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Abstract: Short-range predictions of crop yield provide valuable insights for agricultural resource
management and likely economic impacts associated with low yield. Such predictions are difficult
to achieve in regions that lack extensive observational records. Herein, we demonstrate how a
number of basic or readily available input data can be used to train an Artificial Neural Network
(ANN) model to provide months-ahead predictions of cotton yield for a case study in Menemen
Plain, Turkey. We use limited reported yield (13 years) along cumulative precipitation, cumulative
heat units, two meteorologically-based drought indices (Standardized Precipitation Index (SPI) and
Standardized Precipitation Evapotranspiration Index (SPEI)), and three remotely-sensed vegetation
indices (Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI), and
Land Surface Water Index (LSWI)) as ANN inputs. Results indicate that, when EVI is combined with
the preceding 12-month SPEI, it has better sensitivity to cotton yield than other indicators. The ANN
model predicted cotton yield four months before harvest with R2 > 0.80, showing potential as a yield
prediction tool. We discuss the effects of different combinations of input data (explanatory variables),
dataset size, and selection of training data to inform future applications of ANN for early prediction
of cotton yield in data-scarce regions.
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1. Introduction
Early-in-the-growing season (i.e., short-range) predictions of crop yield are important
for increasing productivity, managing economic losses due to low yield, and conserving
natural resources. Short-range predictions of crop yield is important for managing the
economic activity of the farm enterprise and for improved management of farm inputs
(e.g., fertilizer, herbicides, etc.). As Leo et al. [1] stated, such short-range predictions for
cotton could also lead to estimating revenue, gin workload, and market value. Moreover,
short-range prediction tools could be of value in some cotton producing countries, such
as Turkey, where irrigation water availability and management is a concern [2]. The
IPCC (Intergovernmental Panel on Climate Change) projects a reduction in global crop
yield with changing climate conditions [3] due to higher frequency, intensity and duration
of drought [4,5]. At large scales, there is a need to develop, prioritize and implement
strategies and policies for sustainable agricultural production [6–8]. However, at the local
scale, producers need reliable, short-range yield prediction tools to enhance agricultural
management systems in the face of uncertainties. Accurate, timely predictions of crop
yield based on early indicators of water stress or untimely precipitation and variations
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of temperature is key for management of crucial farm resources for producers and for
development of agricultural outlooks for traders and governments [9–11].
Reliable crop yield prediction depends on the choice of model, inputs to the model [12,13],
and objective evaluation of the performance of the model. Hara et al. [12] provided a detailed description of factors influencing crop yields, which they divide into two broad
categories, namely primary and secondary factors. Included within the primary factors
are environmental indicators for example temperature and precipitation; soil characteristics such as pH and moisture, and nutrients; and agronomic factors for example land
preparation, and planting date. While secondary factors are those that need additional
measurements that use specialized devices and sensors—for example, remotely sensed
vegetation indices. Artificial Neural Networks (ANNs) lend themselves for development
and fine-tuning of data-driven predictive models as they employ past data [14–18]. ANNs
are nonlinear models developed from a set of predictor variables and known outputs for
use in predicting outcomes based upon new values of the predictors [19,20]. ANN results
indicate that the model’s complexity and the size of training dataset affect the accuracy
of predictions [21]. Statistical measures such as coefficient of determination (R2 ), percent
bias (PBIAS) [22], and mean absolute percentage error (MAPE) [12] can be used to evaluate
model performance.
Cotton is one of the most important and widely produced agricultural and industrial
crops in the world [23], where Turkey ranks 6th in world production [24]. Additionally,
cotton production in Turkey is the main livelihood for many farmers. Turkey’s export
income from cotton is estimated to be ~$178 M annually [24]. The Menemen plain of Turkey
is well known for the cultivation of cotton. However, there is no tool to estimate cotton
yield for short-range prediction in Menemen.
This paper applies an ANN model to provide months-ahead predictions of cotton
yield in data poor regions using basic or readily available climate and remote sensing data
for the Menemen region of Turkey. With respect to climate, cotton is a plant that needs a
long frost-free period, a lot of heat and plenty of sunshine, and prefers a warm and humid
climate. Precipitation and temperature influence other climatic conditions such as relative
humidity and soil temperature that affect cotton growth and yield [25,26]. In addition,
Mauget et al. [27] showed that cotton planting date, which is determined by both soil
moisture and soil temperature, affect cotton yield and quality with late planting, leading
to reduced yield and quality. ANNs require numerous specific input parameters to train
models, which are generally only available at data point locations [9]. As such, short-range
predictions of yield are difficult to achieve in regions that lack extensive observational
records. Crop yield models illustrate a strong relationship between yield, heat units,
precipitation, drought indices, and vegetation indices [28–31]. Ref. [32] documented major
effects of air temperature on cotton growth and yield. Air temperature for crop growth
is generally expressed in heat units, which is average seasonal cumulative temperature
within daily lower and upper crop growth thresholds [33]. Heat units and soil moisture
are needed for crop germination and growth, which affect cotton yield [34]. Likewise, preseason (January through April) precipitation affects cotton yield variability [25]. We used
limited reported yield data (13 years) along with cumulative precipitation and cumulative
heat units as basic inputs for the ANN model.
Previous studies have shown that drought and vegetation indices (VI) are useful
for short-range crop predictions [35–37]. Ref. [38] used rainfall to estimate corn and
soybean yield using ANN in Maryland, USA. The results showed that ANN corn yield
model resulted in R2 = 0.77 and the soybean yield model R2 = 0.81. Recently, SPEI, SPI,
and satellite based VIs were used in artificial intelligence-based crop yield forecasting
models. For example, Ref. [39] showed that a forecasting system based on multiple
growth stage-specific indicators, simulated biomass, climate extremes (drought, heat, and
frost), NDVI, and SPEI can estimate wheat yield one month (~35 days) prior to harvest in
southeastern Australia.
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We used two meteorologically-based drought indices (Standardized Precipitation
Index (SPI) and Standardized Precipitation Evapotranspiration Index (SPEI)), and three
remotely-sensed VIs (Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI), Land Surface Water Index (LSWI)) as early indicators of agricultural
water stress. SPI [40] and SPEI [41] were developed to monitor meteorological drought and
associated agricultural productivity. NDVI is a popular vegetation index, but it has some
limitations since the index becomes saturated (i.e., non-responsive) to leaf area indexes due
to lack of sensitivity to atmospheric aerosols and the soil background [42–44]. EVI was
developed to minimize oversaturation when viewing land surfaces with high values of
chlorophyll [45–48], and to enhance vegetation signals with an improved sensitivity to soil
brightness [49,50]. LSWI is a water stress indicator [51], which is effective in representing
free water, soil moisture, and vegetation water content [52,53]. Although LSWI is more
sensitive to liquid water in vegetation canopies as compared to NDVI and EVI [54–56], its
application has been limited to a small number of crops and climate conditions.
The overall goal of this study was to utilize a number of basic and readily available
climate and remote sensing input data as explanatory variables for use by an ANN model
to provide months ahead predictions of cotton yield for a case study in Menemen Plain,
Turkey as an example of a data-scarce region. Specific objectives include determining
(1) the effects of using different combinations of explanatory variables, also known as input
neurons, on prediction accuracy, (2) the effects of dataset size and climate scenarios on
prediction accuracy, and (3) possible lead-time to provide reasonably accurate cotton yield
predictions for management decision-making. The use of meteorological and vegetation
indices over different climate scenarios are presented as a numerical experiment of the
ANN model’s ability to predict cotton yield under a range of plausible conditions. We
discuss the effects of using different combinations of explanatory variables, dataset sizes,
and selection of training data to inform future applications of ANN for early prediction of
cotton yield in data-scarce regions.
2. Materials and Methods
2.1. Study Site
Turkey is located in the temperate zone of the Mediterranean basin and possesses many
climate types [57]. However, ~42% of the country is largely characterized by the Koppen–
Geiger Csa climate type, which includes western Turkey [57]. This study was carried out in
the 69, 449 ha Menemen Plain of the lower Gediz River basin, which is located on the eastern
edge of the Aegean Sea just north of Izmir, Turkey (26◦ 400 –27◦ 070 E, 38◦ 260 –38◦ 400 N). The
Menemen Plain covers alluvial lands and colluvial foothills [58]. Gediz alluvial’s base is
at an altitude of 0–6 m, and the side alluvials are at an altitude of 6–30 m. The nearby
mountains’ altitude approaches 1100 m. The Menemen Plain, which is well known for
the cultivation of cotton (8212 ha; 35% of total cultivated area), typifies a Mediterranean
climate, with hot dry summers and cool wet winters. We acquired the long-term climate
data for Menemen (1984 to 2018) from Turkish State Meteorological Service [59]. According
to long-term climatic data (1984–2018), average total annual precipitation (Pann ) is 577 mm,
and average annual air temperature (Tann ) is 18 ◦ C (Figure 1). The hottest month is July
and the coldest is January [59].
From 1984 through 2018, Pann varied from 245 mm (2007) to 822 mm (2001) and Tann
ranged from 16.2 ◦ C (2011) to 18.5 ◦ C (1994). Moreover, the seasonal distribution of P
(not shown) is also different between years. In this study, we used data for the period of
2006–2018, which is representative of the climatological conditions of the region. For this
13-year period, the total amount of precipitation was less than 8 mm in July–August and
most precipitation occurred during September–March (data not shown), and generally
irrigation starts in July for cotton growers in this region.
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2.3.1. Explanatory Variables: Drought and Vegetation Indices, Heat Units, Precipitation
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or surplus, allowing to factor in the effects of temperature in drought characterization.
Drought category classification based on SPEI value is summarized in Table 1:
Di = Pi−ETpi,

(2)

Details of the procedure to compute SPEI are given in Vicente Serrano et al. [41]. We
used the Hargreaves [65] method to calculate ETp as modified by the FAO-56 reference
crop definition [57]. The Hargreaves Equation (2) is based on the relationship between
maximum and minimum air temperature as a proxy for net radiation [65]:

ET p = a × 0.408 × R a × Tavg + b × ( Tmax − Tmin )c
(3)
where Ra is the extraterrestrial radiation (MJ m−2 d−1 ), Tmax is maximum air temperature(◦ C),
Tmin is the minimum air temperature (◦ C), Tavg is calculated as the average of Tmax and
Tmin (◦ C), and the coefficient of 0.408 is used to convert from MJ m−2 d−1 to mm d−1 . Ra is
a function of latitude and day of year. Coefficients a (= 0.023), b (= 17.8), and c (= 0.5) are
multiplier and offset parameters [65,66].
Table 1. Drought category classification by SPI and SPEI values [40,67].
SPI/SPEI Values

Drought Category

>2.00

Extremely wet

1.50 to 1.99

Severely wet

1.00 to 1.49

Moderately wet

−0.99 to 0.99

Near normal

−1.49 to −1.00

Moderate drought

−1.99 to −1.50

Severe drought

<−2.00

Extreme drought

Vegetation Indices (NDVI, EVI, LSWI): The Landsat 7 Enhanced Thematic Mapper Plus (ETM+) (30 m resolution) reflectance data in the blue (0.45–0.52 µm), green
(0.52–0.60 µm), red (0.63–0.69 µm), near infrared (NIR: 0.77–0.90 µm), and two shortwave
infrared (SWIR1: 1.55–1.75 µm, SWIR2: 2.09–2.35 µm) wavebands for the period 2006–2018
were obtained from the Google Earth Engine. Images having clouds and shadows were
excluded from analysis. A total of 166 images were acquired with the number of images
per year varying from 9 (2012) to 17 (2014, 2017, 2018) (Supplementary Table S1). Satellite
images were acquired for path/row of 180/33 and 181/33 to provide a complete coverage
of the study area. The images overlapped by ~20% because of the location of the study area
in an overlap zone of the images. The overlap of the two images allowed observation of
the study area on a less than 16-day basis.
The Landsat 7 ETM+ surface reflectance (ρ) from Landsat red, NIR, blue, and SWIR1
bands data were used to calculate NDVI [68], EVI [69] and LSWI [70] as shown in
Equations (4)–(6):
ρ − ρred
NDV I = nir
(4)
ρnir + ρred
EV I = G ×

ρnir − ρred
ρnir + (C1 × ρred − C2× ρblue ) + L
LSW I =

ρnir − ρswir1
ρnir + ρswir1

(5)
(6)

The coefficient values used in the EVI equation are: G = 2.5, C1 = 6, C2 = 7.5, and
L = 1 [50].
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Heat Units: Heat units (HUs) were calculated using daily maximum (Tmax ), minimum
(Tmin ) and base air temperature (Tb ) expressed as:
HU (◦ C) =

( Tmax + Tmin)
− Tb
2

(7)

In this study, Tb for cotton was assumed as 15.5 ◦ C. Cumulative HUs (CHUs) were
used. HUs computed for April when cotton was planted were used as CHUs. The value of
CHUs for the months of May through August was calculated as the sum of heat units for
all months from April through May, June, July, and August, respectively.
Cumulative Precipitation: Because antecedent soil moisture affects seed germination
and hence crop yield potential [71], cumulative precipitation (CP) for April (when cotton
is planted) was calculated as the sum of the precipitation received in March and April.
The sum of precipitation for all months from March through May, June, July, and August,
respectively, provided the CP for the months of May through August.
2.3.2. Dataset Sizes and Climate Scenarios
It is generally accepted that long-term data are preferred for model predictions; however, only 13 years of cotton yield data were available in the study area. One of the
objectives of this study was to evaluate the effect of dataset length and prevailing climate
conditions on ANN predictions of cotton yield. Thus, we used the 13-year dataset as a
baseline scenario along with a series (n = 26) of constructed 6-year datasets to address
this objective. The 6-year datasets were based on different climate scenarios as follows
(see Supplementary Tables S2–S6): eight 6-year datasets based on predominantly average
precipitation conditions, eight 6-year datasets based on predominantly dry conditions,
and eight 6-year datasets based on predominantly wet conditions. Two 6-year datasets
representing variable climate scenarios were also developed with each dataset containing
two average, two dry, and two wet years (Supplementary Tables S2–S6). These 27 datasets
representing 13-year and 6-year record lengths together with the 18 explanatory variable
(CP, CHUs, 2 Dis × 3 temporal scales × 3 VIs) combinations resulted in 486 ANN model
runs. Results from these model runs were used to determine the impact of DIs and VIs and
dataset size and climate scenarios on cotton yield prediction.
2.4. ANN Model
ANNs are nonlinear and non-statistical models that mimic the learning process of the
human brain [72,73] and no assumption of normality of the data is implied. In feedforward
ANN models, neurons are packed together in layers known as the input, hidden, and
output layers. In this study, we used a multilayer perceptron (MLP) neural networks
technique. The explanatory variables are fed to the neurons in the input layer and the
neurons in the hidden layers model the nonlinear mathematical function (ŷ = f hwx, bi)
between the input neurons (SPI, SPEI, NDVI, EVI, LWSI, precipitation data, heat units, etc.)
and the output neuron (one neuron, in this case, i.e., cotton yield). A predictive ANN
model is developed through weighting the neurons in the hidden layer. As the data records
are read and evaluated by the ANN, the weights (w) and biases (b) in the hidden neurons
are optimized so that predicted output (ŷ) inputs are associated as strongly as possible
with the actual output (y) during the model training process. The ANN model is iteratively
trained and evaluated until its predictive accuracy is maximized [74]. In this study, ANN
development was performed in MATLAB using its built-in command window that enables
the users to perform all the analysis steps [75].
To minimize the impact of under- or over-fitting the ANN model [76], we limited
the number of hidden neurons (=34 for the 13-year data set and =17 for the 6-year data
sets) as described in [72,73]. We used the rule of thumb provided by [73], which states
that the sum of total number of cases, total number of inputs, and total outputs divided
by 2 is equal to the number of hidden neurons. For each of the 486 ANN model runs, the
dataset was divided into two parts: 70% for network training, 30% for network testing.

Agronomy 2022, 12, 828

8 of 19

The network was trained with the Levenberg–Marquardt backpropagation algorithm, and
the hidden layer was constructed using a sigmoid transfer function, and the output layer
consisted of a linear function. The sigmoid function is used generally for hidden layers
because it combines linear, curvilinear, and constant features depending on input [77].
ANN predicted values were a linear function of the hidden layer.
2.5. How Early Can ANN Provide Accurate Cotton Yield Predictions?
A major piece of information for cotton producers in dry regions in a given year is
knowing as early as possible the yield potential based on the prevailing climatic (precipitation and temperature) to decide whether and when to irrigate or not for economic farming.
In order to determine how early ANN can provide accurate cotton yield predictions before
harvest in September, cumulative precipitation and cumulative HUs for the months of
April, May, June, July, and August, along with the best drought index and vegetation index,
were used to predict cotton yield and compared with measured yields to determine prediction accuracy. The ability for ANN to predict cotton yield well using different combinations
of drought indices, vegetation indices, cumulative precipitation, and cumulative heat unit
values for the months of April, May, June, July, and August in reality implies the ability
to predict cotton yield potential during harvest (September) 5, 4, 3, and 2 months, and
1 month, respectively, prior to harvesting.
2.6. Cotton Yield Prediction Assessment and Statistical Analyses
Model performance comparisons were made using exceedance probability of predicted average cotton yield, R2 , PBIAS, and MAPE for all model runs in each scenario.
The R2 , PBIAS, and average predicted cotton yield values of ANN model runs for each
scenario were ranked in descending order and the corresponding exceedance probability
(P) calculated as:
,
N
P=
(8)
( n + 1)
where N is the rank of the average cotton yield value predicted by ANN or PBIAS or R2
performance value and n is the total number of models runs in each scenario. The P for
an outcome of given magnitude is defined as the probability that an outcome equals or
exceeds that magnitude that will occur in any single run.
Following [78], analysis of variance (ANOVA, p-value < 0.05) of R2 , PBIAS, and
predicted average cotton yields were carried out to determine if there were statistical
differences in model performance based on given combinations of explanatory variables
used, dataset size (13 vs. 6 years), climate scenarios (average, dry, wet, variable), or possible
lead time for accurate cotton yield prediction prior to harvest. The residuals were calculated
using differences between observed and predicted yield using the regression function.
3. Results and Discussion
We performed a residual analysis to ensure that the ANN model fit was correct. The
residual values were obtained by computing the difference between observed and predicted
ANN values. A plot of residuals for all observed and predicted datapoints is illustrated
in Figure 3. The randomness of the residual plot (Figure 3a) shows that residuals are
independent, while the histogram (Figure 3b) indicates that the random errors inherent in
the process were drawn from a normal distribution. These results show that the model fits
the data well.
The results of R2 , PBIAS, and MAPE were computed using predicted cotton yields
from the 486 ANN model runs of different combinations of DIs and VIs used with CP
and CHUs and the corresponding measured data. These results were used to determine
the effects of (1) drought and vegetation Indices and (2) dataset size and climate on ANN
cotton yield prediction performance and predicted outputs, and to determine (3) how early
ANN can provide reasonably accurate cotton yield predictions. However, we summarized
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0.49 (NDVI-SPEI3) to 0.60 (EVI-SPI3), 0.60 (EVI-SPI6) to 0.77 (NDVI-SPI6), and 0.71 (EVISPI12) to 0.88 (EVI-SPEI12), for drought indices computed at 3, 6, and 12 months, respectively. Conversely, the probability that a given ANN model run performance would exceed
PBIAS of 5% decreased with the length of monthly interval with exceedance p-values ranging from 0.26 (NDVI-SPEI3) to 0.13 (EVI-SPEI3), 0.18 (NDVI-SPEI6) to 0.10 (EVI-SPEI6), and
0.18 (EVI-SPI12) to 0.04 (EVI-SPEI12), for drought indices computed at 3, 6, and 12 months,
respectively. Between the two drought indices computed at 12 months, SPEI generally had
higher exceedance p-values than SPI for R2 > 0.70, with values ranging from 0.77 (LSWI) to
0.88 (EVI) compared with 0.71 (EVI) to 0.76 (NDVI) and lower exceedance p-values than
SPI for PBIAS > 5%, with values ranging from 0.10 (LSWI) to 0.04 (EVI) compared with
0.15 (EVI) to 0.05 (LSWI).

ANN model runs predicted cotton yield with R2 > 0.70 while 96% of all model runs predicted cotton yield values within 5% of observed cotton yield values. Similarly, 49 % of all
(135) NDVI-SPEI3-P-HU ANN model runs predicted cotton yield with R2 > 0.70 while 74%
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4.45 a
0.31
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EVI
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SPEI
LSWI
SPI

SPEI6
SPEI12
SPI3
SPI6
SPI12
SPEI3
SPEI6
SPEI12
SPI3
SPI6
SPI12

135
135
135
135
135
135
135
135
135
135
135

5225 a
5213 a
5226 a
5225 a
5249 a
5233 a
5243 a
5257 a
5237 a
5227 a
5238 a

19
16
18
19
24
22
18
17
16
20
17

0.75 b
0.87 c
0.68 a
0.69 ab
0.76 b
0.67 a
0.75 b
0.79 b
0.71 a
0.74 a
0.76 a

0.02
0.01
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02
0.02

2.41 a
1.77 a
2.72 a
2.60 a
2.71 a
3.13 a
2.93 ab
2.04 b
2.57 a
2.60 a
1.90 a

0.25
0.24
0.31
0.28
0.34
0.28
0.35
0.23
0.31
0.30
0.23

4.42 a
2.76 a
4.54 a
4.14 a
3.69 a
4.76 a
4.39 ab
3.38 b
4.03 a
3.94 a
3.11 a

0.55
0.26
0.31
0.30
0.41
0.33
0.46
0.37
0.28
0.32
0.26
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Table 2. Cont.
Vegetation Drought
Index
Index

SPEI
NDVI
SPI

R2

Yield (kg/ha)

Comp.
Months

Total Count (N)

SPEI3
SPEI6
SPEI12
SPI3
SPI6
SPI12

135
135
135
135
135
135

PBIAS (%)

MAPE(%)

Mean

Std.
Error

Mean

Std.
Error

Mean

Std.
Error

Mean

Std.
Error

5242 a
5257 a
5214 a
5264 a
5202 a
5234 a

22
22
14
23
18
18

0.60 a
0.78 b
0.81 b
0.69 a
0.81 b
0.79 b

0.03
0.02
0.02
0.02
0.02
0.02

3.53 a
2.78 ab
2.30 b
3.33 a
2.71 ab
2.16 b

0.33
0.33
0.30
0.32
0.31
0.23

5.53 a
4.08 ab
3.10 b
4.82 a
3.63 ab
3.39 b

0.37
0.41
0.33
0.45
0.32
0.30

Different letter in the same column indicates a statistical difference (p < 0.05).

Overall, the SPEI12 used with EVI had the lowest PBIAS and highest R2 exceedance
p-values, while SPEI3 used with NDVI had the highest PBIAS and lowest R2 exceedance
p-values (Figure 4). For example, the EVI-SPEI12 combination had the highest exceedance
p-value of 0.88 for the threshold R2 value of 0.70 and the lowest exceedance p-value of
0.04 for PBIAS threshold value of ±5%, while the NDVI-SPEI3 had the lowest exceedance
p-value of 0.49 for the threshold R2 value of 0.70 and the highest exceedance p-value of 0.26
for the threshold PBIAS value of ±5%. This implies that 88 % of all (135) EVI-SPEI12-PHU ANN model runs predicted cotton yield with R2 > 0.70 while 96% of all model runs
predicted cotton yield values within 5% of observed cotton yield values. Similarly, 49 %
of all (135) NDVI-SPEI3-P-HU ANN model runs predicted cotton yield with R2 > 0.70
while 74% of all model runs predicted cotton yield values within 5% of observed cotton
yield values.
The conclusion of EVI-SPEI12 being the superior combination is further supported
by R2 training and testing values obtained iteratively during the process of maximizing
the prediction ability of the ANN (Table 3). As shown in Table 3, EVI-SPEI12 vegetation
index and drought index combination had the best performance as compared with other
combinations. The R2 values of training and testing were 0.92 and 0.88, respectively.
Table 3. The R2 training and testing values of ANN results for various combinations of
explanatory variables.
Cumulative
Precipitation

Cumulative
Heat Units

Vegetation
Index

Drought Index

Comp. Months

SPEI

Training

Testing

SPEI3
SPEI6
SPEI12

0.77
0.85
0.92

0.77
0.83
0.88

SPI

SPI3
SPI6
SPI12

0.74
0.81
0.72

0.69
0.83
0.79

SPEI

SPEI3
SPEI6
SPEI12

0.67
0.79
0.86

0.71
0.72
0.81

SPI

SPI3
SPI6
SPI12

0.77
0.81
0.86

0.79
0.74
0.81

SPEI

SPEI3
SPEI6
SPEI12

0.62
0.81
0.88

0.77
0.74
0.77

SPI

SPI3
SPI6
SPI12

0.72
0.83
0.81

0.72
0.81
0.74

EVI

CP

CHUs

R2

LSWI

NDVI
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These findings are in agreement with the findings of previous studies. Ref. [79] found
that the prediction accuracy of drought improved as the temporal scale at which drought
indices (SPI, SPEI) were computed as increased, which they attributed to an increase of
the filter length data. This result is in agreement with another previous study indicating
increased yield prediction for Spanish cereals’ accuracy using statistical crop models as the
time base for SPI calculation increased from one month to three and six months [80]. Other
studies have shown that inclusion of evapotranspiration in SPEI improves correlation with
crop yield [72,81]. Another study determined that remotely sensed VIs and SPEI could
be good tools to predict wheat yield and mitigate yield losses [29]. EVI was found to be a
better predictor than NDVI in crop yield estimation using a machine learning model [82]. In
addition, Ref. [83] showed that EVI can be used to estimate cotton yield with 91% accuracy.
Therefore, EVI, SPEI12, cumulative heat units, and precipitation for months of April, May,
June, July, and August were selected and used for the remaining sensitivity analyses in
this study. However, the results show that other indices can also be used to predict crop
yield, which is supported by previous studies [6,40,79,84–86]. For example, Ref. [6] used
NDVI and weather data as explanatory variables to predict maize yield in Trans Nzoia and
Nakuru County, Kenya with an R2 of 0.86. In another previous study, Kouadio et al. [87]
found that both NDVI and EVI performed equally well in predicting spring wheat yield
in Canada.
3.2. Effect of Dataset Size and Climate on ANN Cotton Yield Prediction Outputs and Performance
There were no significant differences in mean cotton yield prediction with respect to
dataset size (13 vs. 6 years.) and 6-year climate scenarios, except for a significant underprediction of mean cotton yield during predominantly dry years. The lower predicted
cotton yields for the predominantly dry climate scenarios align with the general knowledge
that drought decreases rainfed crop yield potential due to water shortage [88–90]. The
results illustrated that vegetation and hence cotton yield responded to soil water availability
and temperature [29,91]. The results of the mean cotton yield predicted by the ANN model
and the computed R2 and PBIAS values for each of the 27 dataset sizes (13 vs. 6 years), and
twenty six 6-year climate scenarios for each of the five months are presented in Table 4.
Table 4. Descriptive statistics of ANN cotton yield prediction output and performance for each
dataset size and climate scenario category.
R2

Yield (kg/ha)
Scenario

Total Count (N)

Baseline
Dry
Wet
Average
Variable climate

5
40
40
40
10

PBIAS (%)

MAPE (%)

Mean

Std. Error

Mean

Std. Error

Mean

Std. Error

Mean

Std. Error

5300 a
5019 b
5320 a
5279 a
5256 a

35
24
19
17
72

0.73 ab
0.87 ab
0.90 a
0.81 b
0.86 ab

0.09
0.01
0.01
0.03
0.01

14.8 a
1.85 b
0.75 c
1.20 bc
1.30 bc

0.66
0.20
0.13
0.17
0.44

3.83 a
3.96 a
1.54 b
2.98 a
2.51 ab

0.53
0.34
0.14
0.27
0.48

Different letter in the same column indicates a statistical difference (p < 0.05).

Results also indicated that ANN generally predicted cotton yield better using 6-year
datasets than 13-year dataset, with significantly lower PBIAS and noticeably higher R2
values, irrespective of climatic condition (Table 4). This result is counterintuitive to the
general recommendation in modeling to use as long a dataset as possible [92]. This finding
could be attributed to higher probability of ANN to yield good correlation values during
the training phase using climatic conditions that are significantly different from the testing
phase for the highly variable 13-year than for the 6-year climate scenarios. This explanation
is supported by the training and testing R2 values of ANN for different dataset size and
climate scenarios presented in Table 5. The training and testing R2 values were relatively
within the same ranges for the four 6-year climate scenario categories, while the testing
value for the 13-year baseline scenario with greater climate variability was lower (Table 5).
Based on the MAPE results, the wet climate scenario has a significantly lower value than
the rest of the scenarios. However, although the 13-year baseline scenario resulted in lower
R2 and higher MAPE and PBIAS mean values than the 6-year climate scenarios, the ANN
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predicted cotton yield reasonably well using either 6 or 13-year data and therefore can be
used for data-scarce regions.
Table 5. The R2 training and testing values of ANN results for various dataset size and climate scenarios.
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3.3. How Early Can ANN Provide Reasonably Accurate Cotton Yield Predictions?
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Figure 5. ANN cotton yield prediction performance and the predicted and observed values.
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These results agree with previous studies which reported that satellite-based VIs data
from a couple of months prior to harvest can be used for short range crop predictions
using statistical regression models [13,93,94]. Other previous studies showed that using
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Table 6. Descriptive statistic of ANN cotton yield prediction output and performance using EVI,
SPEI12, and CP and CHUs for each month.
R2

Yield (kg/ha)

PBIAS (%)

MAPE (%)

Month

Total
Count (N)

Mean

Std. Error

Mean

Std. Error

Mean

Std. Error

Mean

Std. Error

April
May
June
July
August

27
27
27
27
27

5219 a
5201 a
5217 a
5212 a
5217 a

35
36
31
40
38

0.88 a
0.82 a
0.85 a
0.86 a
0.88 a

0.02
0.03
0.03
0.03
0.02

1.63 a
1.44 a
1.78 a
1.81 a
2.19 a

0.52
0.55
0.49
0.57
0.62

1.35 a
1.00 a
1.55 a
1.37 a
1.54 a

0.22
0.15
0.25
0.24
0.23

Different letter in the same column indicates a statistical difference (p < 0.05).

These results agree with previous studies which reported that satellite-based VIs data
from a couple of months prior to harvest can be used for short range crop predictions
using statistical regression models [13,93,94]. Other previous studies showed that using VIs
with ANN estimated crop yield more 60 days before harvest with high accuracy [95–97].
In another previous study, Bouras et al. [98] found that three machine learning models
(Support Vector Machine, Random Forest, and eXtreme Gradient Boost) could be used
to predict potential yield for three cereals (soft wheat, barley, durum wheat) in Morocco
using satellite-based drought indices, weather data, and climate indices four months before
harvest. Results showed that the three machine-learning models predicted the yields with
RMSE values varying from 0.20 to 0.25 t. ha−1 and R2 values varying from 0.88 to 0.95.
Therefore, the ANN model can be used to provide months ahead predictions of cotton yield
on the Menemen Plain using variables derived from basic and readily available climate
and remotely data. Since cotton is irrigated during the growing season (June-August) in
Menemen, the ANN model can inform irrigation water needs based on the cotton yield
potential predicted in April and/or May.
Whereas this study focused on the effects of remote sensing DIs and VIs as well
datasize and climate on cotton yield prediction, cotton yield is affected by many factors
that can be largely categorized as genetics such cotton varieties; environment such as
precipitation and temperature; and management practices such as tillage practices, planting
date, length of the growing period, fertilizer types, and application rates, and irrigation
water management [26,99–103]. Therefore, there is a need for more studies to determine
how ANN models can be used to determine the effects of these factors on cotton yield.
4. Conclusions
This study investigated the potential use of ANN for short-range prediction of cotton
yield on the Menemen Plain of Turkey as an example data-scarce region using basic and
readily available climate and remote sensing input data as explanatory variables. Using
drought indices computed at 12-month temporal scales along with VIs, precipitation, and
heat units resulted in better cotton yield predictions than drought indices computed at
3- and 6-month temporal scales. In general, SPEI was a better cotton yield predictor than
SPI computed at 12 months when used in combination with other described explanatory
variables, although all drought and vegetation indices along with precipitation and heat
units are generally good cotton yield predictors. Overall, the combination of SPEI computed
at 12 months and EVI had the lowest PBIAS and highest R2 values and are, therefore,
recommended for this study site. Using these explanatory variables, ANN predicted cotton
yield reasonably well using either 6 or 13 year data and can therefore be used for datascarce regions. Furthermore, results indicated that ANN accurately predicted cotton yield
potential as early as April and/or May, which is four to five months before harvest with
mean R2 values > 0.8 and MAPE and PBIAS values < 5%. Therefore, the ANN model has
the potential to be used by producers as a management tool to provide months ahead
predictions of cotton yield on Menemen Plains using variables derived from basic and
readily available climate and remotely data. The tool can inform irrigation water needs
based on cotton yield potential predicted in April and /or May. Future studies need to

Agronomy 2022, 12, 828

15 of 19

focus on how the ANN model can be used to determine how other genetic, environmental,
and management related factors affect cotton yield.
Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/agronomy12040828/s1, Table S1: The numbers of Landsat 7 ETM
images for each month, Table S2: Baseline scenario (BSL) consisting of 13 years with corresponding
annual precipitation (P), Table S3: Predominantly 6-year dry climate scenarios (DS) with corresponding annual precipitation (P), Table S4: Predominantly 6-year wet climate scenarios (WS) with
corresponding annual precipitation (P), Table S5: Predominantly 6-year average climate scenarios
(AS) with corresponding annual precipitation (P), Table S6: Variable climate scenarios (VS) with
corresponding annual precipitation (P).
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