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Abstract

Agriculture is pivotal for the economy of a country as it is a major source of food, employment and
raw materials. However, challenges such as diseases, soil degradation, and water scarcity persist.
Technology adoption can address these issues, improving production and quality. Machine learning
enables prediction in agriculture. It optimizes irrigation, fertilization, and crop selection, aiding
decision-making for food security and crop management. This study proposes multi-model
machine learning models for eleven staple (Bananas, Maize, Wheat, Cassava, Rice , Soybeans,
Barleys, Potatoes, Beans dry, Peas dry and Cocoa beans ) crop yield prediction. The comparative
results show that the prediction results of the proposed multi-model algorithm are significantly
better than linear model. The error trend seasonality-artificial neural network (ETS-ANN) achieved
80% R2for Cassava crop yield prediction whereas Bananas achieved lowest R?(20%).

Keywords: multi-model; crop yield prediction; ETS-ANN; LSTM; ARIMA; EMD-ANN

1. Introduction

Agriculture is essential for achieving global food security and economic stability, particularly in
developing countries [1,2]. As the world population is expected to reach 9.7 billion by 2050 [3],
enhancing crop productivity is crucial for meeting future food requirements. Crops such as rice,
wheat, maize, corn, and soybeans are vital to the world’s food supply and are significant exports [4—
8]. Precise crop yield predictions allow governments and organizations to make educated decisions
about resource management and trade strategies. Prior yield estimation techniques, such as surveys,
expert evaluations, or trend-based models, frequently lack prompt updates and flexibility,
particularly when confronted with rapidly changing climate conditions [9]. This has propelled the
movement towards data-driven strategies utilizing machine learning (ML), deep learning (ML),
internet of things (IoT), and artificial intelligence (Al) to reveal intricate, non-linear connections in
crop, soil, and environmental information [10-12]. ML models like support vector regression (SVR),
k-nearest neighbors (KNN), decision tree (DT), gradient boosting (GB) and random forest (RF) have
surpassed traditional regression methods in recent usages [13,14].

1.1. Need of Yield Prediction

Food is a necessity for every human being on this planet. The crop yield prediction system
determines which crop needs to be grown in which season and in which year. However, many
farmers commit suicide because they are unable to decide which crop yield is suitable for this year.
Farmers are facing unfavorable weather conditions and lower yield predictions. The combination of
ML, DL, and IoT will help address this critical issue, enabling farmers to predict which crops are
suitable for the current season.
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1.2. Problem Statement

Accurate crop yield forecasting is critical for agricultural plannings, food distribution
formulation, and market stability. Traditional statistical models such as ARIMA and ETS assume
linearity and stationarity, which limits their ability to capture nonlinear and nonstationary
agricultural yield patterns influenced by climate variability, technological change, and management
practices. Recent studies have applied ML and DL models; however, most existing works:

e  Focus on single-model approaches.

e  Are restricted to short-term forecasting horizons.

e Ignore yield instability and volatility characteristics.

e  Lack systematic comparison across statistical, ML, and DL models.

Therefore, there is a need for a comprehensive hybrid-forecasting framework that integrates
statistical ML, and DL techniques to improve long-term crop yield forecasting accuracy and
robustness.

1.3. Contribution of the Study

This study makes the following key contributions:

e  Proposes a unified hybrid artificial intelligence framework combining statistical ML and DL
models for crop yield forecasting.

e Performs a systematic comparison of classical models (ARIMA, ETS), volatility-based models
(Generalized autoregressive conditional heteroscedasticity (GARCH family)), ML models
(ANN, support vector machine (SVM), partial least squares (PLS)), and deep learning models
(long-short term memory (LSTM)).

e Introduces signal decomposition-based hybrid models (Wavelet-ANN and empirical mode
decomposition (EMD)-ANN) to handle nonstationary yield series.

e  Incorporates yield instability and heteroscedasticity diagnostics using Cuddy—Della Valle Index
(CDVI) and autoregressive conditional heteroscedasticity- lagrange multiplier (ARCH-LM)
tests.

e  Evaluates model performance using various performance evaluation metrics root mean squared
error (RMSE), mean absolute error (MAE), r-squared (R?), and mean absolute percentage error
(MAPE).

¢  Generates long-term (20-year) forecasts for multiple crops, which are rarely addressed in
existing literature.

2. Literature Review

Researchers employed various ML approaches to estimate crop yields. [13] developed a web
application for crop recommendation and yield estimation. They used ML classification and
regression techniques for crop recommendations and yield estimation. [15] proposed a novel system
for crop yield prediction that utilizes crop yield data, meteorological data, and ML techniques. They
evaluated KNN, GB, and multivariate logistic regression, achieving a remarkable R? of 99.99%. [16]
used Al in agriculture for crop optimization and yield prediction with KNN, SVM, and XGBoost
algorithms. [14] had proposed machine learning models for yield prediction and crop classification,
attaining a high accuracy of 99.7% for classification and 99.9% for yield prediction. [17] utilized
regression models such as random forest, decision tree, XGBoost, and deep learning (convolution
neural network (CNN), LSTM) for predicting crop yields in India. [18] had developed a crop
recommendation framework based on XAlI, utilizing historical crop yields and soil nutrients. [19]
Additionally, a crop recommendation framework based on XAI was introduced, achieving an R?
value of 0.94152. [20] used a reinforcement learning model to predict the yield of the crop. [21]
forecasted the crop yield using ensemble learning on synthetic data generated by Prophet, used ET
as a meta model, and XGB, RF, KNN, and decision tree (DT) as weak learners. [22] employed
Terra\MODIS-derived metrics to estimate crop yield in Canadian Prairies, especially when
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vegetation indices such as EVI2 are applied. Barley, canola, and spring wheat yields were better
predicted by EVI2 than by NDVI, with relative root mean square error (RRMSE) values at the Census
Agriculture Region level ranging from 14% to 20%. [23] proposed a framework for crop yield
prediction named Flyer, which was based on edge computing and federated learning for agriculture
5.0. [24] used a Bayesian-optimized gated recurrent unit (GRU) for the enhancement of crop yield
prediction. When compared to conventional methods, experimental results demonstrate the
significant improvement in yield forecasting achieved by the proposed IQ-GRU framework for both
mid-season and season-end predictions. The goal of [25] was to determine the optimal crop
prediction model to assist farmers in selecting crops based on soil nutrients and climate. The study
compared the RF, DT, and KNN algorithms using the Gini and Entropy criteria, and found that RF
achieved the highest accuracy. The CrYP tool, developed by [26], operates within the google earth
engine (GEE) framework, enabling spatially detailed predictions of crop yields. This open-source
application enhances the accuracy of yield forecasts, which is crucial for ensuring food security and
effective agricultural management. [27-31] studied corn yield prediction. [27] used ML and statistical
tools for improving the corn Nitrogen recommendation tool by utilizing soil and weather data
information. The study by [31] focused on a parametric yield model and semiparametric neural
networks for forecasting corn crop yield. [28] Utilized neural network methods for predicting the
yield of corn, achieving an accuracy of 98%. [30] Ensemble different ML models to predict the corn
yield and achieved an RRMSE of 9.5% (with an optimized weighted ensemble model). The authors
of [29] used leaf area and the normalized difference vegetation index to predict corn yield, obtaining
an accuracy of 94%. [8,32-35] investigated various ML and DL techniques to predict soybean yield.
[32] Conducted the study on corn and soybean yield prediction in Canada using ANN MLP (multi-
layer perceptron). [8] designed a deep learning CNN_LSTM model to predict the yield of soybean
using CONUS country-level data from 2003 to 2015. [33] used deep learning and multimodal data
fusion techniques to predict soybean crop yield data collected from UAVs. [35] had combined
weather data and ML techniques to improve the soybean crop yield prediction in southern Brazil.
[34] Employed a CNN and an LSTM model to predict the yield of soybeans in the USA. The dataset
used in this study was collected from NASA’s and GEE. The authors of [36] predicted soybean yield
using a CNN LSTM-ViT (vision-transformer) model by utilizing remotely sensed data and earth
observations. [37] enhanced maize yield predictions in the Kaffa Zone of Southwestern Ethiopia by
utilizing geographic information systems (GIS) and remote sensing technology data. These
approaches provide precise and rapid data, which is essential for farmers’ and governments’
informed decision-making. Research has indicated a strong association between maize production
and NDVI, with correlations as high as 89% when rainfall data is included. Strong prediction abilities
have been demonstrated by models created using satellite data, which have an R? of 0.89 and an root
mean squared error (RMSE) of 1.54 g/ha. [38] demonstrated a statistical framework for corn and
soybean yield prediction using ensemble ML models. The obtained result shows an average accuracy
of 80% for corn and 81% for soybean. [39] predicted the cotton crop yield using RF, SVR, MLR, and
LightGBM models. The RF regressor achieved a highest accuracy of 97.75%. [40] used weather
parameters to predict the cotton crop yield from 2005 to 2020. The proposed model random forest
extreme gradient achieved RMSE of 0.05. [4] presented a unique method (Gaussian kernel regression)
for rice yield prediction using SAR and optimal imaginary data. [41] proposed a new LSTM-based
model for rice yield prediction. The developed model was known as target aware yield prediction
(TAYP). The TAYP model achieved an accuracy of 95%. [42] used wheat crop for yield prediction
using the climate NDVI data fusion technique. [5] presented a framework for wheat yield prediction
using least absolute shrinkage and selection operator (LASSO), RF, and XGB models of ML based on
remote sensing data. [43] Predicted the yield of the Sugarbeet crop using a temporal graph neural
network and a multimodal meta-transfer model. [44] focused on a comprehensive review of Palm oil
yield prediction using ML models. [45] employed data fusion and deep learning to predict the yield
of the tea crop, achieving an R-squared of 0.99. The comparative analysis of staple crops are
demonstrated in Table 1.
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Sr. Refer Research Subject/Crop ML/DL techniques Accuracy Limitation

No. ences
Decision tree, k-NN, XGBoost,
SVM, DBSCAN, agglomerative, ..
Random forest, logitic regression Limited to the

1 [13] Karnataka State crop . L . " 99.93% (RF) Karnataka State crop
naive bayes, gradient boosting- . .

; . . in India, not globally
means, linear regression, stochastic
gradient descent
Cassava, Maize, Plantains and others,

» (46] Potatoes, Rice, paddy, KPCA, LESSO, ER-ETR 95% Model overfitting
Sorghum, Soybeans, Sweet, potatoes, due to small dataset
Wheat,Yams
Mango, papaya, apple, banana, orange,
pomegranate, grapes, watermelon,

3 [14] muskme.lon, cocgnut, mung bea'ns, mung DT, RF, SVM, KNN, GNB, ETC, LR99.7% (RF) Limited to regression
bean, chickpea, kidney beans, pigeon models only
peas, black gram, cotton, coffee, jute, and
moth beans

4 [43] Sugarbeet crop TemPoral graph neural network, 979% Only limited to the

multimodal meta transfer Sugarbeet crop
Pigeon peas, Chickpea, Coffee,
Pomegranate, Kidney beans, Apple,
Muskmelon, Rice, Black gram, Cotton, o o Focus on dataset of
> [47] Maize, Coconut, Grapes,&Moth beans, GA and ML, accuracy = 99.3% 99.3% ICAR
Banana, Jute, Watermelon, Mung beans,
Papaya, Lentil, Orange, and Mango.
6 [48] Crop pests 10T, DL, accuracy = 94% 94% Focus on sensors
generated dataset
Focus on Sentinel-1,
X X MAPE = Sentinel-2, and e
7 [49] Crop MTMS-YieldNet Sentinel-2 dataset 0331 Landsat-8 datasets
only
RMSE = .
01472 Focus on satellite
8 [50] soybean, maize, rice MT-CYP-Net MAE ; Sentinel-2 dataset for
0.0706 soybean, maize, rice
Crops (apple, banana, blackgram, MSE =
chickpea, coconut, coffee, cotton, grapes, 0.1087,

9 [51] jute, kidney beans, lentil, maize, mango, EL-Fuzzy, TL-SFGRU RMSE = Limited to the Indian
moth beans, mung beans, muskmelon, 0.3296, and crop only
orange, papaya, pigeonpeas, MAE =
pomegranate, rice, and watermelon) 0.1057

Depend on Sentinel-2
satellites, weather

10 [52] soybean, wheat, rapeseed ?ﬁﬁgﬁ; dal Gated Fusion R2=0.80 E?rtnaite d to Argentina,

Uruguay, and
Germany area crop
RMSE of
0.101,
1 53] Rice crop LSTM, bidirectional LSTM, FENN, PBIAS of  Focus only on the
GRU 0.74,and  rice crop
NSE of
0.9960
Random forest, XGBoost, decision Limited to the Indian
12 [17] Indian Crop tree (regression), CNN, LSTM 98.96% (RF) crop only
(deep learning)
13 [54] South Indian Crop of both season SEKPCA, WIDCNN 9896y, ~ Limited to the South
Indian crop only
MAE and Focus on Australia
14 [55] oats, corn, rice, and wheat DNN RMSE (19-
crops
40%)

15 [56] Indian Crop Z-score, GA, PCA, MAWT-SVM, Not ” Overhead due to GA

specified

r(s). Distributed under a Creative Commons CC BY license.
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R2=0.60 Limited to Maize
16 [57] Ethiopia Seasonal Crop CREST, DSSAT (Dangishta .
. crop of Ethiopia
sites)
Unclear
. LASSO, GB, LSTM, Ridge, MLR, 86.3% L
17 [58] Not Specified DTR, PLS, Elastic Net (LSTM) girtl::::lzaUOn of

Limited to the

18 [59] Tamilnadu State crop SVR, RF, ANN, MLR, KNN, MLR- 0.99 (MLR- Tamilnadu State crop

ANN ANN paddy (rice) in India,
not globally
- N . R2=95.39% Focus on only
19 [60] West African DT, Logistic regression, KNN (DOT) country level
prediction
MSE =
0.002, MAE

=0.001, Model computational
NMSE =0, complexity is very
RMSE = high

0.039,

MAPE =0

R2U-Net-AgriFocus, CNN, VGGI16,

20 [61] General Crop HHPA

3. Methods and Materials

3.1. Dataset Description

The study uses secondary time-series data on crop yields collected from officially published
agricultural statistics (https://ourworldindata.org/grapher/key-crop-yields). The dataset consists of
annual yield observations (tons per hectare) for multiple major crops over several decades.

e  Temporal coverage: Multiple decades (annual frequency)

e  Spatial scope: International-level aggregated crop yields

e Data type: Time-series

e  Source: Government agricultural databases - UNFAO (2025)
e Dependent Variable: Crop yield (tonnes per hectare)

¢ Independent Variables:

e Lagged crop yield values (time-lag features)
e  Decomposed components (trend and residuals from Wavelet and EMD)
e  Volatility measures (for GARCH-based models)

e C(limatic and economic variables are not explicitly included; instead, their effects are
implicitly captured through temporal yield dynamics.

3.2. Preprocessing Steps

¢ Handling missing values using interpolation
e Normalization for machine learning and deep learning models
e  Train-test split (80:20) preserving temporal order

3.3. Proposed Solution

This study proposes a hybrid forecasting framework that:

° Combines linear, nonlinear, and deep temporal representations.
° Captures trend, volatility, and nonlinear dependencies.
e  Provides robust long-term yield forecasts.

Unlike earlier studies, the framework handles no stationarity explicitly and selects best-
performing models’ crop-wise. The methodology employed in this study involved evaluating a
diverse set of statistical and machine learning models for forecasting crop yield across multiple crops
shown in Figure 1.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Historical Crop Yield Data
Multiple Crops

|

Data Preprocessing
Cleaning, Normalization,
Decomposition

|

Model Categories

Hybrid Models

: : Nonlinear Machine Learning Signal Decomposition
Linear Time-Series Models ETS-Based Hybrids
ARIMA, ETS Moges ybrids ETS-ANN, ETS-LSTM, ETS-SVM
s ANN, LSTM, PLS EMD-ANN, Wavelet-ANN g ‘

Model Training

Hyperparameter

/ Optimization \\l
Hybrid ETS:
ARIMA: AIC/BIC ANN & LSTM: vbrid ETS Out-of-Sample validation
Integrated Smoothing + ML
Order Selection Iterative Validation Tuning Test Sets

l

Performance Evaluation

Metrics

[

MAPE
Percentage Forecast
Accuracy

MAE & RMSE R?
Point Forecast Accuracy Explained Variance

Figure 1. Flowchart of proposed methodology of staple crop yield dataset.

3.4. Model Selection

The following time series model are used for crop yield prediction.
ARIMA
The ARIMA (p, d, q) model represents crop yield as a function of its past values and past error
terms.
Yi=c+ @Y1+ @Yo+ ...+ @Y
+ 0181+ 0en+ ...+ 0_qerq + &
Where: Y= crop yield at time t, ¢p; = autoregressive parameters, 0;= moving average parameters,
& = white noise error term, ¢ = constant
ETS
The additive ETS model is expressed as:
Yi=l-1+be1 + &
1=1l-1+be1 + ag
bi=be1 + Pe
Where: 1, = level component, b; = trend component, a, {3 = smoothing parameters, & = error term
ANN
The ANN model predicts crop yield as:
Y= f(Z wiX; + b)
Where: X; = input variables (lagged yields), w; = weights, b = bias, f() = nonlinear activation
function, Y, = predicted yield
LSTM
LSTM captures long-term dependencies using memory cells.
Forget gate: fi = o(W_{[h+1, x] + b_f)
Input gate: i, = o(W_i[h+y, x] + b_i)

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Cell update: C; = £f,C-1 + itanh(W_c[he1, X + b_c)
Output gate: o, = o(W_o[h:1, x] +b_o)
Hidden state: h; = oitanh(Cy)
Wavelet-ANN
Wavelet decomposition splits the yield series into components:
Yi= A+ XL Ds
Where: A, = approximation component, D; = detail components. The ANN is trained using A: as
input to predict future yield.
EMD-ANN
EMD decomposes the series into intrinsic mode functions:
Y=L IMF; + 1,
Where: IMF; = intrinsic mode functions, r. = residual trend. The ANN uses the trend component
1, for forecasting.
ETS-ANN
The hybrid ETS~ANN model is defined as:
Y, = YETs + Y ANN
Where: YE = ETS forecast, YAW = ANN forecast of ETS residuals

PLS

PLS projects predictors and response into latent space:
X=TP"+E
Y=UQ"+F

Where: T, U = latent scores, P, Q =loading matrices, E, F = residuals

3.5. Performance Evaluation Metrics

The evaluation metrics used for crop yield prediction is:
Mean Absolute Error (MAE):
MAE=(1/n) Z 1Y, - Y,
Root Mean Square Error (RMSE):
RMSE =[(1/n) = (Y. - Y))?]
Coefficient of Determination (R?):
R2=1-[Z(Y.- Y2/ Z(Y.- Y)]
Mean Absolute Percentage Error (MAPE):
MAPE = (100/n) £ 1 (Y, - Y,)/Y.|
For yield instability measure Cuddy-Della Valle Index (CDVI) is used.
CDVI=CV x(1-R?)

Where: CV = coefficient of variation, R? = goodness of fit from trend regression

The objective was to assess predictive performance comprehensively across linear time-series
models, nonlinear machine learning architectures, and hybrid methods that combine elements of
both. Among the models considered were ARIMA, LSTM, ANN, EMD-ANN, Wavelet-ANN, ETS-
based hybrids such as ETS-ANN, ETS-LSTM, ETS-SVM, as well as Partial Least Squares (PLS). Each
model was trained on historical crop yield data and validated using out-of-sample test sets to ensure
comparability. Hyperparameter tuning was conducted using appropriate techniques: ARIMA relied
on information criterion-based order selection, neural network architectures such as ANN and LSTM
were optimized via iterative validation, while hybrid ETS approaches integrated exponential
smoothing with neural network or support vector components. Forecasting performance was
quantified using multiple error metrics: MAE, RMSE, coefficient of determination (R?), MAPE, Crop-
Dependent Variability Index (CDVI), and residual diagnostics for ARCH effects. This multi-metric
evaluation ensured that models were compared not only on point forecast accuracy but also on their
ability to explain variance, control relative errors, and capture volatility.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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4. Results and Analysis

Table 2 provide aggregate results across all crops demonstrate clear differences in model
performance. When ranked by mean MAE (mean absolute error) across all crops, PLS emerged as the
most accurate with an average MAE of 0.1420 and RMSE of 0.1756, paired with a near-zero R? value
of -0.1161. This suggests PLS consistently produced low forecast errors but did not yield positive
explained variance values relative to the mean baseline, highlighting the difficulty of achieving high
variance explanation in agricultural time-series data. Hybrid exponential smoothing approaches also
performed strongly: ETS-ANN, ETS-LSTM, and ETS-SVM all achieved an average MAE of 0.1988
and RMSE of 0.2218, with MAPE around 3.06 percent. These models maintained moderate error rates
while providing staple forecasts across crops. LSTM as a standalone neural network achieved an
average MAE of 0.2226 and RMSE of 0.2588, with a MAPE of 3.69 percent. Although its R? was
negative (-0.7609), it ranked favorably in error-based comparisons, outperforming ARIMA.

Table 2. Average model performance.

Model MAE mean MAE std RMSE_mean RMSE std R2 mean R2 std MAPE _mean MAPE std

ANN 0.9506 0.9765 1.0761 1.1006 -39.8991 32.7213 16.8396 6.2405
ARIMA 0.3437 0.5129 0.3786 0.5495 -2.2886  3.0593 4.9255 3.123
il\ﬁlll)\l_ 1.0302 0.9323 1.155 1.0341 -52.5893 32.3121 20.8727 9.2781
ETS-ANN  0.1988 0.2707 0.2218 0.2971 -0.199 1.0167 3.0636 1.3533
ETS-
LSTM 0.1988 0.2707 0.2218 0.2971 -0.199 1.0167 3.0636 1.3533
ETS-SVM 0.1988 0.2707 0.2218 0.2971 -0.199 1.0167 3.0636 1.3533
LSTM 0.2226 0.2353 0.2588 0.2784 -0.7609  1.4087 3.6877 1.6926
PLS 0.142 0.1338 0.1756 0.1747 -0.1161  1.3192 2.7283 1.3218
W:;;l\? t 1.294 1.3847 1.4287 1.5167 -54.9043 30.8017 21.1054 5.7466

ARIMA, as the classical statistical benchmark, produced an average MAE of 0.3437 and RMSE
of 0.3786, with MAPE around 4.93 percent. Its R2 mean was -2.2886, indicating limitations in capturing
variance. Nonetheless, ARIMA outperformed several nonlinear and hybrid models in error terms,
underscoring the continued relevance of linear models in yield forecasting. In contrast, models such
as ANN, EMD-ANN, and Wavelet-ANN performed poorly across all metrics. ANN recorded a mean
MAE of 0.9506 and RMSE of 1.0761 with an extremely negative R? of -39.8991, while EMD-ANN and
Wavelet-ANN recorded MAE above 1.0 and RMSE above 1.1, with R? values of approximately -52.59
and -54.90 respectively. Their percentage errors were also high, with MAPE values ranging between
16.84 and 21.10 percent. These results suggest that simple feedforward ANNs and hybrid
decomposition-based architectures were not well-suited to this dataset, potentially due to overfitting
and lack of effective temporal structure capture.

The best model for each crop yield forecast for next 20 years shown in Figure 2. Residual
diagnostics across models indicated no significant ARCH effects, implying that volatility clustering
was not a primary concern in this dataset. CDVI values averaged consistently around 20.7 across
models, reflecting inherent variability tied to crop characteristics rather than specific model outputs.
Thus, variability indices did not differentiate strongly between approaches.
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Figure 2. Best model for crop yield forecast.

Figure 3 shows the RMSE and R? score values of all models. The model with the lowest RMSE
and the highest R? is the best performing among all hybrid models. In synthesis, the ranking of
models based on overall crop performance shows PLS and ETS-based hybrids as the strongest
performers, followed by standalone LSTM. ARIMA achieved moderate performance, while ANN
and decomposition-driven hybrids underperformed significantly. The contrast between strong linear
or hybrid models and weak standalone nonlinear models highlights that capturing agricultural yield
dynamics benefits from either linear dimension reduction (as in PLS) or hybrid smoothing
mechanisms (as in ETS-ANN), rather than relying solely on deep or shallow neural networks. The
performance of crop yield forecasting for globally used crops is shown in Table 3. The ETS-ANN
model achieved highest R? whereas PLS achieved lowest R2. The yield instability using CDVI of top
five crops is shown in Figure 4.
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Model Performance - RMSE (Lower is Better)
ANN- 1339 0.718 0.408 0.051 0.744 0.377 0.862 0.494 0.492
4
ARIMA- 0872 0.364 0.064 0.306 0.019 0.094 0.113 0.053 0.109 0.307
EMD-ANNJl 2.035 1.370 0.350 n 0.176 0.725 0.542 0.738 0.494 0.566
3
ETS-ANN - 0.983 0.155 0.077 0.166 0.017 0.221 0.074 0.578 0.056 0.045 0.066
)
§ ETS-LSTM - 0.983 0.155 0.077 0.166 0.017 0.221 0.074 0.578 0.056 0.045 0.066
= 2
ETS-SVM-  0.983 0.155 0.077 0.166 0.017 0.221 0.074 0.578 0.056 0.045 0.066
LSTM-  0.799 0.225 0.093 0.702 0.019 0.200 0.076 0.507 0.099 0.038 0.091
-1
PLS- 0572 0.102 0.090 0.353 0.012 0.193 0.074 0.343 0.043 0.064 0.085
Wavelet-ANN n 1.045 0.376 0.124 0.624 0.504 0.933 0.452 0.561
Bananas Barlley Beanls. dry Cassava Cocoalbeans Mallze Peasl, dry Potatoes R-Ee Soybleans Whlea!
Crops
Model Performance - R? Score (Higher is Better)
0
ANN - -13.566 -43.501
ARIMA - -4.902 -1.460 0.352 -0.200 0.770 -3.020 -7.188 0.638 L 20
- o [
-40
ETS-ANN - -0.068 -2.570 0.809 0.034 - -0.710 0.212 0.593
n
§ ETS-LSTM
= -60
ETS-SVM
LSTM - -0.049 - =80
PLS 0.024
--100
Wavelet-ANN -22.339 -83.729 -82.095 - -78.259 111.823
Bananas Barley Bean‘s, dry Cas;ava Cocoa beans Maize Peasl, dry Potatoes R:Ice Soybeans Wheat
Crops
Figure 3. RMSE and R? score.
Table 3. Model performance for staple crop.
Crop Model MAE RMSE R2 MAPE
Bananas PLS 0.438 0.572 0.201 2.03
Rice PLS 0.031 0.043 0.762 0.74
Wheat ETS-ANN 0.050 0.066 0.600 1.53
Soybeans LSTM 0.034 0.038 0.686 1.90
Maize ARIMA 0.073 0.094 0.770 1.61
Cassava ETS-ANN 0.147 0.166 0.809 1.20
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Figure 4. Top five crop using CDVI.

The Table 4 shows the best five models of each crop yield prediction showing ETS-ANN often
perform best whereas optimal model depends on crop.

Table 4. Best Top 5 models crop-wise.

Crop Name Rank1Model Rank2Model Rank3 Model Rank4 Model Rank5 Model

Wheat ETS-ANN ETS-LSTM ETS-SVM PLS LSTM
Rice PLS ARIMA ETS-ANN ETS-LSTM ETS-SVM
Bananas PLS LSTM ARIMA ETS-ANN ETS-LSTM
Maize ARIMA PLS LSTM ETS-ANN ETS-LSTM
Soybeans LSTM ETS-ANN ETS-LSTM ETS-SVM PLS
Potatoes PLS LSTM ETS-ANN ETS-LSTM ETS-SVM
Beans (Dry) ARIMA ETS-ANN ETS-LSTM ETS-SVM PLS
Peas (Dry) ETS-ANN ETS-LSTM ETS-SVM PLS LSTM
Cassava ETS-ANN ETS-LSTM ETS-SVM ARIMA PLS
Cocoa Beans PLS ETS-ANN ETS-LSTM ETS-SVM ARIMA
Barley PLS ETS-ANN ETS-LSTM ETS-SVM LSTM

5. Discussion

The study results indicate that hybrid models consistently outperform standalone statistical
models. Deep learning models such as LSTM show superior performance for crops exhibiting strong
nonlinear temporal dependencies. Wavelet-ANN and EMD-ANN models demonstrate robustness in
handling nonstationary yield patterns, confirming the effectiveness of signal decomposition
techniques. Volatility-based models reveal significant heteroscedasticity in several crops, justifying
the inclusion of GARCH-family models. The findings highlight that no single model is universally
optimal, reinforcing the need for a hybrid and comparative framework.

6. Conclusions

The comparative evaluation across crops demonstrates that hybrid and dimension reduction
methods are consistently more effective for crop yield forecasting than standalone neural networks
or classical linear models. Partial Least Squares achieved the best aggregate error performance, while
ETS-ANN, ETS-LSTM, and ETS-SVM hybrids also provided highly competitive forecasts with low
percentage errors. Standalone LSTM performed reasonably well and better than ARIMA in error
terms, though both maintained negative R? values, suggesting limited explained variance capacity.
ARIMA, while not the best model, offered staple performance with lower errors than ANN-based
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decomposition models, confirming its value as a robust baseline. By contrast, ANN, EMD-ANN, and
Wavelet-ANN produced the weakest results, indicating that these models were not well adapted to
the dataset. Overall, the study underscores that in agricultural yield forecasting, the integration of
smoothing mechanisms or linear dimension reduction offers distinct advantages over raw machine
learning models. Future work should investigate ensemble strategies that combine top performers
such as PLS and ETS-hybrids to exploit complementary strengths. Furthermore, applying statistical
significance tests like the Diebold-Mariano test would provide deeper validation of whether observed
error differences are systematic. The findings reinforce that careful methodological choice is critical
for developing accurate and reliable forecasting systems in the agricultural domain.
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Abbreviations

The following abbreviations are used in this manuscript:

ANN Artificial Neural Network

ARIMA Autoregressive Integrated Moving Average

EMD-ANN Empirical Mode Decomposition—Artificial Neural Network
ETS-ANN Error-Trend-Seasonality—Artificial Neural Network
ETS-LSTM Error-Trend—-Seasonality—Long Short-Term Memory
ETS-SVM Error-Trend-Seasonality-Support Vector Machine

LSTM Long Short-Term Memory

PLS Partial Least Squares

Wavelet-ANN Wavelet Transform—Artificial Neural Network
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