular
livelihoods and agricultural output (FAO and MAIL, 2019).

Land cover of Afghanistan
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Figure 5.1 Afghanistan land cover map

5.2.2 Datasets

In this study, secondary and primary datasets were used. Time-series primary datasets were downloaded
from the USGS and Google Earth Engine, and time-series secondary datasets were used from statistical
yearly books of the Islamic Republic of Afghanistan (Figure 5.2). Each of the datasets is explained as

follows:
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5.2.2.1 Standard Vegetation Index (SVI) for Drought Monitoring

To calculate the standard vegetation index for drought monitoring, the Landsat 8 (Collection 1 Tire 1
eight-day composite) composite NDVI scenes were processed from Google Earth Engine from 2013-
2021. ArcGIS 10.8 and ArcGIS Pro 2.7® were used for further analysis. The SVI showed the likelihood
of deviation from the typical NDVI over time (Peters et al. 2002). The following equation refers to the
SVI calculation:

VIijk'lJij

(5.1)

ijk =
where Zj; is the z number for each unit of pixel i during month ; for year &, VI is the NDVI unit of pixel

i in month j for year £, and oj; is the standard deviation of pixel i in month j for n years.

Table 5.1 The standardized vegetation index (SVI) is used to classify drought

Classes Range of Values
Extremely dry >=-2

Severely dry -2to-1.5
Moderately dry -1.5to0 -1
Normal -1t00
Moderately wet Oto1

Very wet Itol.5
Extremely wet >=2

5.2.2.2 Standard Precipitation Index (SPI)

The standard precipitation index is a basic indicator of dryness measurement. It shows cumulative
precipitation for a certain time compared to the long-term average perception that period developed by
(McKee et al., 1993). This indicator was determined from CHIRPS rainfall in the Google Earth Engine

platform. The SPI can be expressed as follows:

SPIy =—2 (5.2)

where SPL;; is the z unit for pixel i during timeframe j for year k, Pj; is the rainfall unit for pixel
through interval j for year £, Isij is the mean for pixel i through interval j over n years, and 6;; is the

standard deviation of pixel i for the period of j over n years.
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5.2.2.3 Land Cover Map

The map was generated by FAO based on the globally accepted Land Cover Classification System
(LCCS) and modern image analysis techniques implemented in the Mapping Device-Change Analysis
System Tool software suite (MADCAT) in 2016. The land cover map consisted of 25 initial classes of
land cover, which were combined into 11 self-explanatory and generic classes. In this study, the land

cover map of Afghanistan was classified into 8 classes based on the study purpose (Figure 5.1).

5.2.2.4 Statistical Data
The statistical datasets regarding grape production and cultivation area were collected from the National
Statistical Book of the Islamic Republic of Afghanistan. (Figure 5.3) (Afghanistan Central Statistics
Organization, 2013-2020).

Table 5.2 Standard precipitation index (SPI) categories and values based on McKee for drought

monitoring

Drought Category SPI values Probability %
Extreme drought <-2.00 23

Severe drought -1.50- to -1.99 4.4

Moderate drought -1.00 to -1.49 9.2

Mild drought 0- to -0.99 34.1

Near normal 1 t0 0.99 34.1
Moderately wet 1.0 to 1.49 9.2

Very wet 1.5t0 1.99 4.4
Extremely wet 2 and above 23
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Figure 5.2 A comprehensive flowchart of the regional vineyard drought detection method
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2013 to 2020 in Afghanistan

5.2.3 Methods

5.2.3.1 Vineyard Drought Assessment using the time-series SVI and SPI

The vegetation index and climatic variables (SPI and NDVI) were calculated on the Google Earth
Engine from 2013-2021. After downloading the Landsat 8 OLI, the 8-day composite NDVI in the berry
formation and veraison stages was evaluated. The three months standardized vegetation index was
calculated for 2013 to 2021 in ArcGIS. Maps were classified into seven classes based on the threshold
referred to by Peters et al. (2002) (extremely dry, severely dry, moderately dry, normal, moderately wet,
very wet, and extremely wet). The standard precipitation index (SPI) was calculated from CHIRPS
rainfall in the Google Earth Engine from 2013-2021. After downloading the SPI data, the maps were
classified in the ArcGIS environment using the Mackee classification (extreme drought, severe drought,
moderate drought, near normal, moderately wet, very wet, and extremely wet). Finally, the vineyard
shapefiles were masked with the SPI and SVI to identify the drought-affected vineyards. Since the 2016

land use land cover was available, we used that for all years from 2013 to 2021.

5.2.3.2 Drought Verification with Time-series Grape Yield

Two independent variables were used for drought validation. In this regard, SVI and SPI were
considered dependent variables, and grape yield was used as an independent variable to validate the
drought periods before harvest (June, July, and August). The independent variables (pixelwise zonal

average) were calculated on the ArcGIS platform. The dependent variable, grape yield tons per hectare,
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was taken from the statistical book of the Islamic Republic of Afghanistan from 2013 to 2020. Due to
internal political instability, the statistical department was not able to release the 2021 statistical book.
Therefore, in this research, we used yield datasets from 2013 to 2020. After that, the zonal average
drought indices were determined all over Afghanistan from 2013 to 2020. Linear and multilinear

regression analyses were performed on a regional scale for validation.

5.3 Results

5.3.1 Drought severity assessment with the time-series SVI
In this research, the SVI values were calculated for all of Afghanistan using NDVI downloaded from the
Google Earth Engine Platform. The periods were considered to be the berry formation and veraison
stages before the harvest of table grapes from 2013 to 2021. To identify the drought-affected pixels, the
SVI map was classified based on drought classes recommended by Peters et al. 2002 (Table 5.1). The
results of utilizing the SVI to determine the years when droughts occurred are specified in Figure 4. The
results suggested that extreme dryness occurred in 2013 (June and July), 2014 (July and August), 2015
(June and July), 2016 (July), 2018 (Jun, July and August) and 2021 (June, July and August). The
intensity of drought was very high in 2018 and 2021, which mostly affected all provinces in Afghanistan.
Droughts during 2018 and 2021 had become a very serious societal impact during these times because
of the severe water scarcity crisis for irrigation and daily water consumption (Figure 5.4 and Figure

5.5).

2 B Mean SVI
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Figure 5.4 The zonal mean SVI value in the berry formation and veraison stages before harvest (June,

July, and August) in Afghanistan was calculated from 2013 to 2021
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Figure 5.5 Drought classification based on SVI in the berry formation and veraison stages before

harvest (June, July, and August) in Afghanistan from 2013 to 2021
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Figure 5.7 Minimum SPI value in the berry formation and veraison stages before harvest (June, July

and August) from 2013 to 2021 in Afghanistan

5.3.2 Drought Severity Assessment with Time-series SPI-1

SPI-1 was calculated from CHIRPS precipitation in the Google Earth Engine Interface. After that,
datasets were downloaded and classified based on the Mackee drought classification scheme (Table
5.2). SPI-1 was used to examine the dry and wet situations in the research region during 2013-2021

June, July and August before grape harvest. The three-month minimum value of SPI-1 indicated that

73



almost all 9 years were very dry because Afghanistan has a very arid climate. For normalization in this
context, we used the SPI-1 average for all nine years. It was found that in 2013 (June, July and August),
2014 (August), 2015 (June and July), 2016 (August), 2017 (June), 2018 (June, July and August), 2019
(August) and 2021 (June, July and partly August), Afghanistan experienced an extreme dry spell
(Figures 5.6, 5.7 and 5.8).

5.3.3 Drought Affected Vineyards in Afghanistan

Dry spell conditions were evaluated in Afghanistan vineyards from 2013 to 2021. To quantify the
drought occurrence, the drought maps of the SVI and SPI were numerically evaluated. It is used to
calculate the proportion of drought occurrences within each three-month period over the past nine years
and to identify the years and periods that were severely affected. In this regard, the total affected pixels
in each drought class (SVI and SPI) were used to identify the drought-affected pixels. Finally, the
percentage of each class was calculated. The results showed that the appearance of drought varied
depending on the year and month. Among all the drought-stricken years, it was indicated that the 2021
drought was 52.5% in June and 42.6% in August, affecting the entirety of the country based on SPIL
However, in 2018, 22.8% in June and 33.3% in August were affected based on the SPI. The affected
area based on the SVI revealed 36.5% in June and 40.3% in August. Nevertheless, in 2021, the
prevalence was 30.4% in July and 24.4% in August (Figure 5.9, Tables 5.3 and 5.4).

To identify the drought-affected vineyards, the vineyard shapefiles from all over Afghanistan were
masked with drought maps. The results demonstrated that 2018 and 2021 were the most drought-
affected years. In 2018, extremely drought-affected vineyards accounted for 4785.03 hectares; severely
affected vineyards accounted for 13240.26 hectares; and moderately affected vineyards accounted for
22732.02 hectares in June, July, and August. In 2021, 1825.83 hectares were extremely affected,
7448.13 hectares were severely affected, and 15456.78 hectares were moderately disturbed by dryness

in June, July, and August, respectively (Figure 5.10).

5.3.4 Verification of Drought Maps with Grape Yield

To validate the accuracy of the drought indices (SVI and SPI), regression was observed with grape yield.
Afghanistan's yearly statistical book provides the total yield and area under cultivation from 2013-2020.
The regression results indicated that the model had higher accuracy in June and July than in August.
The coefficient of determination between table grape average yield and average SVI was 1? =0.42,
1?=0.62 and r>=0.03 for June, July, and August, respectively. However, the coefficient of determination
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between table grape yield and SPI was r’=0.60, r>= 0.54 and r*=0.02 for June, July, and August,

respectively.
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Figure 5.8 Drought classification based on SPI in the berry formation and veraison stages before harvest

(June, July, and August) in Afghanistan from 2013 to 2021
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Table 5.3 The percentage of drought-affected regions based on the SVI in Afghanistan from 2013 to 2021

Year Month Drought Level

Extremely  Severely Moderately Normal Moderately Very Extremely  Total

Dry Dry Dry wet Wet Wet
2013 Jun 6.0 6.5 9.1 31.0 35.7 8.0 3.7 100
July 2.6 34 6.8 374 40.3 6.6 2.9 100
August 3.9 6.1 10.0 34.1 34.3 7.3 4.3 100
2014 Jun 4.7 8.9 14.6 39.9 21.3 5.5 5.0 100
July 1.5 2.7 7.6 37.3 38.8 8.5 3.6 100
August 1.0 1.6 4.2 31.1 43.6 12.6 5.8 100
2015  Jun 4.7 8.9 14.6 39.9 21.3 5.5 5.0 100
July 3.1 5.5 10.3 35.2 34.9 7.6 3.4 100
August 1.7 3.6 7.7 32.1 39.3 10.1 5.5 100
2016  Jun 1.0 2.1 5.3 36.7 43.8 8.1 2.9 100
July 4.2 5.7 9.9 38.6 34.1 5.2 2.2 100
August 1.9 2.7 6.1 374 40.8 7.9 3.1 100
2017  Jun 0.8 1.9 5.0 35.2 46.1 7.6 3.4 100
July 2.3 2.9 4.1 18.5 42.1 17.4 12.7 100
August 1.0 3.7 13.5 42.5 24.8 6.6 7.9 100
2018 Jun 2.0 7.3 19.0 41.9 23.9 3.9 2.0 100
July 1.8 10.2 24.5 42.4 18.0 2.3 0.8 100
August 5.5 11.3 23.5 38.7 18.2 1.8 1.0 100
2019  Jun 0.8 1.6 3.6 15.6 35.9 22.0 20.5 100
July 0.2 0.7 2.3 15.9 49.2 20.6 11.1 100
August 0.6 1.2 3.1 21.4 43.7 17.0 13.1 100
2020  Jun 1.9 2.7 5.3 19.8 36.4 33.5 0.5 100
July 2.1 2.7 4.1 17.4 36.7 19.9 17.0 100
August 1.3 2.5 5.3 21.5 34.4 15.8 19.2 100
2021  Jun 1.7 5.9 15.3 46.3 25.5 3.7 1.6 100
July 5.6 9.2 15.5 42.6 21.6 3.6 1.7 100
August 3.8 7.3 13.3 42.3 25.0 5.6 2.6 100
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Figure 5.10 Total drought-affected vineyards in three classes (extreme, severe and modern drought) in

Afghanistan from 2013 to 2021
The significance test indicated a p value less than 0.05 for June and July. However, the multilinear results

indicated higher accuracies of r’=0.79, 1*=0.71 and r>=0.05 for June, July and August, respectively

(Figure 5.11 and Table 5.5).
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Figure 5.11 The scoter plot shows the regression between grape yield and drought indices (SVI and
SPI). (a) June, (b) July and (c) August
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Table 5.4 The percentage of drought-affected regions based on the SPI in Afghanistan from 2013 to
2021

Drought Level
Year Month  Extreme Severe Moderate  Mild Near  Moderately Very  Extremely
drought drought drought drought normal wet wet wet fol
Jun 1.96 5.57 13.49 15.46  57.33 2.96 2.98 0.24 100
2013 July 1.14 3.05 5.73 3.86 59.84 17.62 4.86 3.91 100
August 0.64 2.51 14.31 8.88 52.63 8.11 10.69 2.24 100
Jun 3.47 1.62 8.40 1091 5391 8.18 7.22 4.63 100
2014 July 0.14 1.49 3.56 6.25 11.98 2537 3536  15.85 100
August  0.21 0.84 2.89 4.48 1087 1745 3773 2552 100
Jun 0.62 4.71 10.59 21.86 3031 28.23 3.06 0.62 100
2015 July 0.89 2.80 12.83 1691 46.41 1251 4.68 2.96 100
August  0.21 0.59 6.35 9.54 15.13  33.03 2795 721 100
Jun 7.26 2.39 17.88 3711 2132 4.39 458 3.06 100
2016 July 0.47 2.70 13.94 36.20 30.65  10.29 5.11 0.64 100
August  1.29 2.25 7.93 12.31 1647  31.14 20.03  8.59 100
Jun 1.24 4.54 8.09 20.87 29.38  32.06 2.99 0.84 100
2017 July 1.04 2.46 11.14 26.71 2496  16.99 6.98 9.72 100
August  0.49 1.98 7.56 10.39 1547 33438 25.64  4.99 100
Jun 3.47 3.26 16.08 32.52 3137 531 4.42 3.56 100
2018 July 1.10 2.69 432 13.84 26.73  24.69 18.19 8.44 100
August  3.38 7.12 20.65 33.22 1054  5.76 2.52 16.80 100
Jun 1.35 21.72 10.24 17.62  26.14 10.46 9.00 3.48 100
2019 July 0.90 2.26 4.25 14.44 27.16  25.02 1626 9.72 100
August  0.38 1.53 6.76 11.62 13.97 3046 2725 8.03 100
Jun 4.71 8.32 13.09 17.82  35.00 9.35 6.15 5.56 100
2020 July 0.84 1.13 7.97 33.18 36.65 7.02 8.88 4.33 100
August  1.18 3.12 8.67 18.17 42.60 19.21 5.01 2.04 100
Jun 0.18 2.80 49.50 4291  2.08 1.02 1.33 0.19 100
2021 July 1.26 1.18 22.33 53.26  6.00 2.75 8.88 4.33 100
August  0.33 3.39 38.94 5439 1.07 0.48 0.22 1.20 100

5.4 Discussion

Drought severity assessment is a challenging task for vineyard growers. Monitoring vineyards
throughout the season on a regional scale is time-consuming and costly. Therefore, satellite remote

sensing drought indices and climatic variables have the potential to cost-effectively evaluate drought in
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a region. First, the performance of CHIRPS precipitation for dry surveillance was assessed. After that,
the drought impacts on vegetation are also analyzed by SVI. These drought indices (SVI and SPI) were
calculated for the time series from 2013 to 2021. This research was conducted in all Afghanistan's
vineyards for nine years (2013—2021). Because of the political instability in the country, the 2021 yield
data and acreage were not available. Validation was performed on eight-year yield datasets with SVI

and SPI.

The SVI and SPI results indicated that in 2018 and 2021, the intensity of drought was very high in the
berry formation and veraison stages (Figures 5.9 and 5.10). The highest area affected by drought was
43.3% in August 2018 and 52.5% in June 2021 (Figure 5.9). Perimeter studies indicated that in the
summer months when the SPI value was below zero, severe drought was found at the study sites (Dukat
et al., 2022). Furthermore, the SPI responds accurately to drought conditions (Almadani, 2022;
Hashemzadeh et al., 2022). Additionally, the SVI correlation with other drought indices in the Fars
Province of Iran indicated a higher correlation, and this study showed that SVI is a good parameter for
drought detection on a regional scale (Mikaili and Rahimzadegan, 2022). Another study conducted in
Cambodia discovered that the SPI and SVI worked effectively in analyzing climatic and agricultural
droughts (Sok et al., 2022). Various investigations have found that water scarcity has a major impact
on grape yield and quality in the berry formation and veraison stages prior (June, July, and August).
Previous studies also indicated that extreme drought events have a critical effect on grapevine plant
mortality; an increase in embolism in stems and trunks causes canopy and crop failure, decreases
photosynthesis, and decreases berry size and water content (Bota et al., 2016; Tombesi et al., 2018;
Gambetta et al., 2020). Climate change, especially the dry spell, also has a substantial influence on
viticulture management and wine quality (Cook and Wolkovich, 2016). Our study also proved, based
on regression between grape yield and drought indices from satellite datasets, that in June and July,
water shortages have a significant impact (r> = 0.79 in June and r>= 0.71 in July) (Figure 5.11). The
study results also indicated that the years 2013, 2014, 2015, 2016, 2018, and 2021 were characterized
by drought across the region within the berry formation and veraison stages of table grapes. This shows
that drought frequency and occurrence have significantly upsurge in recent years due to global warming.
Because most grape growers' livelihood sources are vineyard in the research region, the drastically
rising number of drought events has a substantial effect on farming system and the livelihood security
of farm families. Livelihoods are vulnerable to increased drought. In this regard, supporting farmers
during severe drought conditions based on drought severity classes is the most important way for policy-
makers and local governments to support farmers.
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The limitation of this research was it used the LULC of the shapefile for 2016 for all years due to the
unavailability of vineyard shapefiles for other years. In addition, climate data have a greater level of
uncertainty connected with the spatiotemporal distribution of precipitation. As a result, strong
downscaling approaches to obtain rainfall information at finer resolution are required to decrease the
related ambiguity. Although the results of the validation model showed sufficient accuracy (70%) and
drought-impacted fields were in good agreement with yield data, there is still a need for larger validation
in the future. In the future, adding soil, water, and more vegetation indices for the evaluation of drought
assessment on a regional scale would be useful. This research has shown that CHIRPS is a useful dataset
for drought monitoring in Afghanistan. The SPI obtained from CHIRPS performed well in detecting

drought events by characterizing different regions of Afghanistan.

Table 5.5 Multilinear regression between average yield ton/ha and standard vegetation index and standard

precipitation index from 2013 to 2020

Parameters June July August
R Square
0.789798 0.709841 0.04671578
Number of Observations 8 8 8
P-value 0.020258 0.045351406 0.88727

5.5 Conclusion

The new technology such as satellite sensors has the capability for drought assessment in vineyards on
a regional scale. In this research, drought assessment and classification were performed based on a
regional scale for vineyards in the berry formation and veraison stages before table grape harvesting.
Two main drought indicators, the SVI and SPI, were calculated from NDVI and CHIRPS rainfall in the
Google Earth Engine platform for 2013 to 2021. A linear and multilinear regression analysis was
performed between grape zonal yield and drought indices to validate the drought effect on vineyards.
The drought severity results indicated that the years 2013, 2014, 2015, 2016, 2018, and 2021 were
characterized by drought across the region within the berry formation and veraison stages of table grape.
In particular, drought severity was high in 2018 and 2021 (40% and 52%, respectively) all over
Afghanistan. Moreover, severe drought affected 4785.03 hectares and 1825.83 hectares of vineyards in

2018 and 2021, respectively. The validation result indicated that the model coefficient of determination
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for table grape average yield and average SVI was 12 =0.42, r* =0.62, and 1> =0.03 for June, July and
August, respectively. However, the coefficients of determination between table grape yield and SPI in
June, July, and August were r’=0.60, r>=0.54, and r>=0.02. Meanwhile, the multilinear findings showed
higher accuracy for June and July (r>=0.79, r>=0.71) than for August (r>=0.05). The finding suggests
that the multilinear model result had higher accuracy than a linear model for drought severity assessment.
Therefore, the combination of both indices could be a more accurate result. This research could help
governments and policy-makers develop a subsidy plan based on drought severity throughout the

country for grape growers.

83



Chapter 6
Land Suitability Analysis for Grapes Production from Micro to Regional
Scales in Drought-prone Areas Using Satellite Remote Sensing and Multi-
criteria Decision Support Systems

6.1 Background of the Research

Land suitability analysis is an important tool to maintain the long-term viability of agricultural lands. It
is also an important management strategy to identify the ideal farming locations for various crops and
vineyards. Land suitability evaluation is also a basis for land use planning, and it helps to establish the
most suitable uses of land on micro to regional scales (Akinci et al., 2013; Habibie et al., 2019; Kilic et
al., 2022). Assessing the potential of land for grapevine extension is very important in order to increase
grapes production in a micro to regional scales (Worqlul et al., 2019). It also supports farmer to increase
their income and insure livelihood. In recent land suitability analysis, researchers considered GIS-based
multicriteria, satellite remote sensing vegetation indices and UAV images to increase the resolutions for
higher accuracy in interpretations (Gilliams, 2005; Grassano et al., 2011). Which includes the

qualitative and quantitative land evaluations.

The qualitative and quantitative land evaluation is referred to criteria of climate, hydrology, terrain,
vegetation, and soil attributes, which are all addressed in the qualitative assessment of land. However,
in the quantitative evaluation of land, yield, farmer motivation, cultivation methods, capital, investment
capacity, cost-benefit ratio, vineyard location, and other variables are evaluated (Taghizadeh-Mehrjardi
et al., 2020). The Food and Agriculture Organization (FAO, 1976) classified land as highly suitable
(S1), moderately suitable (S2), marginally suitable (S3), and not suitable (N) (Table 6.1). Determination
and identification of land suitability categories done based on determination of numerous aspects that
influence the quality of land. Since a huge number of criteria has been using in this analysis, it is called

multi-criteria decision-making process (Romano et al., 2015).

In land suitability analysis using remote sensing data from micro to regional scale, may increase the
complexity of data collection and image processing due to high data volume and diversity that it
generates. Incorporating big data analytics with cloud computing, the large-scale scientific applications
have shown the advantages of high computational and storage constraints that is simple to implement
(Wang et al., 2018). The Google earth engine made this task possible for everyone to access and
manipulate this data without cost and large computational facilities (Xie et al., 2019). Besides, rainfall

datasets are also difficult to get from micro to regional scales. In the majority countries in the globe,
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there is neither a reliable system of weather data nor a homogeneous distribution. Consequently, it is
essential to study other data sources for rainfall information, such as satellite-based near real time
rainfall information and radar data. In addition, there are products with low latency and extensive
records, such as the Climate Hazards Group Infrared Precipitation with Stations (CHIRPS) dataset. This
package contains integrated models of terrain-induced precipitation, precipitation estimates from
measurement satellites that cover the majority of the globe and have low latency and low polarization,
and precipitation estimates from in-situ stations. The CHIRPS dataset contains a lengthy recording
period (1981 to the present) with a fine spatial resolution of 0.05° (Funk et al., 2015; Ghozat et al.,
2022). Not only the precipitation information is important for vineyard management but also vegetation

and soil properties are important to locate further potential areas to increase vineyard cultivation.

Furthermore, other criteria that affect grape production significantly include temperature, rainfall,
elevation, slope, soil pH, and soil characteristics. In order to help the farmers, it is necessary to examine
the physical and socioeconomic factors that have a significant impact on grape output. Using geographic
information systems (GIS), satellite remote sensing datasets, and multi-criteria decision analysis
techniques, it is possible to analyze the physical criteria. The farmers may choose acceptable production
lands for boosting productivity as well as alternative support systems for marginal and unsuitable land
with the aid of the multi-criteria-based suitability analysis. The fundamental advantage of using multi-
criteria decision analysis as an analytical hierarchy process (AHP) in land suitability study is that it may
be combined with expert judgment (Ridley and Devadoss, 2021). This technique was created by Saaty,
who used pairwise comparisons in suitability analysis to assess the criteria significance of two or more

than two at once (Saaty 1980).

Among all the suitability overlay methods the Analytical Hierarchy Process (AHP) is the simplest for
generation of the weight. Another method is weighted linear combination (WLC) that primarily
employs the weighted average operation to combine the appropriateness ratings of several evaluation
elements into a single composite score. WLC has become one of the most widely utilized in the land
suitability analysis techniques due to its simplicity, adaptability, and effectiveness (Deng et al, 2014;
Radocaj et al., 2020). The Fuzzy-AHP approach is also used for generating suitability maps. In this
method, the classification was done by the fuzzy membership function and weight of each criterion
obtained by AHP, and finally the suitability map was developed by the overlaying method (Elaalem et
al., 2011; Kilic et al., 2022). AHP and Fuzzy suitability analysis is an effective technique with improved
precision for land suitability evaluation from micro to regional scales for grape production.
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Grapes (V. vinifera L.) play a vital role in the worldwide economy. Table grape is one of the major
crops in Afghanistan. Afghanistan's table grape production decreased from 15 years ago (Figure 6.1).
In 2009, it was 15 tons/ha. However, climate change and conflict affected Afghanistan's grape output
the most. Climate change, inadequate understanding of production practices, soil quality, and post-
harvest losses reduce table grape yields in Afghanistan compared to developed nations. Lack of table
grape storages increases post-harvest losses. Strict winery regulations increase farmers' dependence on
table grape consumption. The COVID-19 epidemic and climatic variability affected grape production

in 2020, and worldwide traders experienced labor constraints and transportation issues.
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Figure 6.1 Table grape production from 2006-2020 in Afghanistan

Land suitability have been used for different crops such as rice, maize, cassava, grapes and ect(Roy and
Saha, 2018; Tashayo et al., 2020; Arab et al., 2022; Purnamasari; et al., 2022). However, vineyard land
suitability studies are rare. China evaluated grape site suitability utilizing agricultural land, climate,
water regulations, irrigation status, and waste water treatment proximity (Paul et al., 2020). In Italy, soil
pH, soil characteristics, elevation, aspect, slope, and heat index are included in land suitability studies
(Modica et al., 2014; Cardell et al., 2019). In Afghanistan, no study has used satellite remote sensing

datasets and multi-criteria decision-making and fuzzy expert systems to determine grape land suitability.

86



Table 6.1 Land suitability classes and descriptions based on FAO

Suitability Classes Description
S (Highly Suitable) These types of land having no significant limitations for production
S, (Moderately Suitable) These types of land having moderate limitations for production. it will

reduce productivity by increasing the input into a certain amount can change
itto S1.
S; (Marginally Suitable) These types of lands having marginally limitations. These limitations reduce

the productivity by increasing the input the expenditure of land will increase.

N (Not Suitable) These types of lands having severe limitations with the use of technique and

technology we cannot make it suitable.

Therefore, the main objective of this paper was to integrate geographical information systems (GIS)
and satellite remote sensing methods for physical and socio-economic criteria using AHP and
biophysical, infrastructural, and climate criteria on a regional scale using a fuzzy-based expert system

to assess the suitability of lands for increasing grape production from micro to regional scales.

6.2 Materials and Methods

6.2.1 Description of the Study Area

The study was carried out on micro-scale (Shakardara District), macro-scale (Kabul Province) and
regional scale (Afghanistan). Kabul Province is a densely populated province of Afghanistan, located
between latitudes 34.53330N and longitudes 69.16670E (Figure 6.2). It consists of 14 districts,
which Shakardara District also includes, and 689 villages with a total population of 5.26 million, which
makes up 16% of the total population in Afghanistan. Afghanistan consists of 34 provinces with a total
population of 40.2 million (Figure 6.2) (ACSO, 2020). Most of the population lives in the fertile valleys.
The summers are very hot and dry, but the winters are very cold, especially in high elevations. The area
is divided into three parts: the eastern, central, and western parts. In Kabul Province fruit trees are 4000
ha and vines 10,600 ha which makes up about 3.2% of arable land in 2020 (Walt, 2018). However, the
total vineyard area is 87,593 ha, which makes up 0.13% of Afghanistan's land (FAO, 2016). Therefore,
grape is one of the strategic fruits that produced 115,450 tons in Kabul and 993382 tons in Afghanistan
during 2020 (ACSO, 2020).
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Figure 6.2 The study area's geographical location from micro to regional levels: (a) Shakardara District
(b) Kabul Province (c) Afghanistan administrative map
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6.2.2 Data collection and criteria selection for table grapes land suitability analysis

The agricultural, metrological, soil and socio-economic data were collected from primary and secondary
sources. The criteria for physical suitability were considered NDVI, NDMI, LST, JAXA and CHIRPS
rainfall, digital elevation model (DEM), slope, aspect, soil component, soil pH, soil organic matter and
soil salinity. Likewise, the socio-economic parameters such as distance from roads, distance from water
bodies and population density were collected from the secondary data sources. However, the distance
from national and local markets and the benefit-cost ratio of each vineyard were developed from the
primary dataset collected during the field survey conducted between November and December 2020 in
Kabul Province (Appendix 4.1). On a micro-to-macro scale, the geographical location of each vineyard
was collected using a Geographic Position System (GPS) Coordinate®. However, for the regional scale,
the FAO land use and land cover maps were used. All the datasets and the sources were explained in
Table 6.2 and the methods were followed in this research for micro to regional scales explained in the

flowchart (Figure 6.3 and Figure 6.4).

6.2.3 Micro to Macro Scales Criteria

6.2.3.1 Normalized Difference Vegetation Index (NDVI)

NDVI can be used for real-time plant growth monitoring and estimating the density of greenness (Li et
al., 2019). In this study, Landsat 8 multispectral images were used to develop NDVI maps. To ensure
an appropriate representation of vegetation evaluation in the study, the images were acquired
corresponding to active growing stages of table grapes (April - October) (Anyamba and Tucker 2012;
Hadri et al., 2021; Islam et al., 2021) from 2016 to 2020. NDVI can be expressed as:

NIR - Red

NDVI= NIR + Red (6.1)

where NDVI is the normalized difference vegetation index and NIR is the near-infrared reflectance,
ranging from 0.85-0.88 um, and Red is the wavelength reflectance ranging from 0.64-0.67 um in
Landsat 8 OLI scenes.

6.2.3.2 Normalized Difference Moisture Index (NDMI)

This parameter is very important for vineyards because any variation in the moisture of plants can affect
the mesophyll in plants which interact with solar radiation (Bhattacharya et al., 2021). The NDMI was
calculated from Landsat 8 OLI images over 5 years from April to October. The NDMI can be expressed

as follows:
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_ NIR - SWIR
NDMI= NIR + SWIR (6.2)

where NDMI is the normalized difference moisture index and NIR is the near-infrared wavelength,

SWIR is the shortwave infrared reflectance ranging from 1.57-1.65 pm in Landsat 8 OLI scenes.

6.2.3.3 Land Surface Temperature (LST)

LST is the temperature of the surface of the Earth using the Kelvin (K) scale and is an essential criterion
for monitoring temperature for crop growth (USGS website and Karnieli et al., 2010). Temperature
during the growing season directly impacts the production of sugar in grapes and that this element also
influences the type and quality of the grapes produced. The fluctuation of daily temperatures during
midwinter is usually more harmful for grapevines than steady cool temperatures (Wolf and Boyer,
2005). Grape vines can be injured or killed by winter cold. Temperatures greater than 30°C can reduce
the vine’s ability to photosynthetically convert carbon dioxide into sugars and other carbohydrates.
Nighttime temperatures greater than about 18°C tend to increase the vine’s respiration of this energy.
In fact, respiration can consume up to 60% of the energy generated by photosynthesis (lacono et al.,
2000) decreasing the productivity of vines. The LST was calculated from Landsat 8 thermal bands with
30 m resolution in different steps from 2016 to 2020 (Shamsuzzoha et al., 2021). Landsat 8 thermal
Infra-Red Scanner (TIRS) has two bands in the TIR region (Band 10 and Band 11). These thermal bands
have a 100 m native spatial resolution but are resampled with cubic convolution at 30 m before
distribution by United States Geological Survey (USGS) (Loveland and Irons, 2016; Gemitizi et al.,
2021). The steps can be explained as following:

The first step of the LST calculation is the top of the atmosphere reflectance (TOA)

TOA=M, x Q_+A; (6.3)

where My represents the band-specific multiplicative rescaling criterion from the metadata, Qcal
corresponds to band 10 or 11 Landsat 8 thermal bands and Ay is the band-specific additive rescaling

criterion from the metadata.

The second step of this process is the conversion of radiance to sensor temperature. In this, the digital
numbers (DNs) are converted to reflection. The TIRS band data should be converted from spectral

radiance to brightness temperature (BT). BT can be express as follow:
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KL,
T

BT= (%) 273.15 (6.4)

where K, and K are the band- specific thermal conversion constants from the metadata, and L is the

top of atmospheric spectral radiance.

The third step is the calculation of the proportion of vegetation needed to calculate and the P, is required
to calculate the emissivity. Therefore, P, is determined from NDVI. Therefore, the calculation of the

proportion of vegetation is as follows:

NDVI- NDVL_: 2
V:( min ) (65)

NDVI,,.- NDVI, .,

where v is the proportion of vegetation, NDVI is the normalized difference vegetation index and max

and min is the minimum and maximum NDVI values. Emissivity can be express as follow:
e =0.004 +p, x0.986 (6.6)

where ¢ is the emissivity and py is the proposition vegetation.

The final step retrieving the LST is computed as follows:

BT
T.= —————-273.15 6.7
s 1+(%)x1n e 6.7)

where Ts is the land surface temperature in Celsius, BT is the brightness temperature at the sensor, A is

the average wavelength of band 10 or 11 and €A is the emissivity.

The satellite datasets were downloaded from the USGS website. Following that, the NDVI, NDMI, and
LST from five years of datasets (2016-2020) were calculated using ArcGIS pro®. Finally, an average

of five years of datasets was used for the final suitability analysis.

6.2.3.4 Rainfall
Rainfall is one of the essential parameters for the production of grapes and lack of rainfall has a severe
impact on table grapes productivity. The minimum level of recommended rainfall for vineyards is about

500 mm (Ted, 2018). Therefore, the total water requirement is met through stored winter rainfall,
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irrigation, and in-season rainfall. Since the area is arid and semi-arid, the historical average annual
rainfall is about 473 mm. In this research, hourly rainfall dataset mm per hour from the global rainfall
map (GSMap, JAXA) for each month and districts for five years from 2016-2020 were downloaded.
After processing the data, the sum of the cumulative rainfall was calculated for all districts and imported
to GIS file. Then, the vector images were converted to raster, and resampling was done for 30m spatial

resolution. Finally, an average of five years was used for the final suitability analysis.

6.2.3.5 Elevation

According to previous research, high-elevation regions are more vulnerable to climate change than low-
altitude regions (Xu et al., 2016). The highest elevation in Kabul Province is about 4654.4 m above sea
level. Furthermore, elevation determined the micro-climate and air temperature variation in a particular
area and had a direct influence on the phenology of a vine (Acharya and Yang, 2015). Usually, lower
elevations are good for high latitudes, and higher elevations are more desirable at lower latitudes.

Increased water stress can reduce the vineyard yield and fruit composition.

6.2.3.6 Slope

The slope has an influence on practicability of agricultural activities, especially referring to the
mechanization of vineyards. Vineyards with steep slopes hinder the practical use of machinery, while
topography also affects the movement of air and particularly cold air drainage. Therefore, moderate
slopes (5-15%) are regarded as optimum (Jones et al., 2009). Besides, the soil water holding capacity
can change a slope (Casanova et al., 2000; Bonfante et al., 2015) and that up-slope vines are more prone
to water stress, as soils there commonly have lower water holding capacity than down-slope soils
(Basile, et al., 2020). Kabul Province slopes ranges are from 0 - 75° the range and between 0 — 10° are

optimal slope for vineyard cultivation.

6.2.3.7 Aspect

This criterion directly influences the amount of solar radiation to the soil surface during the growing
season. Therefore, this criterion plays a crucial role for high sugar content (Modica et al., 2014). It will
also affect the angle that sunlight hits the vineyard and thus its total heat balance. This criterion directly
influences the amount of solar radiation to the soil surface during the growing season. Therefore, this
criterion plays a crucial role for vineyards which requires very high sugar content for its oenological

transformation. (Wolf and Boyer, 2005). In the southern part of Afghanistan, the intensity of the sun's rays is
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high, and the heat may have a negative effect on the vine. Therefore, north south is the best location for the

vineyard’s direction (Ghulam Rasoul Samadi. Interview. Conducted by Sara Tokhi Arab, 24% July 2021).

In this study, all topographical parameters such as elevation, slope and aspect were developed from the
USGS EROS archive of digital elevation-shuttle radar topography mission (SRTM). The study area had
two different paths; therefore, two images were mosaicked using ArcGIS Pro®. Further mask

operations were conducted to find the study area.

6.2.3.8 Distance from River

Different rivers and water channels have flow in Kabul Province. Most of these rivers in all districts
feed by snowmelt runoffs from the Paghman mountains in the west, the Qorugh Mountain in the
southwest, the Shir Darvazeh, Asmayee, and Aliabad mountains are in the center, the Safi Mountain in
the northeast, and the southeastern Bagrami, Shina, Lathaband and Tang Gharo dynasties (Serries or
chain of mountain). The most popular river is the Kabul River that flows from the Paghman Mountain
toward South Pass about 70 km west of Kabul. It flows in an easterly direction, past Kabul, through
Jalalabad city, and then on to Dakka where it enters Pakistan territory and finally runs into the Indus at
the Attock region. The river distance was calculated from the polyline and then changed to raster. After
changing to raster, the Euclidean distance was calculated from the nearest river to each vineyard
(Purnamasari et al., 2019b). This criterion is important for accessing water for irrigation purposes.
According to the expert suggestion, proximity from river or water bodies more than 1 km is the ideal
distance. The nearer to river cause more humidity and it will cause fungal disease for the vineyard

(Ghulam Rasoul Samadi. Interview. Conducted by Sara Tokhi Arab, 24" July 2021).

6.2.3.9 Soil Components

Soil affects vine productivity and wine quality; soil, like the climate, comprises many components. Soil
can be described in terms of its depth, parent rock origin, soil types, organic matter content, texture,
chemical properties, hydrology, and in terms of its microbial and other invertebrate fauna density and
diversity. All these variables may ultimately affect vine growth and grape quality, but precise
relationships are not well characterized for all such variables (Stanchi et al., 2013). The soil datasets
were collected from the FAO office branch in Kabul, Afghanistan. Then resampled to 30 m resolution

and reclassified based on references to four suitability classes (Appendix 6.1).
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Figure 6.3 Schematic chart shows the methodologies that are applied for land suitability analysis for
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6.2.3.10 Soil pH
Soil pH values between 6.0 and 6.8 provide the optimum availability of nutrients in vineyard soils. Soil
pH of less than 5.0 increases the aluminum solubility within the root zone and precipitates essential

micronutrients such as iron out of the soil solution.

In this study, all topographical parameters such as elevation, slope and aspect were developed from the
USGS EROS archive of digital elevation-shuttle radar topography mission (SRTM) (Table 6.2). The
study area had two different paths; therefore, two images were mosaicked using ArcGIS Pro®. Further

mask operations were conducted to find the study area.

6.2.3.11 Distance from River

Different rivers and water channels have flow in Kabul Province. Most of these rivers in all districts
feed by snowmelt runoffs from the Paghman mountains in the west, the Qorugh Mountain in the
southwest, the Shir Darvazeh, Asmayee, and Aliabad mountains are in the center, the Safi Mountain in
the northeast, and the southeastern Bagrami, Shina, Lathaband and Tang Gharo dynasties (Serries or
chain of mountain). The most popular river is the Kabul River that flows from the Paghman Mountain
toward South Pass about 70 km west of Kabul. It flows in an easterly direction, past Kabul, through
Jalalabad city, and then on to Dakka where it enters Pakistan territory and finally runs into the Indus at
the Attock region. The river distance was calculated from the polyline and then changed to raster. After
changing to raster, the Euclidean distance was calculated from the nearest river to each vineyard
(Purnamasari et al., 2019b). This criterion is important for accessing water for irrigation purposes.
According to the expert suggestion, proximity from river or water bodies more than 1 km is the ideal
distance. The nearer to river cause more humidity and it will cause fungal disease for the vineyard

(Ghulam Rasoul Samadi. Interview. Conducted by Sara Tokhi Arab, 24" July 2021) (Table 6.2).

6.2.3. 12 Soil Salinity

This parameter is very important for the vineyard assessment. Soil salinity is mostly caused by poor
irrigation practices in most under developing countries. Subsequently, the accumulation of the salt in
the root zone of grapevines happens. Soil salinity can have drastic effects on their growth and yield. If
the salt concentration is very high in the soil it kills the vine. Since Afghanistan is a dry area, therefore,
the soil salinity increases during the dry periods, since absence of flushed out of salts from the soil (De
Clercq et al., 2009; Aragues at el., 2014). Soil salinity dataset was collected from the FAO office in
Kabul Afghanistan (Table 6.2).
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6.2.3.13 Soil Organic Matter

Organic matter improves soil structure, moisture retention and fertility. Three percent organic matter is
considered ideal for grapes. It also balances various chemical and biological processes and helps to
maintain soil quality parameters at an ideal level in the vineyards (Goldammer, 2018). The organic
matter mostly influences soil aggregation and related to pore space distribution and has the same effect
as clay on water holding capacity (Saxton and Rawls, 2006) (Table 6.2). The dataset was collected
from the FAO office in Kabul.

6.2.3.14 Land Use Map

A land use map was used to identify the locations of all vineyards in Kabul Province. Land use map
were obtained from FAO geo spatial local office. The land use classes were aggregated into 11
generalized and self-explicative classes. Similar land use classes were merged to the same class based
on ability of land to change to vineyards in the future. There were 11 classes and reclassified to 4

categories based on suitability classes (Worqlul et al., 2017) (Table 6.2).

6.2.3.15 Distance from Road

This criterion is important to access to market to sell the product or buy inputs for vineyard management.
Different types of roads exist in Kabul Province, such as expressways, major roads, minor roads, and
non-standard roads which include the urban and rural roads (Kabul Province master plan). Previous
research proved that the proximity of vineyards to roads and industrial areas causes metal accumulation
in the soil and causes of soil pollution (Deluisa, 1996). Therefore, suggestions from experts were
considered to select more than 1000 m location of vineyards from main roads considered as suitable
areas (Ghulam Rasoul Samadi. Interview. Conducted by Sara Tokhi Arab, 24" July 2021). The road distance
was calculated from the polyline and then changed to raster. After changing to raster, used the Euclidean

distance to calculate the proximity of the nearest paved road to each vineyard (Purnamasari et al., 2019a).

6.2.3.16 Population Density

The number of people per unit area is called population density. When the population density increases
in a region, there is a chance of land use conversion, from agricultural and forest areas to settlements
and other services. Population density has a direct relationship with water scarcity and climate change.
Several studies provide that density increases across the continent should lead to a significant increase
in the extent of water-stressed zones, especially in overpopulated regions (Le Blanc and Perez, 2008;
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Gong et al., 2012). The population density map was developed by the World Bank group to estimate
the number of people per grid square with the national total adjusted to match the united nation (UN)

population division estimation (Worqlul et al., 2017).

6.2.3.17 Benefit-Cost Ratio (BCR)

The benefit- cost ratio is a measure of efficiency that compares a vineyard’s benefit- to its cost. A higher
benefit- cost ratio value means a grape grower can produce more benefit- using fewer costs (Wali et al.,
2016). The benefit and cost of all the vineyards were collected thought field survey in December 2020.

Subsequently, the BCR was calculated through the below expression:

. Total benefit earned from vineyard
Benefit-Cost Ratio= - — (6.8)
Total cost of production required in vineyard

The benefit- cost ratio was added to a separate sheet as a tubular form for all 100 vineyards. After that,
the waypoints (X, y coordinate) of benefit- cost ratio were generated. The benefit cost ratio higher value
showed the suitable low lower value showed the less suitable. More than 1.2 considered as a suitable

and less than 1.2 considered non suitable vineyards.

6.2.3.18 Distance from Market

Access to the market is a very important criterion for vineyard site selection specially for under
developing countries, which mostly does not have access to modern storage and packing systems. Since
table grapes are very perishable therefore access to regional, national, and local markets is very essential.
Access to the markets offers opportunities for higher returns to the growers. Vineyard distance to the
market was collected through the field survey in December 2020. The tubular form of 100 vineyards
was prepared in Microsoft Excel® then market distance was inserted to the location of each vineyard in
ArcGIS Pro® (Worglul et al., 2017). All the criteria further descriptions and sources are described in

Table 2 and the criteria classification thresholds are explained in appendix 6.1.

6.2.4 Regional Scales Criteria

The research was conducted in three steps: first step infrastructure, soil, vegetation, and climate
variables were organized for vineyard suitability analysis as shown in the research flowchart (Figure
6.4). The criterion maps, such as (a) elevation, (b) slope, (c) river, (d) road, (e) soil depth, (f) pH, (g)
soil texture, (h) soil salinity, (i) NDVI, (j) LULC, and (k) rainfall. In this research, different sources
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were used to obtain the datasets, such as FAO, readily available sources, and Google earth engine for
downloading big datasets of Landsat 8 OLI and rainfall. All primary suitability criteria were resampled
to same resolution as Landsat 8 OLI 30 m. Second, the fuzzy membership function was applied to each
criterion based on previous literatures (Figure 6.8). Third, in the ArcGIS® environment, the fuzzy
gamma was applied to overlay all the criteria (Bellman and Zadeh, 1970). Finally, the validation was

done with ground reference datasets (Figure 6.16).

6.2.5 Criteria Reclassification and Weighted Linear Combintion for Micro to Macro

Reclassification was done in ArcGIS Pro® in order to create a new single classified raster map from
the main raster. The raster maps of each critera were classified based on reference to four classes: highly
suitable, moderately suitable, marginally suitable and not suitable each classes were explained

(Apendix 6.1 and Figure 6.5 and 6.6).

6.2.6 Analytical Hierarchy Process (AHP)

AHP was developed by Saaty (1985) to provide a framework for solving multi-criterion decision
problems based on relative importance assigned to each criterion. In this research, the criteria were
chosen based on their importance for physical and socio-economic for vineyards suitability under the
dry condition of Afghanistan. We selected a total of 20 sub-criteria from two main criteria. Since the
AHP has three main steps as the development of pairwise comparison matrix, computation of weight
criterion and estimation of consistency ratio (CR) (Table 6.5). Therefore, the first step is the pairwise
comparison matrix development from the 14 criterion for physical and 6 criterion for socio-economic
were chosen. Subsequently, three questionnaires were developed to obtain the experts' opinions relative

importance of each criterion.

Two AHP questionnaires were designed to collect the expert’opinions regarding the physical and socio-
economic criterion of vineyards in Kabul Province. The thrid one used to know the influenced of each
in total. The intensity of importance of each criterion was scaled from 1 to 9. In the scale, 1 is showed
equal to importance and 9 is refeered to the extremely importance of criteria. On the contraray, the
opposite is 1/9 means extremely less importance. The consistency index (CI) showed the level of
deviation from consistency and was computed using the following expression (Saaty and Kearns, 2014)

(Table 6.3, Table 6.4 and Table 6.5).
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Table 6.2 List of data and source of datasets for table grapes land suitability analysis

No Data Description Data Source
Derived from Spot (10 m color), Google
1 Land use map Earth (2.5m 1m, /0.6m color) and Arial FAO, 2016
Photographs (1m color/ 0.5m B and W).
- DEM SRTM USGS,
. The Shuttle Radar T hy Missi 2014 & 2015
- (st o M g s usos
evation map ’ 2014 & 2015
4 Asect DEM SRTM USGS,
spect map 2014 & 2015
. . JAXA Rainfall GSMAP,
5 Rainfall map Resample to 30m resolution 2016-2020
Land surface t tu . Lansat 8 S USGS,
6 and surtace lemperatre Derived from 30m (band10 and band11) ansa’ © SEEnes
map 2016-2020
7 NDVI map Derived from 30m resolution (band 4 Lansat 8 USGS, 2016-
8 NDMI and band 5) 2020
9 Soil pH FAO, 2020
10 Topsoil texture FAO, 2020
11 Topsoil types FAO, 2020
12 Topsoil depth Afghanistan soil atls, Scale 1:50 000 FAO, 2020
13 Soil texture FAO, 2020
14 Soil organic matter (OM) FAO, 2020
15  Topsoil salinity FA02020
AIMS, OSM OCHA,
16  Road map 1:250,000 2019
17  River map Scale 1:50,000 AIMS OSM OCHA, 2019
Spatial resolution 0.000833333 decimal
18  Population density degrees (approximate 100m at the World Bank Group, 2017
equator)
Dist fi tional
1 - oanee Tom nationa GPS point Field survey, 2020
market
20 Distance from local market GPS point Field survey, 2020
21  Vineyard’s locations Polygon FAO, 2016
22 Benefit- cost ratio GPS points Field survey, 2020
_ Amax-n

— (6.9)

where Amax is the maximum eigen value and n is the number of criteria or sub-criteria in the matrix of
pairwise comparison (Tables 5.2 and 5.3).
CR is the ratio of CI to the average random inconsistency index (RI) for the same order matrix and was

computed using the following expression:
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CR=o) 6.10
R (6.10)

where Cl is the consistency index and RI is the random index (Table 6.5). When the CR value was less
than 10% the matrices consistent and AHP can be continued. If the CR bigger than 10%, the assesment

required revision because the materix is not consistent.

Si= 2i=1 Cix Wy (6.11)
where Ci;is the criterion i that was reclassified and W, is the number of criteria n that were wieghted.
The score (weight) of each criterion was calculated in excel from the AHP (Tables 6.2, 6.3 and 6.4).
Finally, the ArcGIS Pro® was used to combine the spatial data with Si in order to generate a land

suitability map.

6.2.7 Dataset and Criteria Conversion (Fuzzification)

In the fuzzification method, the datasets of various ranges and unites were transformed into a common
scale (0-1). The fuzzy small, large, linear, and gaussian were assigned to biophysical, climatic,
infrastructure, topographic, and soil-related criteria. The fuzzy small transformation function was used
when the small values of the input raster have high fuzzy membership. The defined midpoint identifies
the crossover point (assigned a membership of 0.5), with values greater than the midpoint having a
lower chance of membership and values less than the midpoint having a higher chance of membership
(Equation 6.12). The fuzzy large transformation function was used when the larger input values were
more likely to be members of the set. The specified midpoint recognizes the crossover point (assigned
a membership of 0.5), with values greater than the midpoint possessing a greater chance of being a
member of the set and values less than the midpoint possessing a declining membership (Equation
6.13). Fuzzy linear shows the linear relationship in datasets and minimum values were assigned to 0
and maximum values were assigned to 1 (Equation 6.14). Fuzzy gaussian showed the normal
distribution of datasets. The midpoint was assigned 1, and the remaining datasets moved in positive and
negative directions. The input value membership was decreased when data moved from the midpoint

(Equation 6.15). All fuzzy membership functions had a midpoint (f2) and spread (f7).

1

x\1
f

Hey= (6.12)
@

o
Heo™ H(é)»fl (6.13)
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n={ = a<x<b (6.14)
x>b

(%)= eCfi X)) (6.15)

6.2.7.1 Elevation

In this study, elevation data was obtained from SRTM DEM and taken from the USGS website (Table
1). This criterion was important because direct impact on grapevine phenology. The elevation dataset
was converted using a fuzzy small function from low, ranging from 0 to a high of 6998 m (Stanchi et
al., 2013). The range of elevation was selected based on the expert’s field experience since the study
area's elevation was very high. Fuzzy small selected the optimal elevation was selected in a range of
1500 m. The smaller values were considered optimum in arrange of 1500 m. The elevation range
changed from 0 to 1, where 0 denotes the least suitable areas and 1 denotes the most suitable areas

(Figure 6.8-a).

6.2.7.2 Slope

It relates to the vineyard's degree of inclination, a slight to moderate slope can be good for grape
production. The gaussian function was assigned to each pixel of slope. In the study area, 5-15% slope
was considered the optimal slope based on previous studies (Stanchi et al., 2013; Badr et al. 2018; Arab
et al. 2022). In this process, the optimum elevation was assigned at the peak of the function. More or

less than the ideal range was not good for growing grapes (Figure 6.8-b and Table 6.1).

6.2.7.3 River

There is a significant impact on vineyard production, especially in a country like Afghanistan, where
water scarcity is widely observed due to its geographical location. Based on previous studies and field
experience, up to 1 km from rivers was considered the optimum distance. In this regard, fuzzy small
membership functions were assigned to each river's pixel criteria. The near area value changed to 1, and

further locations were assigned to 0 (Figure 6.8-c & Table 6.1) (Purnamasari et al., 2019).

6.2.7.4 Road
Roads are an important parameter in facilitating the access of growers to input and output markets

(Table 6.1). Based on previous studies and a field expert’s experience, up to 1000 m from the road was
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selected as optimal for vineyard suitability. The fuzzy small membership function was assigned to
roads. The closer the road was assigned 1 and the further distance was assigned 0 (Figure 6.8-d)

(Purnamasari et al., 2019, Arab et al., 2022).

6.2.7.5 Soil datasets

Several important soil variables were chosen, such as soil pH, soil depth, soil texture, and soil salinity.
All these variables were obtained from the FAO soil database (Table 6.1). Fuzzy gaussian membership
was assigned for all soil components. The soil pH range in the study area was 7.4—8.8. The optimum
range was considered to be 6.5-8 (USAID, 2016). Soil texture was categorized for study areas into 9
classes based on FAO classification. Based on reference, the sandy loam, loam, and coarse sandy loam
were selected with higher scores because the clay or silt soils had less water holding capacity in the root
zone of grapevine (FAO, 2020). Poor irrigation and drainage are the primary cause of soil salinity in
the study area because it is mostly prone to drought (Goes et al., 2016). The saline category is assigned
a value of 0 and the less saline category is assigned a value of 1. 2 ECe dS/m is not saline soil (De
Pascale and Barbieri, 1995). The fuzzy gaussian was used to assign all soil parameters. The optimal
level is considered the peak of distribution, which is less than or higher than the range considered 0
(Park et al., 2021; Arab et al., 2022; Goldammer, 2018; Rameshkumar et al., 2006; Badr et al., 2018)
(Figure 6.8 e-h).

6.2.7.6 Normalized Difference Vegetation Index (NDVI)

Google earth engine environment was used to calculate composite NDVI scenes from Landsat 8 OLI
(Tire 1, 8-day composite) from April to October for five years (2016-2020). Finally, the average of all
NDVI from 2016 to 2020 was considered for the suitability analysis. Further analysis was carried out
with ArcGIS® 10.8. The fuzzy linear membership function was assigned. The higher NDVI is given a
value of 1, and the lower NDVI is given a value of 0 (Alwan et al., 2020) (Figure 6.8-i).

6.2.7.7 Land Use Land Cover (LULC

The LULC datasets were obtained from FAO (Table 2). For instance, LULC consisted to different
classes: for instance, vineyards, irrigated and non-irrigated agricultural land, forest and shrubs,
rangeland, barren land and sand cover, permanent snow, build up, water and marshland. The majority
of Afghanistan's land is covered in sand and rock, with only 12% suitable for agricultural activities.

Fuzzy gaussian membership was given to LULC. The maximum vineyard and agricultural land
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membership is 1. However, the minimum membership function for the building, road, and water body

is 0 (Worqlul et al., 2017) (Figure 6.8-j).

6.2.7.8 Rainfall

The rainfall data was collected yearly from the website of time-series rainfall estimates from rain gauges
and satellite observations (CHIRPS). Following that, the five-year mean was used in this calculation.
Based on previous studies, the optimum rainfall for grapevine is about 500mm with that reference fuzzy
gaussian was used (Ted, 2018; USAID, 2016). The optimum rainfall was assigned to 1, that was less or

greater than that assigned to 0 (Figure 6.8-k).

6.2.7.9 Fuzzy Overlay

The fuzzy overlay was used for multicriteria to show the likelihood of a feature belonged to various
sets. The fuzzy gamma was used to develop the final suitability map. The fuzzy gamma developed the
links between the numerous input criteria rather than merely returning the value of a single membership

set, according to fuzzy OR and fuzzy AND (Equation 6.16).

w(x)=(fuzyySum)Yx (fuzyySum) '~y (6.16)

The suitable vineyards were classified based on land index. The presently not suitable and permanently
not suitable areas were classified considered in the similar class to locate highly, moderately and
marginal areas. In this fuzzy method, a land index was calculated and converted from 0-1 fuzzy value
to be multiplied by 100. The suitability classes were determined by the value of the land index: S1
Highly suitable land 75-100, moderately suitable land 75-50, S3 marginally suitable land 50-25 and N
not suitable land 25-0.

6.2.7.10 Validation of Suitability Map with Ground Reference Data

The total yield of 2020 for each province was collected from the statistical book of the Islamic Republic
of Afghanistan (Figure 6.7). The average yield of in each Provinces were calculated from total yield
divided by total vineyard area. Furthermore, a subsequent regression analysis was done between the

grape yield and the land suitability index.
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Table 6.3 Parirwise comparison matirx for grape based on physical criterion to evaluate in Kabul

Province of Afghanistan

8
(0] ?3' > ot
o = = > 2 = o
< — — = > e
E SR EF § o: £ 58 2% s % 5 & %
= — = [ < n a @) g = > ﬁ it &
3 = = I Z z S “ 2 = <
S 8 2 & 3 5 3 = = 3
195 = 195) =
R
wn
Soil Type 1 1/2 1/2 1 1 2 5 5 1 4 2 3 4 5
Soil pH 2 1 1 1 1 4 7 4 4 6 4 4 7 9

Soil Depth 2 1 1 1 1 2 3 5 1 9 8 8 6 8

Soil 1 1 1 1 1 2 8 8 2 7 7 6 6 6
Texture

Soil 1 1 1 1 1 5 7 7 2 6 6 7 7 8
Organic

Matter

Soil 1/2 1/4 172 12 1/5 1 5 6 1 9 7 3 8 9
Salinity

NDVI 1/5 1/7 1/3 1/8 1/7 1/5 1 1 1 2 2 2 9 9
NDMI 1/5 1/4 1/5 1/8 1/7 1/6 1 1 1 1 2 2 7 9
Rainfall 1 1/4 1 12 172 1 1 1 1 9 9 5 9 9
Slop 1/4 1/6 9 177 1/6 1/9 12 1 1/9 1 2 2 3 3

Elevation 172 1/4 1/8 1/7 1/6 1/7 1/2 1/2 1/9 172 1 1 2 2
LST 173 1/4 1/8 1/6 1/7 1/3 1/2 172 1/5 1/2 1 1 3 3

Land Cover  1/4 1/7 1/6  1/6 1/7 1/8 1/9 1/7 1/9 1/3 172 1/3 1 1

Aspect 1/5 7 18 16 1/8 1/9 19 19 19 13 12 13 1 1
Sum 104 63 72 7 6.7 182 397 403 146 556 52 446 73 82
A _
ol = (Amax — n)
(n—1)
RI=1.57

Maximum Eigen value = 15.82

n=14

CR=10.09
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Table 6.4 Normalized matrix of the criteria for grapes based on socio-economic criterion under the dry

condition
2 5
2 o) 2 o) g g
S 2 g7 g= S
= = = s = =
< g g 3 < 9 .S
= 5] 5] o = =
Q i) 3= g ) g [=
5 g 3 £ & 2 £
g g El 2 ‘e &
2] RZ 5 Q g V
g
A A = - S 2
|72 <
A 8
Distance from road 1 2 172 3 8 8
Distance from river 12 1 1 1 6 2
Population density 2 1 1 6 9 6
Benefit- cost ratio 1/3 1 1/6 1 1 2
Distance from local 1/8 1/6 1/9 1 1 1
market
Distance from national 1/8 1/2 1/6 12 1 1
market
Sum 4.0833 5.6667 2.9444 1212 26 20
Amax —n
o = Qmax—n)
(n—1)
RI=1.24
Maximum Eigen value = 6.44
n==6
CR=0.071
Table 6.5 Value of random consistency index (RI) (Aguaron, 2003)
n 3 4 5 6 7 8 9 10 11 12 13 14 15

RI  0.525 0.882 1.115 1.252 1.341 1.404 1.452 1.484 1.513 1.535 1.555 1.570 1.583
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Value
I 51 (Highly Suitable)
S2 (Moderately Suitable)

Value &
I S! (Highly Suitable)
S2 (Moderately Suitable)

I N (Not Suitable) S3 (Marginally Suitable)
) I N (Not Suitable)
Kilometers
— : ‘ — — ‘ Kilometers
0 4.5 9 18 L 1 1 1 1 1 1 1 |
0 4.5 9 18
(a) NDVI
(b) NDMI

P

Value
I S! (Highly Suitable) i
S2 (Moderately Suitable)

S3 (Marginally Suitable) Value
Il N (Not Suitable) S3 (Marginally Suitable)
| | ‘ [I(ilonl'lctcrl.f. | | | | | | [I(ilorpeter;i | | |
0 45 9 18 0 45 9 18
() LST (d) Rainfall

Value 9
I S1 (Highly Suitable)
| S2 (Moderately Suitable)
S3 (Marginally Suitable)

I N (Not Suitable)

Value

I S| (Highly Suitable)

I S2 (Moderately Suitable)
S3 (Marginally Suitable)
N (Not Suitable)

Kilometers Kilometers
L 1 1 | 1 1 | L 1 1 1 1 L 1 J
0 4.5 9 18 0 4.5 9 18
(e) Elevation (f) Slop
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Value

Bl S! (Highly Suitable) :
S2 (Moderately Suitable)
S3 (Marginally Suitable)

I N (Not Suitable)

Kilunllelers
1 1

0

4.5 9 18
(g) Aspect

Value ;
B S! (Highly Suitable) ¢

S2 (Moderately Suitable) “
S3 (Marginally Suitable) *
I N (Not Suitable)
| Kilonl‘leters |
0 I 4?5 I 9 — 18

(i) Land cover

I N (Not Suitable)

Kilometers
I | 1 1 1 |

4.5 9 18

(k) Soil texture

Value
Il S1 (Highly Suitable)
I S2 (Moderately Suitable)
[0 S3 (Marginally Suitable)
N (Not Suitable)

Kilometers
L L 1 L 1 1 L |

0 4.5 9 18

(h) Distance from river

Value
I S2 (Moderately Suitable)

Kilometers
| 1 1 I | 1 1 1 |

0 45 9 18
(j) Soil pH

Value
I S1 (Highly Suitable)

S2 (Moderately Suitable)
L ]J(ilonlleterls L

0 4.5 9 18

(1) Soil salinity
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Value
Il S1 (Highly Suitable)
S2 (Moderately Suitable)
S3 (Marginally Suitable)

I N (Not Suitable)
Kilometers
L 1 L L | L 1 1 |
0 4.5 9 18
(m) Soil depth
N

Value
Il S1 (Highly Suitable)
S2 (Moderately Suitable)
S3 (Marginally Suitable)
I N (Not Suitable)

Kilometers
L | L

L 1 1 1 L |

0 4.5 9 18

(0) Soil organic matter
N

[
Value

I S| (Highly Suitable)
S2 (Moderately Suitable)
S3 (Marginally Suitable)

I N (Not Suitable)
Kilometers
L 1 1 1 | I 1 1 ]
0 4.25 8.5 17

(q) Benefit-cost ratio
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Figure 6.5 Reclassification of criteria for micro- scale (a-o) for physical criterion and from (p-t) for

socio-economic criterion for vineyards suitability analysis
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Figure 6.6 Reclassification of criteria for macro-scale (a-0) for physical criterion and from (p-t) for

socio-economic criterion for vineyards suitability analysis
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6.3 Results

6.3.1 Reclassification of Criteria for Micro to Macro Scales

The raster and vector layers were reclassified based on suitability classes into highly suitable,
moderately suitable, marginally suitable and not suitable categories for mircor and macro scales (Figure
6.5 and 6.6). The reclassification of all the citeria were done based on references (Appendix 6.1). In
the reclassification of criteria, vegetaion indices, NDVI reported that 6.4% of lands (30489 ha) were
highly suitable. However, in climatic varibles, rainfall had the highest percentage for area coverage for

the highly suitable areas during the study periods (Figure 6.5 and 6.6 (a-c)).

Moreover, the reclassification of topographic criterion reported that 52.7 % of land were located in the
highly suitable category (Figure 6.5 and 6.6 (d-g)). Again, soil texture covered 98% (6601.7ha) and
soil types 82.7% (381497.9 ha) located in highly suitable category (Figure 6.4 6.5 (i-0)). However, in
the case of the socio-economic criterion, there were six parameters considered for reclassification.
Among them, population density referred to the highest percentage (94.9%) of lands that belonged to
high suitable areas (Figure 6.5 and 6.6 (p-t)). The results indicated that population density was the
important criterion because the average population is important for proper agricultural intensification

in vineyard operations.

6.3.2 Analytical Hireachy Process Wieghts (AHP)

In this study, the suitable area was monitored in the vineyards of Kabul Province using the weighted
overlay method. First, each parameter was reclassified referring to the perivous research, and then the
AHP weight was assigned based on the expert’s opionons (Table 6.6 and Table 6.7). The AHP results
for physical criterion were indicated that soil texture (13.2%) was the most influenced, followed by
organic matter (11.9%), soil pH (11%), soil depth (10.6), soil salinity (8.2%), rainfall (7.6%), NDVI
(5.6%), soil type (5.6%), LST (5.1%), NDMI (4.8%), aspect (4.8%), land cover (4.7%), elevation
(3.4%) and with the least influenced by the slope (3.2%). Moreover, the AHP determined weight for
the socio-economic parameters and the highest weight was observed for the distance from the road
(22.4%), followed by distance from the national market (18.8%), distance from river (17.1%),
population density (16.4%), the distance from local market (13.3%) and the benefit- cost ratio (12%).
The integrated average weights were assigned from the experts’ opinions and reported that the physical
criterion had an influnced of 58%, and the socio-economics criterion had 42% for table grape

production (Table 6.6 and Table 6.7).
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Table 6.6 AHP weights according the expert’s opinions for physical criterion

No Criteria A (35) B (16) C ) D (8) E (12) Mean Weight
1 Soil Type 0.090 0.013 0.048 0.073 0.015 0.06 5.6
2 Soil pH 0.145 0.022 0.132 0.143 0.061 0.11 11.0
3 Soil Depth 0.131 0.027 0.145 0.123 0.145 0.11 10.6
4 Soil Texture 0.134 0.090 0.159 0.145 0.020 0.13 13.2
5  Soil Organic Matter 0.144 0.039 0.134 0.160 0.080 0.12 11.9
6  Soil Salinity 0.088 0.014 0.126 0.101 0.172 0.08 8.2
7  NDVI 0.043 0.081 0.065 0.040 0.161 0.06 5.7
8 NDMI 0.040 0.065 0.046 0.043 0.078 0.05 4.8
9  Rainfall 0.091 0.066 0.058 0.087 0.127 0.08 7.6
10  Slop 0.024 0.067 0.018 0.020 0.041 0.03 32
11  Elevation 0.021 0.080 0.015 0.019 0.026 0.03 34
12 LST 0.023 0.132 0.031 0.020 0.019 0.05 5.1
13 Land Cover 0.013 0.149 0.011 0.014 0.031 0.05 4.7
14 Aspect 0.012 0.155 0.011 0.013 0.023 0.05 4.8

Sum 1.00 1.00 1.00 1.00 1.00 1.00 100
Overall weight 0.8 0.6 0.6 0.5 0.4 0.58 58

* A-E indicated the expert numbers and number in parenthesis indicated the years of working experiences in the Agriculture

sector for each of the experts, respectively

Table 6.7 AHP weights according the expert’s opinions for socio-economic criteris

No Criteria A (39) B(6) C@® D® E(2) Mean  Weight
1 Distance from road 0.286 0.386 0.227 0.087 0.133 0.22 22.4
2 Distance from river 0.175 0.283 0.330 0.026 0.040  0.17 17.1
3 Population density 0.355 0.063 0.329 0.037 0.037 0.16 16.4
4 Benefit- cost ratio 0.089 0.144  0.039 0.192 0.136 0.12 12.0
5  Distance from local market 0.044 0.074 0.038 0.131  0.380 0.13 13.3
6  Distance from to national market 0.051 0.049 0.037 0.528  0.275 0.19 18.8
Sum 1.00 1.00 1.00  1.00 1.00 1.00 100
Overall weight 0.20 0.40 040 0.50 0.60 0.42 42

* A-E indicated the expert numbers and number in parenthesis indicated the years of working experiences in the Agriculture

sector for each of the experts, respectively
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6.3.3 Land Suitability Analysis

Suitable conditions were determined and reclassification was done for suitability analysis according to
Appendix Table 6.1. First, the physical criterion map was developed using an AHP-based weighted
overlay in the ArcGIS® environment. The results indicated that 22% of lands (100.8 ha) were highly,
27% (121.6 ha) moderately, 31% (141.3 ha) marginally and 20% (455.8 ha) lands were not suitable for
grape production at micro-scale of Shakardar District. However the macro-scale results indicated that
11% of lands (739.17 ha) were highly, 25% (1654.5 ha) moderately, 36% (2376.4 ha) marginally and
28% (1892.8 ha) lands were not suitable for grape production in the Kabul Province (Figure 6.9 and
6.10). According to the physical criterion, the highly suitable lands were located in the north and east
regions of Kabul Province. Furthermore, the socio-economic criterion also considered AHP-based
weights for developing the suitability map based on the socio-economic criteria. The findings revealed
at micro-scale that 29% (95.5 ha) of lands were highly suitable for grape production, 25% (82 ha) were
moderately suitable, 37% (123.8 ha) were marginally suitable, and 9% (0.0009 ha) were not suitable
for grape production and in macro-scale of Kabul Province 16% (764.6 ha) of lands were highly suitable
for grape production, 18% (861.7 ha) were moderately suitable, 28% (1385.3 ha) were marginally
suitable, and 38% (1870.7 ha) were not suitable for grape production in Kabul Province (Figure 6.11
and 6.12). The socio-economic criterion is not directly related to grape production, however, it has an

important role in limiting table grape production.

Furthermore, the combined suitability map was developed from the physical and socio-economic maps
by considering average weights from the experts opionions from micro to macro scales. Both maps
were overlaid based on the overall percentage of influence. According to the combined land suitability
results, the most suitable areas were 46% highly, 50% moderately, and 4% marginally for grape
production at micro-scale. However, at macro scale the most suitable arecas were 13% highly, 26%
moderately, 29% marginally and 33% not suitable for grape production in the Kabul Province of
Afghanistan (Figure. 6.13 and 6.14). Lastly, not suitable and marginal lands were identified from the
combined land suitability map to support the growers by providing subsidies specially marginal and not
suitable lands for production. According to the final suitability map out of 358 vineyards at micro-level
27 vineyards were located in a highly suitable areas and 86 vineyards were located in moderately and
2 vineyards in marginally ares. Howevere, at macro-level out of 1759 vineyards, 1112 vineyards were
located in a highly suitable areas and 549 vineyards were located in moderately suitable areas, 75

vineyards in marginally suitable areas and 23 in not suitable areas (Table 6.8).
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Figure 6.9 (a) Land suitability analysis for grape production based on physical criterion at micro-Scale

(Shakardara District) and (b) pie chart showing the percentage of land for each of the four suitability

classes.
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Figure 6.10 (a) Land suitability analysis for grape production based on physical criterion at macro-
scale (Kabul Province) (b) pie chart showing the percentage of land for each of the four suitability

classes.
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Figure 6.11 (a) Land suitability map for grape production based on socio-economical criterion at

mircro-scale and (b) pie chart showing the percentage of land for each of the four suitability classes.
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Figure 6.12 (a) Land suitability map for grape production based on socio-economical criterion at

macro-scale and (b) pie chart showing the percentage of land for each of the four suitability classes.
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Table 6.8 Vineyards suitability classes based on combined physical and socio-economic factors at

micro and marco scales

Area% Surveyed Vineyards Vineyards Area (ha)
Classes
Micro-scale Macro-scale Micro-scale Macro-scale  Micro-scale  Macro-scale

S1 46 13 27 1112 818 8223.90

S2 50 26 86 549 615 2200.59

S3 4 29 2 75 14 152.69

N 0 32 0 23 0 22.766
Total 100 100 358 1759 1447 10599.96

6.3.4 Reclassification of Criteria for Regional Scale

6.3.4.1 Fuzzy Overlay Analysis

In this research, eleven fuzzy layers: elevation, slope, river, road, soil depth, soil pH, soil texture, soil
salinity, NDVI, LULC, and rainfall were used for vineyard suitability analysis. First, the criteria were
reclassified based on a fuzzy membership function (Figure 6.8 (a-k)). This was done based on
references and previous literature. Subsequently, the fuzzy overlay method was used to develop the
suitable region, the area and percentage of area coverage were calculated per pixel (Table 6.9) for all
Afghanistan. The fuzzy suitability results indicated that in overall Afghanistan 23% (15760144 ha) of
land in highly, 44% (30307470 ha) moderately, 22% (15403607 ha) marginally and 11% (7370025 ha)
were not suitable for grape production in Afghanistan. To confirm the present vineyard locations, the
results indicated that 90.3% (80466 ha) of the vineyards were located in the highly, 7.3% (6533 ha)
moderately, 2.4% (2124 ha) marginally, and 0.01% (5 ha) not suitable areas in Afghanistan (Figure
6.15 Table 6.10).

Table 6.9 Potential areas belonging to the suitable classes based on fuzzy algorithms for Afghanistan

Suitability
Classes Pixels Area (ha) Area (%)
S1 174763186 15760144 23
S2 336077507 30307470 44
S3 170809566 15403607 22
N 81725718 15403607 11
Total 100
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Table 3.10 Potential areas belonging to the suitable classes based on fuzzy algorithms for Afghanistan

Vineyard locations of each suitability class in Afghanistan

Suitability Classes Pixels Vineyards Area (ha) Vineyard Area (%)
S1 892282 80466 90.3
S2 72447 6533 7.3
S3 23553 2124 24
N 57 5 0.013
Total 100

6.3.4.2 Fuzzy Suitability Validation

Ground validation of the suitability map is significant for confirming each suitable vineyard and
extending the vineyard areas for the future in Afghanistan. However, obtaining a large number of
ground datasets in the country's current condition is very difficult. Consequently, the model validation
was done by evaluating and testing the proxy of ground data. In the context of this study, validation
was performed using regression analysis between the average vineyard area from the land suitability
index and the average yield of grapes in each province (Figure 6.16). The result indicated a good
agreement between the land suitability index and grape yield. The correlation coefficients were 0.74 on

the regional scale.

6.4 Discussion

Synthesizing Landsat 8 OLI and TIRS scenes, metrological, topographic, soil and socio-economic
datasets were used to develop a land suitability map for grape production from micro to regional scales.
The expert’s judgment from micro to macro scales indicated that the soil texture and soil pH were the
most important criterion while producing the grapes (13% and 11%). In socio-economic criteria, the
distance from the road and distance from the national market was observed as the most essential
criterion (22% and 18%). Previous studies also implied that the physical properties of vineyards, such
as soil are critically important for the grape’s quality and productivity (Zdruli et al., 2014). These two
socio-economic indicators above mentioned were significant because of carrying the inputs to vineyards
and transporting fresh grapes to the market in the study areas. The findings from micro to macro scales
indicated that most of the vineyards were located in the north part of Kabul Province.

However, based on fuzzy suitability assessment, indicated that highly suitable regions were mostly

located in the southern agroclimatology with some parts of the central zone and northern zone. These
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regions include Kabul, Logar, Khandahar, Kapisa, Ghazni, Zabul, Uruzgan, Kandahar, Herate, Badghis,
Frayah, Jawzjan, Balkh, Kunduz, and Takhar provinces. According to the findings of the study, there
was 23% of land in Afghanistan with potential for vineyard extension. However, only 0.13% of the land
area is currently under vineyard production practices. Some provinces have the highest potential for
vineyard extension, such as Badghis, Faryab, Herat and Takher. The government could act to increase
vineyards since the suitable areas exceed the reality. Because grapes are an industrial crop and fresh
grapes play an important role in growers' farm income and international trade in Afghanistan. The
extension of vineyards will support farmers' livelihoods and be a good replacement for opium
cultivation, especially in southern provinces. Besides, to improve grape grower households' income and
livelihood, implementing a national subsidy program is very important for grape production based on
land suitability and access to facilities and infrastructure. In most countries, especially underdeveloped
countries, the government has tried to reduce production costs, increase the welfare of farmers and their

competitive power in global markets by providing a proper subsidy scheme to them.

Currently, in Afghanistan, there is no specific subsidy scheme for grape growers. Although agricultural
subsidies are an essential aspect of agricultural production and play an important role in international
trade. Therefore, a subsidy program can be introduced to increase grape production regionally by

considering land suitability based on physical and socio-economic criteria that influence production.
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Figure 6.13 Land suitability analysis combining physical and socio economic for grape production in

Shakaradara District
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Figure 6.14 Land suitability analysis combining physical and socio economic for grape production in

Kabul Province
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Figure 6.15 Suitable arecas for table grape production in Afghanistan based on fuzzy multicriteria

decision analysis
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Figure 6.16. Validation of the fuzzy-based land suitability score referring to the average grape yield

from different provinces in Afghanistan

6.5 Conclusions

Appropriate selection of physical and socio-economic criteria is important for land suitability analysis
to increase table grape production and productivity. The socio-economic criteria significantly influence
the livelihoods of vineyard growers and their decisions on whether to grow table grapes. Therefore, this
study carried out the selection of multiple criteria to develop a land suitability model on a provincial to
regional scales to find out the suitable areas for table grape production. The multi-criteria decision
analysis was performed for suitability assessment using twenty criteria, fourteen focusing on the
physical criterion and six for the socio-economic criterion for micro to macro scales. However, for
regional scales eleven biophysical criterion were considered. The suitability model used the FAO land
use/land cover layer and masked the restricted zones for selecting the vineyard area. Through this
research, we found that only 11% physically, 15% socio-economically, and 13% of lands in a
combination of both physical and socio-economic criteria were highly suitable for grape production in
the Kabul Province. However, the regional scale suitability result indicated that 23% of the area was
highly suitable. The validation results showed that the land suitability model had 74% accuracy at the
regional scale. In the analysis, we have found that less than 1% of highly suitable area were used for
vineyard. Therefore, there are significant opportunity to increase the production of table grapes another
21% highly suitable areas. This research has the potential to be applied toward determining the suitable
areas on a regional scale with similar environmental conditions. Furthermore, inclusion of socio-
economic criteria in regional land suitability analysis can support the vineyard growers with the

allocation of subsidies to increase the total production of table grapes and the livelihoods of growers.
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Chapter 7
Overall Conclusions

Grapes are more susceptible to climate change and vulnerable to droughts, with lower production in
southeast Asian countries, including Afghanistan. During drought periods, grapes suffer from poor
berry development and production losses in drought-prone regions of Afghanistan. Therefore, drought
assessment and intervention are required to reduce the effects of drought on vineyards and sustain
farmers’ livelihoods. Satellite remote sensing datasets comprising vegetation, soil, and climatic
parameters could be trained using machine learning algorithms to anticipate long-term changes in yield
assessment and weather forecasts for grower interventions. In this regard, yield evaluation in drought-
prone areas was done by using satellite remote sensing-based time series datasets and a machine
learning approach to assess grape growers during drought periods. The research goal was broken down
into four specific targets: predicting yield using machine learning at the micro-scale, estimating yield
loss using a composite drought index at the macro-scale, assessing the severity of drought in vineyards

at the regional-scale, and assessing the land's suitability from micro to the regional scales.

7.1. Yield Prediction using Machine Learning at Micro-scale

The first objective of this study attempted to create a predictive yield model based on satellite remote
sensing and machine learning approaches. Since the growth stages of the grapevine have a significant
impact on vineyard yield perdition. Therefore, yield perdition of grapes has a significant impact on
monitoring of vineyard production and yield prediction throughout the season, especially during the
drought-affected years at the district levels studied. This study was performed at the micro level. In this
study, NDVI, LAI, and NDWI were utilized to forecast grape output across the growing season. The
findings suggested that in 2017 and 2019, the NDVI had the highest performance (r?=0.79) of all the
vegetative indices; however, in 2019, the LAI reliability (r>=0.79) was greater than the other indices.
According to the ANN-based machine-learning results, the NDVI had the highest identifying
effectiveness (R = 0.94) in 2017, 2018 (R = 0.95), and 2019 (R = 0.92). This study developed a model
for predicting grape yields and creating yield maps with regional variability. Predicting yield of grapes
at different stages could help stabilize the import, export, and marketing strategies during the grape’s

yield losses due to extreme events.

7.2. Yield loss Assessment Using Composite Drought Index at Macro-scale
In this study, yield loss assessment was performed at a macro scale using a composite drought index

derived from satellite remote sensing-based time-series datasets. As a result, the CDI was used to
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monitor drought in Kabul Province vineyards from 2016 to 2020. In this regard, a satellite- based
composite drought index (CDI) was developed from five climatic (precipitation condition index,
temperature), agricultural (normalized difference vegetation index and normalized difference moisture
index) and drought indices (vegetation condition index, temperature condition index, and deviation of
NDVI from long term mean) at micro scale. The PCA was used for weighting each index in order to
create a single map for one year. A precise and accurate drought risk map was prepared with a high
accuracy level of 64.74%. According to the CDI, drought in Kabul Province was observed to be
moderate to severe between 2016 and 2018. The yield loss results indicated that the 2018 (4.9 ton/ha)
yield losses were much greater than the 2016 (3.4 ton/ha) losses in severely drought-affected vineyards.
This research will support and help grape growers and the government to support farmers during the

severe drought conditions by providing a subsidy in Kabul Province, Afghanistan.

7.3. Vineyard Drought Severity Assessment at Regional Scale

The primary objective of this research was to evaluate drought severity in the berry growth stage
through the veraison stages of growth. Since the traditional method for drought assessment is not so
effective, using satellite images and satellite-based climatic datasets was a cost-effective method. In
this study, drought severity was attempted at regional using SVI and SPI for the years 2013 to 2021 in
Afghanistan. Since the datasets were big, the Google Earth engine was used to utilize the raw datasets.
The total table grape yield ton per hectare for all provinces was collected from the statistical department
of Islamic Republic of Afghanistan. Finally, the depth map validation was done with the table grape
yield. The results showed that the drought intensity was extremely high throughout Afghanistan
between 2018 and 2021. In 2018, 4785.03 hectares and in 2021, 1825.83 hectares were extremely
affected by drought. Based on research findings, the coefficient of determination (r?) was high in June
(r*=0.79) and July (r*=0.71). However, in August, it is very low because it is near to harvest time.
Therefore, more water causes fungal disease in grapes and causes yield loss. This research could help

governments and policymakers assist farmers by providing a drought severity-based subsidy scheme.

7.4. Land Suitability Assessment from Micro to Regional scales

This study’s primary objective was to determine the quality of vineyard soil after systemic and localized
drought from a micro to regional scales using satellite remote sensing and multi-criteria decision
analysis. In this search, two methods were used for suitability analysis for micro to regional scales. This
intervention was utilized to evaluate land suitability based on soil, climate, vegetation, and socio-

economic indicators in order to reallocate subsidies based on land suitability or extend the area of
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vineyards based on soil quality. Thus, this research used a variety of variables to construct a land
suitability model at a micro-to-macro level to identify potential sites for table grape cultivation. Twenty
variables were used in the multi-criteria decision analysis for suitability evaluation. Fourteen were for
the physical and six were for the socio-economic indicators. However, in the regional-scale suitability
method, eleven biophysical and climatic criteria were used. The finding suggested that 46% were high,
50% moderately, and 4% marginally suitable at the micro-scale and just 13% of fields were highly,
26% moderately, 29% marginally, and 33% not suitable for grape production based on a combination
of both physical and socioeconomic criteria at macro-scale. Almost 60% of vineyards located in
marginally suitable regions or in unsuitable regions at the macro-scale need government support to
increase their productivity. The fuzzy suitability finding showed that 23% highly, 445 moderately, 22%
marginally and 11% not suitable for grapes production in all over Afghanistan. This research has the
potential to be used to identify appropriate sites with similar environmental conditions. A further study
will be required to validate the regional scale to suitability region based on the field survey and farmers
prospective. In this regard, different agroclimatology variables will be used to develop a regional
suitability map. A subsidy scheme based on drought severity is required following the identification of
marginally and unsuitable vineyard locations. These integrated models might be employed in table

grape production logistics and decision making.

7.5 Future Contributions

Calculating yield loss due to natural disasters based on satellite remote sensing is very important for
underdeveloped countries, especially countries like Afghanistan, where field security makes it difficult
to get data from the ground. In recent years, different high-resolution satellites and analyzing platforms
have been used for this purpose. Farmers and stakeholders may use the data to determine if their lands
are suitable for farming. This information may be used by associations to provide their members with
knowledge and policy recommendations. Farmers will also find benefits in better understanding and
managing their holdings or in creating more precise cost estimations. Finally, the data may be used to
create estimations, inventories, and action plans for academics studying data needs, drought, and
climate change. Additionally, being familiar with the creation, training, and evaluation of machine
learning models as well as publications may aid emerging agricultural machine learning researchers in
properly setting up and monitoring their machine learning programs, leading to the creation of thorough
mid-term best-practice guidelines. In the long term, we anticipate that this research will aid us in
understanding and proposing improvements in the evasion of an early warning system using machine

learning and artificial intelligence.
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Appendix 4.1 Yield maps shows the ground reference data and GPS points collected from Kabul

Province through surveys.
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Appendix 4.2 Variation in yield in severely drought-affected vineyards in percent and tons in 2016

Drought Yield Predicted
Drought Losses Losses
FID latitude longitude composite  (ton/ha) yield
classes (%) (ton/ha)
index 2016 2016 (ton/ha)

7 2 34.807582  69.061695 0.1824 7 7.7 -9.6 -0.7
10 2 34.78959 69.074149 0.1721 5 2.8 43.8 2.2
11 2 34.793774  69.071657 0.1820 3.5 6.5 -85.8 -3.0
14 2 34.634556  69.034192 0.1458 2.8 1.5 47.9 1.3
15 2 34.633661  69.032658 0.1242 1.1 1.0 3.4 0.0
17 2 34.656974  69.052773 0.1614 1.7 1.7 -3.0 -0.1
21 2 34.633463 69.03284 0.1773 53 5.0 6.5 0.3
29 2 34.650874  69.043925 0.1986 5.6 9.0 -61.5 -34
30 2 34.651399  69.047035 0.1826 11.9 7.8 344 4.1
46 2 34.81469 69.089129 0.1645 2.8 1.7 38.2 1.1
47 2 34.809187  69.107673 0.1938 14 10.4 25.9 3.6
59 2 34.82382 69.172991 0.1711 34 2.5 243 0.8
67 2 34.849625  69.212477 0.1589 1.4 1.8 -26.4 -0.4
75 2 34.76698 69.099934 0.1373 1 1.1 -12.1 -0.1
88 2 34.725339  69.062947 0.1659 2.6 1.8 31.5 0.8
92 2 34.793473  69.175309 0.1988 10.5 9.0 14.4 1.5
94 2 34.765873  69.158607 0.1928 10 10.5 -4.8 -0.5
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Appendix 4.3 Variation in yield in moderately drought-affected vineyards in percent and tons in 2016

Drought
Yield  Predicted
Drought composite Losses  Losses
FID latitude  longitude (ton/ha) Yield
classes index (%) (ton/ha)
016 2016 (ton/ha)
1 3 34.81169  69.06475 0.2112 0.6 1.0 -78.6 -0.4
2 3 34.78426  69.07432 0.2305 6.3 4.7 26.2 1.6
3 3 3478391  69.06963 0.2328 2.8 3.9 -40.5 -1.1
4 3 34.80882  69.06958 0.2385 2.8 2.7 4.5 0.1
5 3 34.80892  69.07033 0.2191 0.3 0.6 -100.0 -0.3
6 3 3478762  69.07402 0.2479 5.6 4.9 12.8 0.7
8 3 34.79612  69.05603 0.2112 1 2.0 -100.0 -1.0
9 3 34.81159  69.06469 0.2312 5.6 4.4 20.5 1.2
12 3 34.79081  69.07098 0.2099 4.2 4.1 3.4 0.1
13 3 34.80548  69.05848 0.2179 22 1.7 24.4 0.5
18 3 34.65826  69.04799 0.2992 25 23.5 6.1 1.5
20 3 34.63964  69.02115 0.2096 1.4 2.0 -42.9 -0.6
22 3 34.64016  69.02539 0.2584 10 10.2 -1.7 -0.2
23 3 34.67438  69.04297 0.2704 20 15.2 24.0 4.8
24 3 34.65833  69.04413 0.2340 2.5 3.5 -44.9 -1.1
27 3 34.64961  69.04862 0.2036 0 1.9 0.0 -1.9
28 3 34.65602  69.04641 0.2995 26 23.5 9.7 2.5
31 3 34.65676  69.04295 0.2457 1.4 2.0 -42.9 -0.6
37 3 34.61676  69.23316 0.2117 4.2 33 21.1 0.9
43 3 34.60591  69.28156 0.2199 1.1 2.0 -78.6 -0.9
44 3 34.82612  69.11177 0.2495 5.6 5.7 -1.2 -0.1
48 3 34.81058  69.09507 0.2497 7.7 5.8 25.1 1.9
50 3 34.81966  69.10696 0.2217 3 33 -9.5 -0.3
51 3 34.81907  69.09848 0.2322 0.6 1.0 -78.6 -0.4
52 3 34.82069  69.0947 0.2028 0.8 1.2 -41.7 -0.4
54 3 34.83759  69.20596 0.2428 5.6 3.1 45.1 2.5
55 3 34.81735  69.19552 0.2621 15 11.5 233 3.5
56 3 34.84224  69.14399 0.2458 2 4.0 -99.9 -2.0
57 3 34.84931  69.19973 0.2394 2 2.7 -32.7 -0.7
58 3 34.82095  69.17767 0.2651 3.4 5.0 -48.8 -1.6
61 3 34.82793  69.1844 0.2069 10.1 4.0 60.2 6.1
62 3 34.83003  69.18646 0.2456 11.2 3.9 65.0 7.3
64 3 34.81356  69.19386 0.2705 11.2 15.3 -36.2 -4.1
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65
66
68
69
70
71
73
74
76
77
78
79
80
81
84
85
86
87
89
91
93
100

W W W W W W W W W W W W W W W W W W W W W Ww

34.85171
34.84902
34.76068
34.74413
34.76027
34.7292
34.76275
34.75036
34.72791
34.74312
34.75297
34.75315
34.71092
34.73253
34.71068
34.74096
34.72848
34.72757
34.72889
34.73684
34.79305
34.80073

69.21214
69.21174
69.12376
69.09288
69.12325
69.12714
69.12551
69.13116
69.1296
69.1262
69.08113
69.12924
69.10456
69.04863
69.10661
69.07524
69.0703
69.07141
69.07079
69.07225
69.17482
69.16992

0.2215
0.2188
0.2193
0.2054
0.2000
0.2451
0.2380
0.2397
0.2033
0.2440
0.2657
0.2355
0.2349
0.2054
0.2332
0.2240
0.2479
0.2292
0.2171
0.2193
0.2283
0.2215

4.5
35
1.2
0.8

10
0.2
1.4
1.2
1.4
18
1.4

3.2
6.8
1.2
1.2
0.2
0.4
0.1

10.5

3.2
1.9
2.1
2.0
-1.2
3.7
1.0
2.7
1.6
2.0
12.9
2.0
33
33
3.8
2.0
2.0
0.4
0.8
0.2
5.1
3.2

29.0
44.6
-76.9
-150.0
0.0
62.6
-31.7
-90.1
-35.7
-42.9
28.6
-42.9
53.1
-1.8
44.1
-66.7
-66.7
-66.7
-100.0
-42.9
43.7
69.7

1.3
1.6
-0.9
-1.2
1.2
6.3
-0.8
-1.3
-0.4
-0.6
5.1
-0.6
3.7
-0.1
3.0
-0.8
-0.8
-0.2
-0.4
-0.1
39
7.3
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Appendix 4.4 Variation in yield in severely drought-affected vineyards in percent and tons in 2018

Drought Yield Predicted
Drought Losses Losses
FID latitude longitude = composite  (ton/ha) Yield
classes (%) (ton/ha)
index 2018 2018 (ton/ha)

1 2 34.81169  69.06475 0.1348 0.8 1.2 -44.9 -0.4
9 2 34.81159  69.06469 0.1348 0.0 1.2 0.0 -1.2
12 2 34.79081  69.07098 0.1520 5.6 5.7 -1.3 -0.1
14 2 34.63456  69.03419 0.1122 2.1 2.6 -22.4 -0.5
15 2 34.63366  69.03266 0.1229 0.7 0.7 0.6 0.0
16 2 34.64035  69.01387 0.1145 29 1.9 353 1.0
19 2 34.6402 69.01426 0.1708 4.5 83 -85.5 -3.8
20 2 34.63964  69.02115 0.1024 1.1 1.4 -32.3 -0.3
21 2 34.63346  69.03284 0.1409 1.5 2.0 -100.0 -1.0
22 2 34.64016  69.02539 0.2010 20 24.9 -24.4 -4.9
31 2 34.65676  69.04295 0.1460 0.9 0.5 41.5 0.4
32 2 34.60382  69.23861 0.1904 24.5 15.6 36.5 8.9
34 2 34.64711  69.23964 0.1307 3.5 1.8 49.1 1.7
44 2 34.82612  69.11177 0.1508 5.6 4.9 12.9 0.7
57 2 34.84931  69.19973 0.1348 3.5 1.2 65.1 2.3
61 2 34.82793 69.1844 0.1905 10.1 14.8 -47.1 -4.7
62 2 34.83003  69.18646 0.1975 10.1 8.9 11.3 1.1
68 2 34.76068  69.12376 0.1152 24 1.7 29.8 0.7
70 2 34.76027  69.12325 0.1156 0.2 0.4 -100.0 -0.2
72 2 34.75565  69.13278 0.0903 22 22 0.3 0.0
73 2 34.76275  69.12551 0.1042 1.6 2.1 -31.1 -0.5
85 2 34.74096  69.07524 0.1353 0.4 0.7 -75.0 -0.3
86 2 34.72848 69.0703 0.1484 1.6 2.6 -60.2 -1.0
88 2 34.72534  69.06295 0.1037 2.3 1.9 17.1 0.4
96 2 34.78586  69.17391 0.1906 10. 14.4 -44.4 4.4
97 2 34.77912  69.17211 0.1698 7 7.7 -9.8 -0.7
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Appendix 4.5 Variation in yield in moderately drought-affected vineyards in percent and tons in 2018

Drought Yield

Drought Predicted Losses Losses
FID latitude  longitude  composite  (ton/ha)
classes Yield (ton/ha) (%) (ton/ha)
index 2018 2018

4 3 34.80882 69.06958 0.2359 1.7 3 -78.6 -1.3
5 3 34.80892 69.07033  0.2000 0.1 0.2 -100.0 -0.1
7 3 34.80758 69.0617  0.2300 7.4 4 45.7 3.4
13 3 34.80548 69.05848 0.2300 1.4 2.8 -100.0 -1.4
23 3 34.67438 69.04297 0.2546 11 7.3 333 3.7
25 3 34.65371 69.04333 0.2526 10.5 7.4 29.8 3.1
26 3 34.65519 69.04602 0.2658 11 8.7 20.9 2.3
27 3 34.64961 69.04862 0.2821 18 14.2 21.2 3.8
33 3 34.60374 69.24359 0.2498 12 7.1 40.6 4.9
35 3 34.61446 69.25129 0.2274 5 33 343 1.7
36 3 34.60769 69.23904 0.2557 10.5 7.2 31.1 3.3
38 3 34.64359 69.24063 0.2141 2 3.7 -82.8 -1.7
39 3 34.59808 69.26179 0.2496 1.5 2.0 -333 -0.5
40 3 34.60256 69.27399 0.2200 1 1.8 -80.0 -0.8
41 3 34.64712  69.25391 0.2166 0.5 0.9 -83.7 -0.4
42 3 34.64489 69.25708 0.2786 18 19.5 -8.3 -1.5
46 3 34.81469 69.08913 0.2538 2.8 5.0 -78.6 -2.2
47 3 34.80919 69.10767 0.2684 17 11.8 30.7 52
50 3 34.81966 69.10696 0.2100 4.5 34 23.6 1.1
52 3 34.82069 69.0947  0.2200 0.6 1.0 -58.7 -0.4
53 3 34.81918 69.10264 0.2200 7.7 3.0 61.3 4.7
54 3 34.83759  69.20596 0.2400 7.7 6.0 223 1.7
55 3 34.81735 69.19552  0.2500 10 7.1 28.5 2.9
56 3 34.84224  69.14399 0.2500 2 4.0 -100.0 -2.0
58 3 34.82095 69.17767 0.2100 34 34 -2.3 -0.1
59 3 34.82382  69.17299 0.2600 34 6.6 -97.0 -3.3
60 3 34.84566 69.2174  0.2400 9 6.0 333 3.0
63 3 34.84546 69.21777 0.2500 8 7.1 10.7 0.9
66 3 34.84902 69.21174 0.2400 3.5 6.0 -70.9 -2.5
71 3 34.7292  69.12714 0.2400 7 6.0 14.6 1.0
74 3 34.75036 69.13116 0.2300 1.4 2.0 -42.9 -0.6
75 3 34.76698 69.09993 0.2300 1.9 3.0 -60.7 -1.1
76 3 34.72791 69.1296  0.2200 5.4 3.0 44.5 2.4
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77
78
80
81
84
89
91
92
93
98
99
100

W W W W W W W W W W W w

34.74312
34.75297
34.71092
34.73253
34.71068
34.72889
34.73684
34.79347
34.79305
34.75637
34.75632
34.80073

69.1262

69.08113
69.10456
69.04863
69.10661
69.07079
69.07225
69.17531
69.17482
69.16274
69.14972
69.16992

0.2300
0.2300
0.2700
0.2563
0.2561
0.2223
0.2000
0.2494
0.2574
0.2575
0.2686
0.2562

2.1
7.0
16

3.6

04

0.2
9.5

7.5

4.0
4.0
14.1
7.2
6.0
0.8
04
7.1
7.0
7.0
12.1
7.2

-90.2
429
11.8
-97.8
-97.8
-80.5
-77.6
25.6
22.6
22.6
-61.3
20.5

-1.9
3.0
1.9
-3.5
-3.0
-0.4
-0.2
2.4
2.0
2.0

1.8
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Appendix 6.1 Criteria classification for vineyard suitability analysis based on physical and socio-
economics criterion

Criteria Suitability Threshold Value
References
Classes
S1 0.2-0.5
NDVI S2 05-038 Hashim et al.,
S3 0.8-0.9 2019
N >0.199
S1 0.6-0.8
S2 04-0.6 Zhang et al.,
NDMI S3 04-0.2 2016
N >0.2
ik 25-30°C Stanchi et al
LST :i ;2:32 2013 and
USAID, 2016
N <20
S1 500 mm
Rainfall 52 - Ted, 2018
S3 -
N <800mm
S1 800 — 2000 m
Elevation S2 2000 — 2500 Stanchi et al.,
S3 2500 - 3000 2013
N > 3000
S1 0-10°
Slope S2 10-25° Stanchi et al.,
S3 25-35° 2013
N 35-44°
S1 North, Northeast, East
S2 South, Southeast, Southwest Modica et al.
Aspect
S3 West, Northwest 2014
N North
S1 55-6.5
. S2 4-8.5
Soil PH 33 6580 Brown, 2013
N <5.0and < 8.0
S1 Sandy loam, Loam, very fine sandy loam, Loam very
fine sand, Coarse sandy loam
S2 Silt loam, Loamy sand, Loamy fine sand, Loamy
. coarse sand Badr et al., 2018
Topsoil — :
texture S3 Silt, Silty clay loam, Silty clay, Clay loam, Sandy clay
loam
N Clay
S1 CMe (Eutric CAMBISOLS), CMg (Gleyic
CAMBISOLS) CMu (Humic CAMBISOLS), CMx
Topsoil (Chromic CAMBISOLS), LVx (Chromic LUVISOLS). ~ Acharya and
types 2 CMo (Ferralic CAMBISOLS),GLe ( Eutric Yang, 2015

GLEYSOLS), PHc (Calcaric PHAEOZEMS), PHh

(Haplic PHAEOZEMS RGd).
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S3 RGd (Dystric REGOSOLS), RGi (Gelic REGOSOLS),
FLc (Calcaric FLUVISOLS), LPi (Gelic
LEPTOSOLS), RGe (Eutric REGOSOLS)

N Rock outcrop Glacier, inland ice Lake, inland water
S1 >50 cm
Topsoil S2 20-50 Rameshkumar
depth S3 - et al.,2006
N <20
S1 Rich soil organic matter
Soil organic S2 - Goldammer,
matter (OM) S3 - 2018
N Poor soil organic matter
S1 Slight saline
Soil salinity S2 Moderately saline
S3 N/A Park et al., 2021
N Strongly saline
) S1 1000 m
fz;:aizz 52 1000-2000
S3 2000-3000
N >3000 Purnamasari et
S1 1000 al., 2019
Distance S2 1000-15000
from river S3 <500
N >1000
S1 Medium
Population S2 Low Steiner et al.,
density S3 - 2000
N High
. S1 <2 km
fiﬁiﬁii | S2 2-4 Hossain et
market S3 4-5 al.,2010
N >5
Distance S1 0- S5km
from S2 5—10km Nguyen et al.,
national S3 >10 2020
market N -
S1 Above 1.2
Benefit- cost S2 - Wali, et al.,
ratio S3 - 2016
N Below 1.2
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Additional Appendices A
University of Tsukuba, Japan

Survey 1

Vineyard Survey questionnaire for Shakardara district

Kabul province, Afghanistan

Farmer Name

Village Name

Latitude

Longitude

Latitude

Longitude

Latitude

Coordinates i
Longitude

Latitude

Longitude

Latitude

Longitude

1. Information about agricultural operations in vineyard.

Total area of vineyard in hectare or jerib

Harvest Time Month Day
Number of Vine in vineyard
Type of cultivar
Yield per vine Kg or tone Total vineyard
yield
2017 2017
2018 2018
2019 2019
Month Day
Land clearing time
Planting time Month Day
Fertilizer types Month Day | Amount Irrigatio | Month day frequency

n Time
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Pruning time

Month

Frequency Soil

types

A mount of Rainfall from
planting up to harvesting

(March-September)

1.enough water during

planting to harvesting

harvesting

2.insufficient amount of water during planting to

Temperature ranges from
planting up to harvesting

(March-September)

2.infromation about pre-harvest losses due to natural disaster or others

Please circle vineyard Field suffered damage by.

No. Cultivar Number of | Type of natural Year
losses | disaster

1 Drought
1.Extreme drought
2.Severe Drought
3.Moderate drought
4.Mild drought
5.No drought

Cultivar Type of natural

disaster Year Type of Diseases

2 Diseases 1.leaf roll virus
1.Diseases affect all 2.fanleaf diseases
field 3.Enation diseases
2.Half field
3.None

3 Insect 1. Grape Berry Moth
1. Insect affect all 2. Grape Phylloxera
field 3. Grape Rootworm

4. Grape Flea Beetle

2 Half field 5. Grape Cane Girdler
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6.Grape Cane Gallmaker
3.None 7. Grape Root Borer
8. Redbanded Leafroller
When drought happened? Month Day
When flood happened? Month Day
When disease affected your Month Day
vineyard?
When insect attacked your Month Day
vineyard?
Losses due to drought kg Per vine or total vineyard
Losses due to flood kg Per vine or total vineyard
Losses due to insect kg Per vine or total vineyard
Other sources of loss kg Per vine or total vineyard
Government support (subsidy) amount Month
during the losses
Production purpose for market Kg for market Kg for family consumption
or family
Grape price per kg
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Additional Appendices B
University of Tsukuba, Japan
Survey 2
Awareness of and opinion of farmers about grapes subsidy Questionnaire
Introduction
To fulfill the requirement of PhD degree we would like to do research in the University of Tsukuba and
through this field survey in the Kabul province of Afghanistan to know about the farmers awareness and
opinion about the agricultural subsidy. The finding of this research will support government to establish
subsidy program for farmers in Afghanistan and it also assist producers in dealing with the repercussions of

natural disasters and diseases affecting grapes production and in sustaining their livelihoods.

Code:.eninenninieiniiiieininenennnns Household Head Name:........ccccccovveininennnene.
AGeluiiniiiiiniiiiiiiiiiiiiiiiiiinnn Major Occupation:.......ccoevvevniiniieiiececnennn
Secondary occupation:........... Education level:..........ccooiviniinininnnnnnns
No. of family members:.....................
Telephone: Date of interview: -------------—-—-
Village: District:

Longitude: Latitude:
GPS Location: g 4

I. Household socio-economic information

1. Off-farm jobs: Md Yes (Spe@y) ------------------

2. How many of your family members depend on farming?

3. Do you have membership in cooperative? Ygs] No O

4. Are you the current landowner? YEs] No []

5. What type of landownership are you using?.........cccceeeevveveneeneeseenieesennenns

6. Owned agricultural land area: ....................oeee. (jerib)

7. Total land for grapes cultivation: ..................... (jerib)

8. Which type of Agricultural Land you are having? Irrid Non-Irrid Semi
O] Irrigated

II. Perception of Threat

1. Please rate the most common catastrophes and its frequency in your area during the previous five years.

[J Flood..................... O Drought.................. (Jstorm.............cccoennn.
[ Landslide.................. D Agricultural pests and |:| Other(specify)................
epidemics............o.oueen..
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2. How probable or unlikely is it that you will directly experience natural disasters or diseases that disrupt
grape production?
(10 = This will not happen to me [0 1 = Extremely doubtful 12 = Unbelievable
[J 3= Disinterested [14 = Likely [J 5 = Highly likely
(1 6 = This will undoubtedly happen to me

3. How essential is it for you to prevent or mitigate the negative repercussions of natural disasters or

diseases that harm grape production?
0= it makes no difference
1= Not essential
2= Slightly essential
3= Neutral
4 = quite significant
5= Very essential

6 = incredibly essential

4. How do you rate your personal capacity to defend yourself from nature disasters or infections that
harm grape production?

0 =1 am not able to protect myself

1 =1 can scarcely defend myself

3= Neutral

2=1 can defend myself to some extent

4 =1 can protect myself perfectly

5 =1am quite good at protecting myself
6 =1 can absolutely depend on myself

5. What was the observed and expected production in your farm?

Yield 2020 2019 2018 2017 2016
Expected Yield
Observed Yield

Enumerator Name:

Date:
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Additional Appendices C
University of Tsukuba, Japan
Graduate School of Life and Environmental Sciences

AHP Questionnaire for Vineyard Suitability Analysis base on Physical criteria

SURVEY QUESTIONNAIRE

This study's main goal is to assess Afghanistan’s physical suitability for grape cultivation, mainly in Kabul
Province. Please fill in the below criteria based on its influence

Guidelines:

1. Use the following scale to compare one criterion in a row to another in a column.

[ o Tslwafwe]l vsTwal sl e [ 1 Tols3TalsTel7]s] 9 |
Extreme  Strong Moderate Weak or Slight Equal ~ Weak or Slight Moderate  Strong Extreme

LEAST IMPORTANT MORE IMPORTANT

2. Please compare soil type cell A24 to soil pH cell E24. If you consider soil type more important than soil pH,
please add 1/9 in the column E25. Or if you think both are equal, please add 1.

3.

4. CR is very crucial, and it determines whether the expert’s judgment is consistent or not. Therefore, the CR
result should be less than 0.1.

Note: please fill in the color area of the table only.

Criteria

Soil
Type
Salinity
Rainfall
Elevatio

Soil Type 1

pH Soil

Depth Soil

Texture Soil

Organic

Matter

Soil Salinity

NDVI

NDMI

Rainfall

Slop

Elevation

LST

Land Cover

Aspect

CI=0

RI=1.24 Signature:
CR=0

Name:

Affiliation:

Address:
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Additional Appendices D
University of Tsukuba, Japan

AHP Questionnaire for Vineyard Suitability Analysis based on Socio-economic Criteria

SURVEY QUESTIONNAIRE

This study's main goal is to assess Afghanistan’s socio-economic suitability for grape cultivation, mainly in Kabul
Province. Please fill in the below criteria based on its influence

Guidelines:

Guidelines:

1.Use the following scales to compare one criterion in a row to another in a column.

[wo Twslinfuel s TwalwsT e ] 1 Toals3TalsTel7]s] 9o |
Extreme  Strong Moderate Weak or Slight Equal ~ Weak or Slight Moderate ~ Strong Extreme

LEAST IMPORTANT MORE IMPORTANT
2.Please compare distance from road to distance cell A24 distance from river cell E23. If you consider distance
from road more important than distance from river, please add 1/9 in the column E24. Or if you think both are
equal, please add 1.
3.CR is very essential, and it determines whether the expert’s judgment is consistent or not. Therefore, the CR
result should be less than 0.1.

Note: Please fill in the color area of the table only

Distance Distance from

Distance Distance Revenue
Criteria from from

road river

Populatio
n Density

National

Market

from Local

Market

cost Ratio

Distance from road 1

Distance from river

Population Density

Revenue cost Ratio

Distance from Local
Market

Distance from National
Market

CI=0

RI=1.24 Signature: ................
CR=0

Name:

Affiliation:

Address:

Additional Appendices E
University of Tsukuba, Japan
Graduate School of Life and Environmental Sciences

AHP Questionnaire for vineyard suitability based on Physical and Socio-economic criteria

Which factor is the most important for grapes production in Afghanistan?

Please write your answer in percentage

a. Physical Factors ( %) b. Socii-economic factors ( %)
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