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ABSTRACT

More severe and prolonged droughts observed in recent decades require improved methods to predict impacts on agriculture. Crop-growth

models estimate yield and plant development variables and are widely used to assess drought impacts; however, they are not explicit fore-

casting tools, as their accuracy is constrained by physical assumptions, data availability, and multiple sources of uncertainty. To address

these limitations, machine learning (ML) models have been increasingly applied for crop yield prediction, typically using drought indices

as input, while spatial drought characteristics remain underexplored. This research develops an ML framework that incorporates the spatial

extent of drought to predict seasonal crop yield. The framework combines artificial neural network (ANN) and polynomial regression (PR)

models, with PR providing baseline estimates and ANN delivering refined predictions. The approach was tested using 50 years of historical

crop yield data and drought areas derived from the Standardised Precipitation Evapotranspiration Index at multiple aggregation periods (1–12

months). Results show ANN models consistently outperform PR models, achieving lower prediction errors, with root mean square error

values as low as 48.1 kg/ha in best-performing cases. The results demonstrate that spatiotemporal drought area dynamics and their temporal

aggregation provide an effective preprocessing strategy for ML-based drought impact prediction.

Key words: agricultural drought, crop yield, drought area, drought impact, machine learning, spatiotemporal analysis

HIGHLIGHTS

• A step-by-step crop yield prediction framework is developed using ANN and polynomial regression models.

• Spatial extent of meteorological drought is shown to be an effective input for crop yield prediction.

• Different drought aggregation periods enable yield prediction at varying accuracy levels during the crop season.

• Polynomial regression equations provide practical baseline models for early crop yield estimation.
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GRAPHICAL ABSTRACT

1. INTRODUCTION

Drought negatively impacts a wide range of human activities, particularly agriculture. These impacts can lead to substantial
financial losses and, in severe cases, contribute to food insecurity and loss of life (WMO 2006; Below et al. 2007; Sheffield &
Wood 2011; FAO 2017; Kim et al. 2019). Therefore, there is a critical need for methods that support effective drought mitiga-

tion, especially those capable of predicting the impacts of drought (WMO 2006; FAO 2017).
Traditionally, physical crop models have been used to assess the impact of environmental stressors, such as drought. These

models simulate plant development by incorporating biological and environmental processes, offering detailed insights into

crop performance under drought stress (White et al. 1997; Reynolds et al. 2000; Wu et al. 2016; Huang et al. 2019). However,
they typically require extensive and high-resolution input data, such as detailed soil, crop, and climate parameters, which are
often unavailable or difficult to obtain in many regions (Chlingaryan et al. 2018; van Klompenburg et al. 2020). This limits

their practicality for near-real-time applications.
To address these limitations, statistical and machine learning (ML) models have been used as viable alternatives for pre-

dicting the impacts of drought on agriculture. These data-driven approaches rely on historical input–output relationships
rather than modelling internal biological mechanisms (Chlingaryan et al. 2018; Rahmati et al. 2020; Udmale et al. 2020;
van Klompenburg et al. 2020; Araneda-Cabrera et al. 2021). One commonly used metric for evaluating the impacts of drought
on agriculture is crop yield, defined by the Food and Agriculture Organization of the United Nations (FAO) as the amount of
crop produced per unit of land area (kg/ha or ton/ha) (FAO & DWFI 2015). Numerous studies have demonstrated the utility

of various ML techniques in crop yield forecasting, typically employing multivariable input data that include weather, soil,
and management-related variables (Chlingaryan et al. 2018; van Klompenburg et al. 2020).

Despite the success of ML models, a critical gap remains in how drought is addressed. Most ML crop yield prediction

studies primarily use drought indices as input variables (Chlingaryan et al. 2018; van Klompenburg et al. 2020). However,
spatiotemporal characteristics, particularly drought extent (i.e., the spatial coverage of drought-affected areas), remain
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underexplored. Several studies have shown that drought extent correlates strongly with crop yield variability (Diaz et al. 2016;
Osman 2018; Osman et al. 2018; Araneda-Cabrera et al. 2021), but the full implementation for crop yield prediction is
lacking.

The primary objective of this research is to develop a machine learning approach to predict seasonal crop yields using

drought area. Our ML approach includes an artificial neural network (ANN) for accurate predictions and polynomial
regression (PR) for baseline calculations. Together, the ANN and PR models can be used as an integrated tool for crop
yield prediction.

To demonstrate the utility of the proposed ML approach, three regions in eastern India, where rice cultivation is prevalent

and agriculture plays a vital economic role (Ghosh et al. 2014), were selected as case studies. Historical data from 1967 to
2015 was used to train and evaluate the models, with a focus on regional rice yield prediction. The methodology was applied
independently to each region, allowing for tailored calibration and comparative performance assessment.

2. DATA

2.1. Crop yield

Rice is the most widely cultivated crop in East India, contributing approximately 85% of the country’s total rice production
(Ghosh et al. 2014). State-level rice yield data from 1966 to 2015 was obtained from the Directorate of Economics and Stat-

istics, Department of Agriculture and Cooperation (DAC). This dataset was used to develop machine learning (ML) models
for three regions in East India, as shown in Figure 1.

India has three crop seasons: Rabi, Kharif, and Zaid. The Kharif season was selected because it produces the largest crop
yield. Kharif crops are sown in June and harvested in November/December. Seasonal crop yield data was obtained from the

DAC website and organised into a time series per region. Each year of harvest in the Kharif season was assigned a single value
(Figure 1). No data filling was performed in the time series, as data exists for each year in all three regions.

Figure 1 shows the locations of these regions, which are defined as follows: Region 1 includes the states of Bihar and Jhark-

hand; Region 2 corresponds to West Bengal; and Region 3 comprises Odisha. Two important clarifications regarding the
retrieval of crop yield data for these regions are necessary. First, in late 2000, Bihar was split into two states: Bihar and Jhark-
hand. Subsequently, rice data was reported separately for each new state. In this study, both states’ data is aggregated as

Region 1, so the yearly crop yield data from 2000 to 2015 is the sum of the current Bihar and Jharkhand figures. Second,
in 2011, Orissa was renamed Odisha, although the territory remained unchanged. In this case, Odisha’s crop yield data is
the union of the former Orissa and the current Odisha time series (Region 3).

2.2. Drought indicator

For the calculation of drought areas, we used Standardised Precipitation-Evapotranspiration Index (SPEI) data. SPEI was

proposed by Vicente-Serrano et al. (2010) and has proven a useful proxy for assessing agricultural drought (Osman 2018;
Osman et al. 2018; Araneda-Cabrera et al. 2021; Khoshnazar et al. 2022). The SPEI follows a similar methodology to the
widely used Standardised Precipitation Index (SPI) (Mckee et al. 1993), but with added consideration for the difference

between precipitation and evapotranspiration.
SPEI data was retrieved from the SPEI Global Drought Monitor (https://spei.csic.es) covering the period from 1901 to

2015. The spatial resolution of the drought indicator data is 0.5 degrees. The SPEI data was available at various aggregation

periods; for this study, it was retrieved for the periods of one, three, six, nine, and 12 months, designated as DI1, DI3, DI6,
DI9, and DI12, respectively. No further temporal aggregation was performed. Drought areas were computed using this
drought indicator data following the procedure described in Section 3.1.1.

3. ML MODELLING METHODOLOGY

The ML approach was developed by following the methodology of ML model building. The following paragraphs detail each
step. These steps are (1) data preparation, (2) input variable selection, (3) PR model training, (4) ANN model training, and (5)

application of the models for crop yield prediction.

3.1. Step 1. Data preparation

Two types of data were prepared: the crop yield (CY) and the drought areas (DA) time series. In this step the following tasks
were performed: (1) drought areas calculation, and (2) data de-trending.
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3.1.1. Drought areas calculation

Drought area (DA) calculation begins with reclassifying all the cells of the drought indicator data as non-drought (0 s) and

drought (1 s) cells. To indicate drought and non-drought conditions (DS), Equation (1) was applied (Corzo Perez et al.
2011; Herrera-Estrada et al. 2017; Diaz et al. 2019, 2020). Equation (1) works as follows: when the drought indicator
falls below the chosen threshold τ, the value of 1 is used to indicate drought in the cell; otherwise, 0 is used to indicate

Figure 1 | Case study location (top) and crop yield (CY) data for Kharif season (bottom). The case study includes region 1 (Bihar and
Jharkhand), region 2 (West Bengal), and region 3 (Odisha). The percentage of rice cropland is indicated (top). Source of rice cropland:
Monfreda et al. (2008).
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non-drought. This classification is performed for all grid data cells at each time step (t):

DS(t) ¼ 1 if DI(t) � t
0 if DI(t) . t

�
(1)

After, DAs were computed as the ratio between the cells in drought and the total number of cells of the region (N )

(Equation (2)). In Equation (2), the cell’s id is denoted by c:

DA(t) ¼ 100=N �
XN
c¼1

DS(t) (2)

Masks were also created for each region. The mask is an array of ones and zeros, where 1 signifies land. The number of cells
(N) in the mask is 63, 31, and 54 for regions 1, 2, and 3, respectively. We used the threshold τ¼�1 to identify drought cells.

This threshold is commonly used to detect drought conditions in standardised indices (Diaz et al. 2019). DAs were computed
for each aggregation period of the drought indicator data and are denoted as DA1, DA3, DA6, DA9, and DA12.

3.1.2. Data de-trending

Short-term fluctuations were removed from the time series before building the ML models. We used the ‘first difference’
method for its straightforward implementation (Montesino Pouzols & Lendasse 2010). In this method, the trend is removed

from the time series of both drought areas and crop yield by subtracting the previous value x*(t� 1) from the current value
x*(t), as shown in Equation (3). The de-trended value for the first time step (t¼ 1) is not calculated. The length of the de-
trended time series is n¼m� 1, where m is the length of the original time series. The de-trended data x(t) has the same

units as the original data x*(t):

x(t) ¼ x�(t)� x�(t� 1) (3)

Once the time series is de-trended, all the ML model construction steps are carried out using the de-trended time
series. After the ML models are built, the de-trending process must be reversed to obtain predictions in the original scale.
The reverse de-trending process can be performed with Equation (4), which is the inverse of Equation (3) for the de-trended

prediction x(tþ 1). Practically, the prediction x*(tþ 1) in the original magnitude is calculated by adding the de-trended
prediction x(tþ 1) to the last value of the original time series, i.e. x*(t):

x�(tþ 1) ¼ x�(t)þ x(tþ 1) (4)

As observed in Equation (3), the ‘first difference’method does not produce a value for the initial time step; therefore, the CY

data, which initially covers the period from 1966 to 2015, now runs from 1967 to 2015 after de-trending.
Regarding DA, Equation (3) was used as follows. First, the monthly DAs were rearranged to organise the drought areas for

each month from January to December (Figure 2). This rearrangement process was performed for each of the five aggregation

periods, DA1, DA3, DA6, DA9, and DA12 months, resulting in a total of 60 rearranged DA time series (12� 5). A suffix was
added to identify these series by month; for example, the time series DA3_7 indicates drought areas for all Julys of the period,
calculated from the drought indicator with a 3-month aggregation period. Equation (3) was applied to each of the 60 DA time
series (Figure 2). The de-trended DA series span from 1902 to 2015. For building the ML models, the common period with de-

trended CY of 1967–2015 (49 years) was selected.

3.2. Step 2. Input variable selection

The correlation was calculated between the de-trended time series of CY and the de-trended, rearranged time series of DA,
based on the CY–DA pairings described in Section 3.1.2 (see Figure 2).

We selected the time series of DAs with the highest correlation as input variables. This selection is based on two main con-

siderations. First, rice responds differently to climate variations at various growth stages throughout the year. Therefore,
certain months may provide more relevant information than others for capturing these stage-specific impacts (Osman
2018; Osman et al. 2018). Second, different types of droughts (meteorological, agricultural, and hydrological) affect crop
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yield in distinct ways depending on the crop’s developmental stage (Araneda-Cabrera et al. 2021). These varying impacts can
be accounted for by using different hydro-meteorological variables or by applying different temporal aggregation periods to

the meteorological data (Araneda-Cabrera et al. 2021; Khoshnazar et al. 2022), as done in this study.
A simple average of DAs across the season could obscure significant drought events in specific months that may have a

stronger or weaker influence on final crop yield (Osman 2018; Osman et al. 2018). Additionally, the ML models in this

research were designed to be applicable at different stages of crop cultivation – for example, models tailored for June, July,
and other months – each with its own expected level of accuracy. Therefore, using monthly time series of DAs for all aggrega-
tion periods one, three, six, nine, and 12 months) is more appropriate than relying on seasonal averages (Figure 2).

Figure 2 | The diagram illustrates how the monthly DAs time series were reorganised to align with seasonal CY data. (Left) For each year,
there are 12 DA values and one CY value. DAs were calculated for the aggregation periods of 1, 3, 6, 9, and 12 months (DA1 to DA12). (Right)
DAs were reorganised by month from January to December. The procedures of data de-trending, correlation analysis, input variable selection,
and ML models construction were carried out for each month. The entire procedure was carried out independently for each of the three case
studies.
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3.3. Step 3. PR models training

For the case of PR, four types of models were tested (Table 1). All the PR models were constructed for each month from Jan-
uary to December following Equations (5)–(8). A total of 15 sets of input variable combinations were examined. MATLAB
software was used for implementing the PR models. PR is an extension of linear regression that allows multiple input vari-

ables to calculate the output variable (Equation (9)):

y ¼ b0 þ
Xn
i¼1

bixi þ e (9)

In Equation (10), y is the output variable, also known as the response, which in this case is the crop yield. The term xi rep-
resents the i-th input variable (predictor) out of a total of n variables. The regression coefficients vector is denoted by b. From
this vector, b0 is recognised as the intercept. The vector of errors is indicated by e. Table 1 displays the four formulations of PR
models: linear, pure-quadratic, quadratic, and interactions (Equations (5)–(8)). The input variable (xi) was chosen based on

the correlation analysis (Section 2.2).
Of the four types of PR models, the best was identified using the root mean square error (RMSE) (Equation (9)). The RMSE

is calculated as the difference between the observations (o) and the predictions (p):

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1

(oi � pi)
2

n

vuuut
(10)

3.4. Step 4. ANN models training

ANN is a method loosely based on mimicking the basic functionality of neurons (i.e., the working units of the human brain)
(Govindaraju 2000; Maier & Dandy 2000). The input variables (predictors) are connected to each other through mathemat-
ical formulations that enable the representation of complex, non-linear relationships. These connections are symbolised as

nodes interconnected within a network to calculate the output variable (response).
In the ANN setup, the number of nodes in the input layer equalled the number of variables in the respective combination.

The number of nodes in the output layer was one and represented the seasonal CY. An iterative optimisation process was
performed for the hidden layer, by varying the number of nodes from 1 to 10. For each number of nodes, 100 iterations

were conducted, totalling 1,000. To ensure reproducibility, random values were reset to default at the start of each variation
in node number. ANNs were constructed for each month, from January to December. MATLAB software was used to
implement the ANNs, employing the Levenberg–Marquardt algorithm for training. In each ANN, 85% of the data was

used for training and 15% for testing (verification), similar to Elshorbagy et al. (2010). For each month, the best model
was identified for each number of hidden nodes, resulting in 10 candidate models. From these, the overall optimal model
for that month was selected. RMSE was used to select the best models. RMSE was calculated for (1) the training dataset

Table 1 | PR types followed in this study

PR type Equation Description

Linear
y ¼ b0 þ

Pn
i¼1

bixi Eq. (5)
It has an intercept and linear terms of predictors

Pure-
quadratic

y ¼ b0 þ
Pn
i¼1

bixi þ
Pn
i¼1

bnþix2i Eq. (6)
It has an intercept, as well as linear and squared terms of
predictors

Quadratic
y ¼ b0 þ

Pn
i¼1

bixi þ
Pn
i¼1

bnþix2i þ
Pn�1

i¼1

Pn
j¼iþ1

b2nþ(i�1)n�(i�1)i
2 þ( j�i)xixj

Eq. (7)

It has an intercept, linear and squared terms and all
products of pairs of distinct predictors

Interactions
y ¼ b0 þ

Pn
i¼1

bixi þ
Pn�1

i¼1

Pn
j¼iþ1

bnþ(i�1)n�(i�1)i
2 þ( j�i)xixj Eq. (8)

It has an intercept, linear terms of predictors, all products
of pairs of distinct predictors and no squared terms
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(RMSE_cal), (2) the testing dataset (RMSE_test), and (3) the entire dataset (RMSE). In all cases, the final (best) model was

chosen based on RMSE over the full period. The iteration optimisation process, including RMSE calculation, was conducted
for each set of input variables and each month (Section 4.2).

3.5. Step 5. Application of the ANN/PR models for crop yield prediction

Once the most effective ML models were built, a set of models was selected for each month based on their performance. The

ANN models can be used independently or in combination with the PR models as a baseline, as proposed in our approach,
enabling a comparison of the outputs of ANN models. Moreover, when spatial input data required to calculate drought area
inputs for the ANN models are not yet available, the PR models can be applied using early estimations of drought areas,

allowing for continuous early-season predictions.

4. RESULTS AND DISCUSSION

4.1. Data preparation: drought areas and crop yield

Figure 3 illustrates the drought areas computed for the three regions. Region 1 (Figure 3, the upper panel) displays the highest
values among the three regions. The 1990s show greater drought area than most other years, which aligns with Guha-Sapir

(2019); during this decade, there were three droughts: 1993, 1996, and 2000. At the start of the period, large drought areas
were also observed in all three regions; these findings correspond with Bhalme & Mooley (1980).

Figure 3 reveals a pattern in the distribution of drought areas across all aggregation periods, from DA1 to DA12. In DA1,

most areas are concentrated in the early months of the year; even December appears nearly white (without drought). Later, in
DA3, large areas are situated from April to November. Subsequently, for DA6 and DA9, the largest areas are centred in the
second half of the year. Some droughts extend into the following year; these are indicated by the reddish lines visible during

the first half of the year (initial columns). Finally, in DA12, consecutive large areas are marked by reddish lines; droughts
typically start in the second semester and persist into the subsequent year. These findings highlight the importance of consid-
ering multiple aggregation periods when applying drought indicators based on meteorological variables; each period serves as

a proxy for capturing different types of drought.
Figure 4 illustrates the time series of de-trended CY and DA for the three regions. For DA (shown in red), the values are

presented in reverse order to make interpretation easier. Generally, when the drought area increases, crop yield decreases;
conversely, crop yield tends to increase when the drought area decreases. Across all three regions, decreases in CY often

align with increases in DA.
In each region, the fluctuations in de-trended CY are more frequent during specific periods. For example, in region 1, fluc-

tuations are more common from 2003 to 2015; in region 2, from 1967 to 2001; and in region 3, also notably from 1967 to

2001. Region 1 is the most northerly of the three.
The overall pattern of DA variation is as follows: values fluctuate throughout the year for the one and three-month aggrega-

tion periods (DA1 and DA3). For DA6 to DA12, values tend to concentrate in the second half of the year. These findings also

highlight the usefulness of different aggregation periods in detecting various types of drought. Increasing DA does not always
correspond to reduced CY across all aggregation periods. For instance, in region 1 (Figure 4, upper panel), the decline in CY
in 2004 does not coincide with increases in DA9 and DA12; however, it does align with DA1, DA3, and DA6. These out-
comes further support the importance of using multiple aggregation periods to assess drought assessments.

4.2. Input variable selection (correlation analysis)

Figure 5 summarises the correlation between de-trended CY and DAs, while Figure 6 displays the correlation for each
monthly DA time series. Both figures demonstrate that the correlation varies throughout the year across the three regions.
In all cases, the correlation coefficient rises to a peak and then declines. The month when this maximum occurs differs

for each region but is within the crop season (i.e., June to November/December). In region 1, the maximum occurs in
July. Region 2 exhibits this pattern in four months: June, July, October, and November. Finally, region 3 shows it in October,
November, and December.

These correlation results are valuable for monitoring agricultural drought. For instance, in region 1, the drought-affected
areas (DA6) reach their highest correlation in July. This suggests that the accumulated effect of the previous six months is
vital for the crop yield of the Kharif season, which roughly spans from June to November/December.
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Figure 3 | DAs for each aggregation period (one, three, six, nine, and 12 months) and region. The top, middle, and bottom panels indicate
region 1 (Bihar and Jharkhand), region 2 (West Bengal) and region 3 (Odisha).
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Figure 5 reveals a general pattern in the correlation coefficient (R). In region 1 (Figure 5(a)), DA6, DA9, and DA12 display

increasing R values from June onwards. In region 2 (Figure 5(b)), a similar trend occurs, with two peaks: one for DA1 and
DA3, and another for DA6, DA9, and DA12. The initial peak for DA1 and DA3 indicates the importance of monitoring the
conditions in the immediate one to three months. The second peak suggests that medium- and long-term conditions, over six

Figure 4 | Time series of the de-trended CY and DAs for each aggregation period (one, three, six, nine, and 12 months) and region. The top,
middle, and bottom panels indicate region 1 (Bihar and Jharkhand), region 2 (West Bengal) and region 3 (Odisha).
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to 12 months, are crucial for the harvest period. In region 3 (Figure 5(c)), most peaks in R happen at the end of the growing
season, highlighting that pre-harvest conditions are decisive for crop yield.

Figure 6 illustrates that the correlation between CY and DAs is positive outside the growing season and negative during it.

However, this pattern is less clear for DA1 and DA3. These correlation patterns support the idea that drought significantly
influences crop yield, as months with lower drought areas are more associated with increases in CY. Conversely, months with
higher drought areas often see declines in CY.

Figure 5(d) presents the percentage of irrigated versus rain-fed agriculture. Regions 1 and 2 rely on irrigation for approxi-
mately half of their agriculture, whereas region 3 depends on irrigation for only about 35%. This lower percentage of irrigation
in region 3 may help explain why its correlation coefficients are higher compared to the other regions (Figures 5 and 6(c)). As

region 3 is more dependent on rainfall, this condition is better captured when drought is calculated using precipitation, as in
this case (Section 3.2).

Figure 5(a)–5(c) illustrates the following pattern across the three regions. The correlation coefficients between CY and DAs
increase with longer aggregation periods and as the year progresses. DA1 and DA3 show better correlations in the early

months of the year. DA6 exhibits stronger correlations in subsequent months, from May/June onwards. Lastly, DA9 and
DA12 do so in the second half of the year, particularly towards the end of the growing season.

Based on the correlation coefficients, the input variables were selected. A total of 15 input variable sets (Table 2) were

chosen. Each set comprises different DA time series, namely DA1, DA3, DA6, DA9, and DA12. The CY of the previous
year was included in all combinations and is indicated as CYt� 1. Combinations 1 to 5 include only a single DA time
series. Combinations 6 to 9 consist of pairs of DAs calculated with the drought indicator at successive aggregation times.

Figure 5 | Summary of correlation between de-trended CY and DAs for each aggregation period (one, three, six, nine, and 12 months) and
region: (a) region 1 (Bihar and Jharkhand), (b) region 2 (West Bengal) and (c) region 3 (Odisha). Negative R indicates the correlation between the
increase in DA and the decrease in CY. (d) Percentage of rice area under irrigated and rain-fed agriculture. Source of irrigated and rain-fed
agriculture data: Directorate of Rice Development (DRD) (2014).
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Figure 6 | Correlation (R) between de-trended CY and DAs for each aggregation period (one, three, six, nine, and 12 months) and region. DA
is on the x-axis, and CY is on the y-axis. Results are presented for annual (January–December), seasonal (January–June and July–December),
and individual monthly DA time series (January to December). The top, middle, and bottom panels indicate region 1 (Bihar and Jharkhand),
region 2 (West Bengal), and region 3 (Odisha). Negative R indicates the correlation between the increase in DA and the decrease in CY.
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For example, combination 6 includes DA1 and DA3; combination 7 includes DA3 and DA6, and so on. Similarly, combi-

nations 10 to 12 involve triples, while combinations 13 and 14 involve four DA series, and combination 15 includes all
DA time series.

The models were developed for each month (January to December), using the 15 combinations listed in Table 2. For

instance, in January, the series of DAs extracted for that month, such as DA1_1, DA3_1, DA6_1, DA9_1, and DA12_1,
were applied. The suffix indicates the month. These DAs were then used following the 15 combinations in Table 2 to
build the January models (ANN and PR). This process was similarly applied from February onwards to December.

4.3. ANN and PR models training

The results show varying magnitudes of error between observed and predicted CY. The models with the lowest errors are

presented in Figures 7, 8, and 9 for each of the three regions. For each month, the best-performing ANN and PR models
are shown, with the RMSE indicated in each case. Conversely, Figure 10 displays the error for each input set (combination);
the lowest error achieved in each month is presented for each ANN and PR. As expected, ANN exhibits the least errors

(Figure 10). However, PR results are not significantly worse; for example, in some cases, the errors shown by linear PR
are very close to those of ANN (e.g., Figure 10, region 2). Generally, models with the lowest errors correspond to region
2, followed by regions 3 and 1 (Figure 10). This is attributed to varying levels of crop irrigation and differences in irrigation

water sources (surface water and groundwater), which influence the accuracy of the models across regions. Another factor
affecting model performance is the sudden changes in CY data, with regions 1 and 3 exhibiting the most pronounced fluctu-
ations, and to a lesser extent, region 2. Figure 10 also indicates that different types of PR yield better results across the three

regions. Overall, linear and pure-quadratic models tend to produce more stable results (with fewer abrupt changes among
realisations), but not necessarily better performing than quadratic and interaction models. Quadratic and interaction
models generally yield superior results, often very close to those of ANN, for example, in PR interactions (Figure 10,
region 1).

4.4. Application of ANN/PR models for crop yield prediction

The best-performing models were selected for each month. Table 3 summarises these models, including the input set (com-
bination), number of nodes, and errors for ANN, as well as the input set, model type, and errors for PR. The number of nodes
indicates the model complexity in each model. In this way, the more nodes, the more complex the model in the case of ANN.

Conversely, quadratic and interaction types showed the best performance in PR models. In all cases, no single DA time series

Table 2 | Input sets (combinations) used to build the ML models. CY and DA stand for crop yield and drought area

Input set (combination) Input variables

1 CYt�1, DA1

2 CYt�1, DA3

3 CYt�1, DA6

4 CYt�1, DA9

5 CYt�1, DA12

6 CYt�1, DA1, DA3

7 CYt�1, DA3, DA6

8 CYt�1, DA6, DA9

9 CYt�1, DA9, DA12

10 CYt�1, DA1, DA3, DA6

11 CYt�1, DA3, DA6, DA9

12 CYt�1, DA6, DA9, DA12

13 CYt�1, DA1, DA3, DA6, DA9

14 CYt�1, DA3, DA6, DA9, DA12

15 CYt-1, DA1, DA3, DA6, DA9, DA12

DAs are calculated with the drought indicator at aggregation periods of one, three, six, nine, and 12 months (details in Section 4.2).
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Figure 7 | ANN and PR models for predicting seasonal CY built using each time series of monthly DAs: region 1 (Bihar and Jharkhand). The
model with the lowest error (RMSE) is presented for each month, from January to December (J to D).
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corresponding to one of the various aggregation periods (DA1, DA3, DA6, DA9 or DA12) that produced good results was

identified within the combinations of input variables. The input sets are comprised of multiple DAs corresponding to the var-
ious aggregation periods. Therefore, using multiple aggregation periods of drought indicator results in a better model
performance.

Figure 8 | ANN and PR models for predicting seasonal CY built using each time series of monthly DAs: region 2 (West Bengal). The model
with the lowest error (RMSE) is presented for each month, from January to December (J to D).
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Figure 9 | ANN and PR models for predicting seasonal CY built using each time series of monthly DAs: region 3 (Odisha). The model with the
lowest error (RMSE) is presented for each month, from January to December (J to D).
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Figure 10 | RMSE [kg/ha] for each of the 15 input sets (combinations) of the ANN and PR models built for each region. For each set of inputs
(from one to 15), the lowest RMSE values are presented for each month (January to December). The results of each input set are shown with
lines to aid visual comparison. The left, middle, and right panels indicate region 1 (Bihar and Jharkhand), region 2 (West Bengal), and region 3
(Odisha), respectively.
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Tables 4, 5 and 6 were created from Table 3. These three tables present the PR formulas for regions 1, 2, and 3. Each table
shows the PR formula and the inputs used. These formulas are also designed to work independently for the CY prediction for

each region.
The process of applying PR models begins by choosing the appropriate formula from Table 4, 5, or 6. For example, in

region 1, if drought indicator data is available up to and including March, the formula for March is selected from

Table 4. Afterwards, DAs are calculated (Section 3.1.2), and the DA time series are updated. In this case, Table 4 indi-
cates that DA1 and DA3 are needed. From these DA time series, values for March are extracted, i.e., DA1_3 and DA3_3
(see Section 3.2 and 4.2). Then, the de-trending process is applied to each time series (Section 3.1.3). Next, CY is com-

puted. Finally, the reverse de-trending is performed to ensure the predicted CY has the same order of magnitude as the
original CY data (Section 3.1.3). Simultaneously, or when it becomes possible, the ANN model for the month under
analysis is applied.

Table 3 | Summary of the ANN and PR models for predicting CY built for each month and region: (1) Bihar and Jharkhand, (2) West Bengal,
and (3) Odisha

ANN PR

Region Month
Input set
(combination) No. nodes

RMSE
[kg/ha] Month Input set (combination) Type

RMSE [kg/
ha]

Region
1

Jan 10 CYt�1, DA1,3,6 4 167.0 Jan 8 CYt�1, DA6,9 quadratic 238.9
Feb 15 CYt-1, DA1,3,6,9,12 6 151.2 Feb 13 CYt�1, DA1,3,6,9 quadratic 223.9
Mar 11 CYt�1, DA3,6,9 7 180.2 Mar 6 CYt�1, DA1,3 quadratic 233.3
Apr 10 CYt�1, DA1,3,6 9 175.8 Apr 15 CYt-1, DA1,3,6,9,12 interactions 236.1
May 15 CYt-1, DA1,3,6,9,12 5 162.0 May 10 CYt�1, DA1,3,6 quadratic 211.7
Jun 13 CYt�1, DA1,3,6,9 2 163.4 Jun 10 CYt�1, DA1,3,6 interactions 219.9
Jul 15 CYt-1, DA1,3,6,9,12 10 166.8 Jul 6 CYt�1, DA1,3 quadratic 233.0
Aug 13 CYt�1, DA1,3,6,9 5 144.0 Aug 15 CYt-1, DA1,3,6,9,12 interactions 215.6
Sep 6 CYt�1, DA1,3 5 177.9 Sep 7 CYt�1, DA3,6 quadratic 232.4
Oct 14 CYt�1, DA3,6,9,12 6 186.7 Oct 15 CYt-1, DA1,3,6,9,12 quadratic 201.0
Nov 8 CYt�1, DA6,9 4 178.5 Nov 13 CYt�1, DA1,3,6,9 interactions 222.6
Dec 10 CYt�1, DA1,3,6 4 153.3 Dec 13 CYt�1, DA1,3,6,9 pure-quadratic 223.3

Region
2

Jan 13 CYt�1, DA1,3,6,9 8 63.0 Jan 14 CYt�1, DA3,6,9,12 quadratic 99.8
Feb 11 CYt�1, DA3,6,9 10 59.8 Feb 15 CYt-1, DA1,3,6,9,12 interactions 108.0
Mar 7 CYt�1, DA3,6 8 54.8 Mar 15 CYt-1, DA1,3,6,9,12 interactions 93.9
Apr 14 CYt�1, DA3,6,9,12 7 48.7 Apr 14 CYt�1, DA3,6,9,12 interactions 125.1
May 15 CYt-1, DA1,3,6,9,12 10 60.5 May 15 CYt-1, DA1,3,6,9,12 quadratic 69.6
Jun 13 CYt�1, DA1,3,6,9 7 72.5 Jun 10 CYt�1, DA1,3,6 quadratic 112.7
Jul 6 CYt�1, DA1,3 6 76.2 Jul 10 CYt�1, DA1,3,6 quadratic 112.5
Aug 6 CYt�1, DA1,3 9 66.4 Aug 13 CYt�1, DA1,3,6,9 interactions 127.0
Sep 6 CYt�1, DA1,3 10 68.1 Sep 15 CYt-1, DA1,3,6,9,12 interactions 104.1
Oct 7 CYt�1, DA3,6 10 54.2 Oct 15 CYt-1, DA1,3,6,9,12 interactions 98.0
Nov 7 CYt�1, DA3,6 10 48.1 Nov 15 CYt-1, DA1,3,6,9,12 interactions 102.7
Dec 15 CYt-1, DA1,3,6,9,12 8 54.3 Dec 14 CYt�1, DA3,6,9,12 interactions 118.4

Region
3

Jan 15 CYt-1, DA1,3,6,9,12 7 106.5 Jan 14 CYt�1, DA3,6,9,12 quadratic 145.7
Feb 13 CYt�1, DA1,3,6,9 10 105.7 Feb 10 CYt�1, DA1,3,6 quadratic 160.5
Mar 15 CYt-1, DA1,3,6,9,12 9 84.1 Mar 12 CYt�1, DA6,9,12 quadratic 143.5
Apr 15 CYt-1, DA1,3,6,9,12 4 112.3 Apr 14 CYt�1, DA3,6,9,12 quadratic 169.6
May 12 CYt�1, DA6,9,12 10 100.3 May 15 CYt-1, DA1,3,6,9,12 quadratic 133.4
Jun 15 CYt-1, DA1,3,6,9,12 9 94.5 Jun 12 CYt�1, DA6,9,12 quadratic 189.4
Jul 15 CYt-1, DA1,3,6,9,12 7 106.0 Jul 15 CYt-1, DA1,3,6,9,12 quadratic 128.2
Aug 12 CYt�1, DA6,9,12 7 103.9 Aug 15 CYt-1, DA1,3,6,9,12 interactions 137.7
Sep 11 CYt�1, DA3,6,9 9 84.1 Sep 13 CYt�1, DA1,3,6,9 quadratic 145.0
Oct 15 CYt-1, DA1,3,6,9,12 10 79.7 Oct 10 CYt�1, DA1,3,6 quadratic 139.0
Nov 11 CYt�1, DA3,6,9 10 62.6 Nov 10 CYt�1, DA1,3,6 quadratic 127.5
Dec 11 CYt�1, DA3,6,9 9 74.7 Dec 8 CYt�1, DA6,9 quadratic 137.3

The table shows the models built with the lowest error (RMSE). DA stands for drought area.
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Table 4 | PR models for predicting CY built for each month: region 1 (Bihar and Jharkhand)

Month

Input

PR modelx1 x2 x3 x4 x5 x6

Jan CYt�1 DA6 DA9 �60.7111� 0.1944x1� 0.2201x2þ 1.2033x3� 0.0023x1x2þ 0.0043x1x3� 0.0372x2x3þ 0:0003x21 þ 0:0504x22 þ 0:0308x23

Feb CYt�1 DA1 DA3 DA6 DA9 �27.4716� 0.4688x1þ 1.8718x2� 1.3313x3� 0.2611x4þ 1.3878x5� 0.0137x1x2þ 0.0135x1x3þ 0.0032x1x4þ 0.0064x1x5þ
0.0823x2x3þ 0.0574x2x4þ 0.0935x2x5� 0.0544x3x4� 0.0746x3x5�
0.0241x4x5þ 0:0014x21 � 0:0496x22 � 0:0202x23 � 0:0016x24 þ 0:0227x25

Mar CYt�1 DA1 DA3 28.1213� 0.5204x1� 0.4908x2þ 0.0545x3þ 0.0051x1x2� 0.0093x1x3þ 0.0033x2x3þ 0:0003x21 � 0:0107x22 þ 0:0086x23

Apr CYt�1 DA1 DA3 DA6 DA9 DA12 �24.3419� 0.4785x1� 0.1965x2� 0.1356x3þ 0.0848x4� 0.4774x5þ 0.8029x6þ 0.0066x1x2þ 0.0031x1x3� 0.0128x1x4þ
0.0081x1x5� 0.0003x1x6þ 0.0067x2x3� 0.0604x2x4þ 0.1495x2x5� 0.0169x2x6þ 0.0248x3x4� 0.1295x3x5� 0.0306x3x6þ
0.0458x4x5þ 0.0516x4x6þ 0.0595x5x6

May CYt�1 DA1 DA3 DA6 113.2521� 0.5132x1þ 1.0101x2� 1.4019x3� 1.1130x4þ 0.0100x1x2þ 0.0150x1x3� 0.0027x1x4þ 0.0250x2x3� 0.0655x2x4þ
0.0596x3x4� 0:0006x21 � 0:0358x22 � 0:0380x23 � 0:0495x24

Jun CYt�1 DA1 DA3 DA6 54.3� 0.3715x1þ 1.4832x2þ 0.1432x3� 3.0648x4� 0.0106x1x2þ 0.0256x1x3� 0.0111x1x4� 0.0556x2x3þ 0.0648x2x4�
0.0172x3x4

Jul CYt�1 DA1 DA3 18.7237� 0.3166x1þ 1.3310x2� 3.0099x3� 0.0030x1x2þ 0.0024x1x3þ 0.0054x2x3þ 0:0001x21 þ 0:0065x22 � 0:0065x23

Aug CYt�1 DA1 DA3 DA6 DA9 DA12 59.2373� 0.6972x1þ 0.1791x2þ 5.1900x3� 1.3783x4� 6.9753x5þ 1.5471x6� 0.0142x1x2þ 0.0072x1x3þ 0.1163x1x4�
0.1285x1x5þ 0.0294x1x6� 0.3670x2x3þ 0.0897x2x4þ 0.2332x2x5þ 0.0922x2x6þ 0.3014x3x4þ 0.3444x3x5� 0.4160x3x6�
0.5819x4x5� 0.0450x4x6þ 0.3299x5x6

Sep CYt�1 DA3 DA6 44.8563� 0.4565x1þ 0.6884x2� 1.9466x3þ 0.0053x1x2� 0.0005x1x3þ 0.0012x2x3þ 0:0004x21 � 0:0172x22 � 0:0002x23

Oct CYt�1 DA1 DA3 DA6 DA9 DA12 76.1546þ 0.0046x1� 2.2220x2þ 1.0816x3þ 19.1690x4� 53.2338x5þ 29.1398x6þ 0.0048x1x2þ 0.0155x1x3� 0.0383x1x4�
0.0868x1x5þ 0.1254x1x6� 0.0444x2x3þ 0.0448x2x4þ 0.0175x2x5� 0.0552x2x6þ 0.2154x3x4� 1.0260x3x5þ 0.7776x3x6þ
3.2060x4x5� 3.3267x4x6þ 11.6655x5x6þ 0:0002x21 � 0:0547x22 þ 0:1171x23 þ 0:2874x24 � 7:7995x25 � 4:0845x26

Nov CYt�1 DA1 DA3 DA6 DA9 30.0286� 0.4536x1� 0.6721x2� 0.8270x3� 7.0981x4þ 5.3007x5� 0.0339x1x2þ 0.0086x1x3þ 0.0107x1x4� 0.0084x1x5þ
0.1347x2x3þ 0.1123x2x4� 0.0596x2x5þ 0.2355x3x4� 0.2262x3x5� 0.0117x4x5

Dec CYt�1 DA1 DA3 DA6 DA9 29.2005� 0.3816x1� 0.6953x2þ 0.8469x3þ 1.2024x4� 3.2563x5þ 0:0005x21 � 0:5339x22 � 0:0047x23 � 0:0119x24 þ 0:0083x25

For each month, the input (x1 to x6) and the PR formula are indicated. DA stands for drought area.
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Table 5 | PR models for predicting CY built for each month: region 2 (West Bengal)

Month

Input

PR modelx1 x2 x3 x4 x5 x6

Jan CYt�1 DA3 DA6 DA9 DA12 8.5606� 0.2404x1� 1.1236x2� 0.7606x3þ 6.6535x4� 5.3772x5þ 0.0087x1x2� 0.0044x1x3� 0.0182x1x4þ 0.0234x1x5þ
0.0080x2x3þ 0.0234x2x4� 0.0037x2x5� 0.0402x3x4þ 0.1648x3x5þ
0.0200x4x5þ 0:0001x21 � 0:0145x22 � 0:0657x23 þ 0:0544x24 � 0:0952x25

Feb CYt�1 DA1 DA3 DA6 DA9 DA12 �24.8742� 0.5460x1� 0.1190x2þ 0.2175x3þ 0.7776x4� 8.6335x5þ 6.4022x6� 0.0164x1x2þ 0.0095x1x3� 0.0251x1x4þ
0.0262x1x5� 0.0057x1x6� 0.0179x2x3� 0.0241x2x4� 0.1705x2x5þ 0.1579x2x6þ 0.0064x3x4þ 0.2383x3x5� 0.2779x3x6�
0.0117x4x5þ 0.0266x4x6þ 0.0614x5x6

Mar CYt�1 DA1 DA3 DA6 DA9 DA12 35.6904� 0.3835x1� 0.9286x2þ 0.1960x3� 0.3445x4� 0.3559x5þ 0.6370x6� 0.0025x1x2� 0.0009x1x3þ 0.0111x1x4�
0.0252x1x5þ 0.0144x1x6� 0.0059x2x3þ 0.0426x2x4þ 0.0063x2x5þ 0.0012x2x6� 0.0362x3x4� 0.1287x3x5� 0.0038x3x6þ
0.0242x4x5� 0.0355x4x6þ 0.0394x5x6

Apr CYt�1 DA3 DA6 DA9 DA12 8.5856� 0.1865x1þ 1.5824x2� 1.0816x3� 1.0256x4þ 1.7846x5� 0.0164x1x2þ 0.0242x1x3� 0.0013x1x4þ 0.0009x1x5�
0.0084x2x3þ 0.0073x2x4� 0.0710x2x5� 0.0430x3x4þ 0.0659x3x5þ 0.0317x4x5

May CYt�1 DA1 DA3 DA6 DA9 DA12 �25.0101� 0.8233x1� 1.8073x2þ 1.1145x3þ 1.6217x4þ 0.9651x5þ 0.5729x6þ 0.0254x1x2� 0.1198x1x3þ 0.0959x1x4�
0.0112x1x5þ 0.0311x1x6� 0.2178x2x3þ 0.3465x2x4� 0.3214x2x5þ 0.0602x2x6� 0.9192x3x4þ 1.2301x3x5� 0.2167x3x6�
0.8955x4x5þ 0.1015x4x6þ 0.0662x5x6þ 0:0048x21 � 0:0096x22 þ 0:3527x23 þ 0:4308x24 � 0:0492x25 þ 0:0639x26

Jun CYt�1 DA1 DA3 DA6 90.7623� 0.5785x1þ 0.1582x2� 2.7914x3þ 0.8655x4� 0.0176x1x2þ 0.0093x1x3� 0.0108x1x4þ 0.0533x2x3� 0.0521x2x4þ
0.1589x3x4þ 0:0012x21 þ 0:0072x22 � 0:0974x23 � 0:0714x24

Jul CYt�1 DA1 DA3 DA6 26.1164� 0.6892x1� 0.6723x2� 5.5280x3þ 4.6922x4þ 0.0070x1x2þ 0.0111x1x3� 0.0148x1x4� 0.1301x2x3þ 0.0838x2x4þ
0.5157x3x4þ 0:0014x21 þ 0:0679x22 � 0:1671x23 � 0:3540x24

Aug CYt�1 DA1 DA3 DA6 DA9 55.6167� 0.2284x1� 0.0182x2� 1.7996x3� 4.0674x4þ 3.7965x5þ 0.0117x1x2� 0.0259x1x3þ 0.0556x1x4� 0.0484x1x5�
0.0176x2x3� 0.1459x2x4þ 0.1017x2x5� 0.0487x3x4þ 0.2346x3x5� 0.1273x4x5

Sep CYt�1 DA1 DA3 DA6 DA9 DA12 35.6058� 0.3263x1þ 1.9755x2� 0.4197x3� 3.5963x4þ 2.7383x5� 1.2234x6þ 0.0013x1x2� 0.0057x1x3� 0.0470x1x4þ
0.0042x1x5þ 0.0475x1x6þ 0.0033x2x3� 0.1889x2x4þ 0.0749x2x5þ 0.1060x2x6þ 0.0179x3x4� 0.0003x3x5þ 0.0412x3x6þ
0.0291x4x5� 0.0312x4x6� 0.0379x5x6

Oct CYt�1 DA1 DA3 DA6 DA9 DA12 7.7675� 0.1875x1� 0.1476x2� 0.8333x3� 5.1327x4þ 15.3857x5� 10.6323x6� 0.0012x1x2� 0.0011x1x3þ 0.0588x1x4þ
0.0365x1x5� 0.0886x1x6� 0.1339x2x3þ 0.1763x2x4� 0.5955x2x5þ 0.4854x2x6� 0.4231x3x4� 0.2159x3x5þ 0.6868x3x6þ
0.3521x4x5þ 0.0666x4x6� 0.4145x5x6

Nov CYt�1 DA1 DA3 DA6 DA9 DA12 38.3601� 0.2443x1þ 1.7236x2� 0.6584x3� 6.7484x4þ 13.3609x5� 9.4895x6þ 0.0114x1x2þ 0.0162x1x3þ 0.0331x1x4�
0.0817x1x5þ 0.0478x1x6þ 0.0370x2x3� 0.1350x2x4� 0.0212x2x5þ 0.1631x2x6� 0.1562x3x4� 0.0082x3x5þ 0.1229x3x6þ
0.2672x4x5� 0.0938x4x6� 0.1335x5x6

Dec CYt�1 DA3 DA6 DA9 DA12 24.769� 0.1091x1� 2.9747x2þ 2.9990x3� 5.4144x4þ 3.3374x5þ 0.0083x1x2� 0.0069x1x3þ 0.0596x1x4� 0.0630x1x5þ
0.0755x2x3þ 0.0127x2x4þ 0.0094x2x5� 0.0052x3x4� 0.0884x3x5þ 0.0361x4x5

For each month, the input (x1 to x6) and the PR formula are indicated. DA stands for drought area.
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Table 6 | PR models for predicting CY built for each month: region 3 (Odisha)

Month

Input

PR modelx1 x2 x3 x4 x5 x6

Jan CYt�1 DA3 DA6 DA9 DA12 �149.3429� 0.4867x1� 1.5749x2þ 2.0827x3þ 5.9761x4� 6.0586x5� 0.0022x1x2þ 0.0100x1x3þ 0.0200x1x4þ
0.0045x1x5� 0.0142x2x3� 0.2414x2x4þ 0.1392x2x5� 0.1332x3x4þ 0.1123x3x5þ
0.2083x4x5þ 0:0022x21 þ 0:0262x22 þ 0:0771x23 þ 0:0431x24 � 0:1405x25

Feb CYt�1 DA1 DA3 DA6 �90.6767� 0.6674x1þ 0.1283x2þ 0.2580x3þ 0.4540x4� 0.0041x1x2þ 0.0141x1x3� 0.0009x1x4þ 0.0055x2x3�
0.0195x2x4þ 0.0771x3x4þ 0:0006x21 þ 0:0313x22 � 0:0207x23 þ 0:0129x24

Mar CYt�1 DA6 DA9 DA12 �168.6741� 0.7249x1þ 0.2079x2� 2.2594x3þ 2.2421x4þ 0.0074x1x2� 0.0102x1x3þ 0.0347x1x4� 0.0159x2x3þ
0.0009x2x4þ 0.1147x3x4þ 0:0025x21 þ 0:0454x22 � 0:0197x23 þ 0:0318x24

Apr CYt�1 DA3 DA6 DA9 DA12 �116.7973� 0.6789x1� 0.4066x2� 0.5459x3 þ3.4428x4� 3.2126x5þ 0.0008x1x2� 0.0110x1x3þ 0.0063x1x4þ
0.0337x1x5þ 0.0647x2x3� 0.1280x2x4þ 0.0847x2x5� 0.0041x3x4� 0.1576x3x5�
0.0357x4x5þ 0:0025x21 � 0:0386x22 þ 0:0180x23 þ 0:0968x24 þ 0:1431x25

May CYt�1 DA1 DA3 DA6 DA9 DA12 �56.0895� 0.8435x1� 1.5688x2þ 5.5848x3� 5.6556x4� 0.0876x5� 0.4449x6þ 0.0396x1x2� 0.0552x1x3þ 0.0130x1x4þ
0.0414x1x5� 0.0155x1x6þ 0.0691x2x3� 0.1386x2x4þ 0.4106x2x5þ 0.0874x2x6þ 0.2997x3x4� 0.2552x3x5�
0.4282x3x6� 0.0482x4x5þ 0.2264x4x6� 0.2702x5x6þ 0:0040x21 � 0:0721x22 � 0:0198x23 � 0:2076x24 þ 0:2160x25 � 0:0223x26

Jun CYt�1 DA6 DA9 DA12 �23.8562� 0.3639x1� 1.8924x2� 0.0052x3þ 1.3074x4� 0.0060x1x2� 0.0057x1x3þ 0.0205x1x4� 0.0135x2x3�
0.0965x2x4þ 0.1034x3x4þ 0:0004x21 þ 0:0110x22 � 0:0171x23 þ 0:0913x24

Jul CYt�1 DA1 DA3 DA6 DA9 DA12 �18.8884� 0.7725x1þ 2.8997x2� 1.9129x3� 0.9194x4� 0.5636x5� 0.6886x6� 0.0070x1x2þ 0.0320x1x3� 0.0220x1x4�
0.0221x1x5� 0.0042x1x6þ 0.3776x2x3� 0.0748x2x4� 0.1803x2x5� 0.2590x2x6� 0.5984x3x4þ 0.6811x3x5�
0.0178x3x6þ 0.8957x4x5þ 0.0173x4x6� 0.1524x5x6þ 0:0012x21 � 0:1151x22 � 0:1006x23 � 0:0306x24 � 0:7603x25 þ 0:1200x26

Aug CYt�1 DA1 DA3 DA6 DA9 DA12 4.8997� 0.7900x1� 0.9225x2þ 3.8372x3� 0.0832x4� 9.7835x5þ 4.0199x6� 0.0065x1x2þ 0.0352x1x3þ 0.0005x1x4�
0.0461x1x5� 0.0019x1x6� 0.0759x2x3� 0.1196x2x4þ 0.1775x2x5þ 0.0748x2x6þ 0.0694x3x4þ 0.2503x3x5�
0.3715x3x6� 0.2022x4x5þ 0.4167x4x6� 0.2192x5x6

Sep CYt�1 DA1 DA3 DA6 DA9 41.4745� 0.5431x1� 0.0366x20.9681x3 þ3.6023x4� 4.3272x5� 0.0002x1x2þ 0.0115x1x3� 0.0191x1x4þ 0.0139x1x5�
0.0809x2x3þ 0.0508x2x4þ 0.0205x2x5þ 0.4602x3x4� 0.5016x3x5þ
0.3000x4x5þ 0:0002x21 þ 0:0172x22 � 0:0339x23 � 0:3409x24 þ 0:0831x25

Oct CYt�1 DA1 DA3 DA6 �48.806� 0.6966x1� 0.4241x2� 1.7664x3� 3.0097x4þ 0.0040x1x2þ 0.0053x1x3� 0.0175x1x4� 0.0038x2x3þ
0.0111x2x4� 0.1443x3x4þ 0:0008x21 þ 0:0073x22 þ 0:0861x23 þ 0:0558x24

Nov CYt�1 DA1 DA3 DA6 47.8316� 0.6925x1þ 0.7765x2� 2.3671x3� 2.9813x4þ 0.0043x1x2þ 0.0011x1x3� 0.0066x1x4þ 0.0797x2x3�
0.0306x2x4� 0.0144x3x4þ 0:0004x21 � 0:0064x22 � 0:0407x23 þ 0:0200x24

Dec CYt�1 DA6 DA9 13.0378� 0.5111x1þ 0.5765x2� 3.4820x3þ 0.0177x1x2� 0.0158x1x3þ 0.0155x2x3þ 0:0004x21 � 0:0691x22 þ 0:0343x23

For each month, the input (x1 to x6) and the PR formula are indicated. DA stands for drought area.
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4.5. Modelling limitations

The modelling limitations of the presented approach include the following.

(1) To identify drought-affected areas, a threshold value of SPEI��1 was employed. Relying on a single threshold might lead
to overestimating the actual impacts of drought on crop yield.

(2) The gridded SPEI data at a spatial resolution of 0.5°� 0.5° was utilised for each region individually. Such a coarse spatial

resolution across different region sizes might not accurately delineate drought areas, resulting in over- or underestimations
of their extent.

(3) Due to limitations in the yield data – specifically, the availability of only time series information – irrigated and rain-fed
areas could not be modelled separately. Using spatially explicit crop data that distinguish between irrigated and rain-fed

areas, along with finer-resolution drought areas data, could improve the results.
(4) This study assumes drought as the sole causative factor; however, floods also negatively affect crop yield and overall

regional production. Flood impacts are not incorporated into the models.

(5) Additional factors such as market conditions, technological advancements, and management practices may also influence
rice yields. Nonetheless, this study presumes drought to be the most significant factor.

(6) Limited crop yield data was available for model development, with only the Kharif season data used, resulting in the crop

yield time series containing a single value for each year.

4.6. Consideration of other factors, drought types, and indices

While soil moisture is widely recognised as a key variable for assessing agricultural drought (Carrão et al. 2016; Zhu et al.
2020), its use is often limited by data availability and spatial resolution, especially in local or regional contexts. In such
cases, proxy indicators like the SPEI can offer a practical alternative for estimating drought impacts (Osman 2018; Osman

et al. 2018; Araneda-Cabrera et al. 2021; Khoshnazar et al. 2022).
Our study shows that DA derived from SPEI can effectively act as a predictor of crop yield variability. The ML approach

presented here can be further explored by examining other drought indicators (e.g., Hao & AghaKouchak 2013; Khoshnazar

et al. 2022) to investigate any additional improvement in crop yield prediction.
Incorporating additional factors, such as irrigation practices, soil properties, and farmer practices, would further improve

prediction models. However, such data are often difficult to gather or standardise. As an alternative, we suggest modifying the
drought area input by applying spatial or temporal weights derived from these auxiliary factors. For example, drought areas

could be adjusted – expanded or contracted – based on access to irrigation, land management practices, or socioeconomic
vulnerability. These weighted drought areas could serve as more refined inputs for ML models.

Moreover, future implementations could divide the study region into spatial units (e.g., grid cells) to enable spatially

resolved ML models. Advances in remote sensing now make it possible to access and process such high-resolution data. Com-
bining anthropogenic and natural variables – either separately or together – through feature selection and classification could
also help identify the most influential drivers of crop performance.

Lastly, our modelling framework can be adapted to simulate climate change scenarios, providing insights into how future
drought patterns may impact crop productivity and guiding the development of more resilient agricultural strategies.

5. SUMMARY AND CONCLUSIONS

This research introduces an ML approach for predicting CY using DA data as input. The approach was applied to three
regions in India to predict rice yield. The framework is based on ANN models, with PR models serving as a baseline.

Together, ANN and PR models form an integrated tool for crop yield prediction.
ANNmodels can be used independently or in combination with PR models, as proposed in this study, allowing for perform-

ance comparison and validation. Moreover, when the spatial input data required to calculate drought areas inputs for ANN

models are not yet available, the PR models can be applied using early estimates of drought area data, enabling timely and
continuous early-season crop yield predictions.

The following conclusions have been drawn from this research.

• Based on the performance of PR and ANN models, results indicate that drought area is a suitable variable for predicting
crop yield outcomes.
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• The correlation analysis between DA and CY showed high negative correlations in Odisha (region 3). The correlation

gradually decreases in Bihar and Jharkhand (region 1) and West Bengal (region 2). These correlation values may be because
West Bengal has better access to irrigation facilities than Odisha and Bihar and Jharkhand.

• When comparing ANNmodels and PR models, the ANNwas more accurate than PR models in predicting crop yield across

all regions. This is expected since the drought–crop relationship is a highly non-linear problem.

• It can be concluded that ANN can predict CY in the pre-harvesting stage with good accuracy, given the drought indicator
(SPEI), which uses climate variables such as precipitation and temperature (for evapotranspiration calculation).

Based on the analysis and findings of this research, the following recommendations can be made for further improvement
of the study.

• Sensitivity analysis should be carried out to identify the parameters that can influence the model results. For instance, vary-
ing the spatial resolution of the drought indicator and using different drought indicator thresholds should be investigated.

• Extreme wet events should be considered, especially in flood-prone regions such as the coastal areas of West Bengal

(region 2), Odisha (region 3), and North Bihar (region 1), where floods also affect crop yield.

• Non-climatic factors such as economic conditions, fertiliser use, and management practices, may also be considered, as
they influence crop yield.

• To enhance the accuracy of the model, more input data should be incorporated in future research. For CY, this can be
assessed through remote sensing techniques on a monthly basis so that the machine learning models can be constructed
for this temporal resolution and the spatial coverage can be improved.

• Other ML models should be examined further, especially committee (ensemble) methods like random forests or boosting
techniques. For data at scales smaller than monthly, deep learning algorithms (e.g., LSTM networks) may also be rec-
ommended for exploration.

We envision that this research will enhance drought monitoring systems for evaluating the impacts of drought. Although
these systems can currently calculate drought areas, the direct application of drought impact predictions can be integrated
using approaches such as the one presented or similar ones.
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