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Abstract: Soybean is a major oilseed crop in India, and its market prices have exhibited significant volatility in recent years. Such
price fluctuations create serious challenges for small and medium-scale farmers. Accurate price forecasting is essential to support
informed decision-making by farmers and agri-business stakeholders. This study focuses on forecasting soybean prices in the Indian
market using data spanning January 2015 to June 2025. The dataset integrates multiple heterogeneous sources, including daily
market data from Agmarknet, weather information from the India Meteorological Department, regional production, and trade
statistics. Extensive exploratory data analysis is conducted to examine price distributions, temporal trends, regional variations, and
inter-variable relationships. Several predictive approaches are evaluated, including traditional time-series models (Autoregressive Inte-
grated Moving Average), ensemble machine learning models, and deep learning models. In addition, a hybrid Long Short-Term
Memory-Gated Recurrent Unit framework (AgroNET) is proposed to effectively model complex temporal dependencies across het-
erogeneous data sources. Model performance is assessed using k-fold cross-validation and evaluated through root mean squared error,
mean squared error, MAPE, and R? metrics in a Python-based implementation. The results demonstrate that deep learning-based
models outperform conventional approaches, with AgroNET achieving the highest R*> and lowest error values. To enhance model
transparency, explainable artificial intelligence using the local interpretable model-agnostic explanation technique is incorporated to
identify key factors influencing individual price predictions. Overall, the proposed framework offers an effective and interpretable solu-
tion for soybean price forecasting in India and supports future research on multi-source integration and real-time agricultural price

prediction.
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1. Introduction

Soybean (Glycine max) is among the significant oilseed crops
in India, which is mainly cultivated in the Kharif (monsoon) sea-
son. India is the fifth-largest soybean producer in the world, and it
is estimated that the country produced 130.5 lakh tons of soybean
in 2023-2024, which is approximately one-third of the total pro-
duction of all oilseeds in the country [1]. The key states in soybean
production are Maharashtra, Madhya Pradesh, and Rajasthan,
which give the largest production. Soybeans are a very important
source of edible oil and protein meal; they are consumed in the
form of cooking oil and animal feeds. Considering this impor-
tance, the soybean market price has a direct influence on the
income of farmers, the price of food consumed by consumers, the
supply of an essential industrial raw material, and the balance of
the trade [2].

The prices of soybeans in India have been fluctuating sig-
nificantly in recent years. Until much of the 2010s, the price
of mandi (wholesale market) soybeans has been increasing at a
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comparatively linear pace, but since the end of 2020, it has started
to go up at a steep rate. This spike was driven by a mixture of both
local and international forces. In 2020, over-rain and pest attacks
destroyed soybean cultivation in major soybean growing states
such as Madhya Pradesh and Maharashtra, decreasing domestic
supply. At the same time, the supply in the world became stricter
because of droughts in the main producers of soybeans (Argentina
and Brazil) and the increased demand in the world. This ideal
storm resulted in the skyrocketing of prices in soybeans by the
end of 2021, with the local prices of soybeans in certain markets
increasing by more than two times. The prices were as high as in
history before stabilizing, which eventually saw a decrease in 2023
as supply returned to normal. As an example, the market price
dropped to approximately 4300 per quintal in mid-2024, which is
lower than in 2021 and even lower than the minimum support
price (MSP) set by the government [1]. This volatility presents a
challenge to farmers, who are unable to make any decision or
plan on how to sow, store, market, and export their products.
The average price trend of soybeans is shown in Figure 1.
Proper price forecasting can be a useful instrument to over-
come this uncertainty [3]. Predictive assurance of crop price allows
farmers to determine either what and when to plant or sell the
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Figure 1
Soybean average price trend over time
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produce, assists government agencies in planning the release of
buffer stock and import/export policies, and aids industries to
manage supply chains. Nevertheless, the agricultural commodity
prices are notoriously hard to predict as they are affected by a high
number of unpredictable variables, including weather shocks, pest
outbreaks, and the global market forces [4]. Crop price forecast-
ing has frequently been done using traditional econometric and
time-series models such as the Autoregressive Integrated Mov-
ing Average (ARIMA). Although ARIMA models are useful in
capturing short-term trends, they assume that there are linear
relationships and cannot work well when price changes are cat-
alyzed by nonlinear and intricate relationships. Linear models
may also produce unreliable forecasts in situations where there
are sudden shocks or regime changes in the volatile agricultural
markets.

Methods such as machine learning (ML) [5-7] and deep
learning (DL) [8, 9] have become increasingly popular in recent
years, as they can predict prices with complex nonlinear models
and no parametric assumptions. Recent studies indicate the use-
fulness of ML in the development of intelligent agriculture. In
the study by Santos et al. [10], it was shown that the ensemble-
based ML models can be used to predict the soybean yield in
the management of cover crops by modeling the complex rela-
tionships among the weather, soil, and management factors. On
the same note, Sowmya et al. [11] highlighted the wider appli-
cation of ML in smart agriculture that demonstrates ML uses
in yield prediction, crop monitoring, and software optimization
and discusses issues of data integration and scaling. Other meth-
ods such as artificial neural networks (ANNSs) are known to be
more precise than linear models in price forecasting in farmlands;
a study has established that the price of commodities such as oil
and potatoes such as groundnut and potatoes in the Indian mar-
kets is more accurately predicted by neural network models as
compared to ARIMA. One particularly promising kind of DL
method that could be applied in time-series prediction is known as
a recurrent neural network (RNN)—Long Short-Term Memory
(LSTM) [12]. The LSTM networks seek to capture the time vari-
ations of the process and have been demonstrated to be superior
to the classical models in the prediction of agricultural prices.

On the basis of such developments, this paper proposes to
forecast the price of soybeans in India with the assistance of an
enriched dataset where the past market prices and arrivals are not
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the only sources of information, but they are supplemented with
the weather data and other pertinent contextual variables. In a bid
to determine the modeling method that has the highest predic-
tive performance in this task, we will compare various methods,
such as ensemble tree-based models and state-of-the-art DL mod-
els. The main worth of the research is that it creates a powerful
and accurate model of predicting soybean prices in the Indian
agricultural market, relying on the approaches of ML and DL.

The contributions that this research makes in particular are
as follows:

1) To generate a multi-source farm data through the combination
of daily soybean prices and market delivery with contextual
data, provided by official sources like Agmarknet and India
Meteorological Department (IMD), to predict soybean prices
effectively, including January 2015 to June 2025.

2) To conduct and compare various predictive models, such
as ML algorithms (random forest (RF), XGBoost), time-
series and DL models (ARIMA, LSTM, Gated Recurrent
Unit (GRU)), and an AgroNET (Hybrid LSTM-GRU) archi-
tecture, to assess their usefulness in predicting soybean
prices.

3) To achieve feature engineering with effective performance in
a model, the use of lagged variables, seasonal indicators, and
exogenous inputs (e.g., rainfall, production, exports) together
with hyper-parameter optimization to achieve maximum
prediction accuracy.

4) To assess model accuracy using standard evaluation metrics,
such as root mean squared error (RMSE), mean squared error
(MSE), and R-squared (R?), and to compare model outputs
in terms of forecasting precision and generalization on unseen
data.

5) To enhance model interpretability using explainable arti-
ficial intelligence (XAI) through the local interpretable
model-agnostic explanation (LIME) technique, identifying
the key drivers of soybean price predictions and pro-
viding transparent, actionable insights for farmers and
agri-businesses.

To appropriately tackle the issues of predicting the price of
soybeans and introduce our research, this paper is subdivided
into the following sections: Section 1 describe the introduction
and Soybean price issues, Section 2 reviews the related literature
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about crop price prediction through the use of statistical, ML,
and DL methods. Section 3 explains data collection and pre-
processing, such as Agmarknet and IMD, and the combination
of the trade and production information. Section 4 includes the
exploratory data analysis (EDA), which shows the most important
trends, correlations, and insights of visualization, methodology
and Algorithms used. Section 5 describes the performance of sev-
eral ML and DL models including RF, XGBoost, LSTM, GRU,
ARIMA, and Proposed Hybrid LSTM—GRU(AgroNET).
Lastly, Section 6 summarizes the paper on its main findings
and indicates the prospects of what can be done in order to
enhance and implement predictive systems in the agricultural
markets.

2. Literature Review

2.1. Scope and selection criteria

The reviewed studies are those published recently using ML
to predict the price of agricultural crops and, as a point of
reference, the yields of crops. We chose the literature with the
focus on the Indian agricultural setting and plants of significant
importance; thus, we had a variety of methods and results. The
major selection criteria were (1) related to crop price forecasting,
(2) applied ML or hybrid techniques, and (3) crop-specific and
region-based study. With the help of these criteria, we filtered the
list of possible works that can be used to reflect the variety of
phenomena: short-term and long-term forecasting horizons, price
or yield prediction goals, case studies on specific crops or regions
of study, and the variety of ML and DL algorithms and features
that are used in this area.

2.2. Price forecasting vs yield prediction

The majority of identified studies are about crop price fore-
casting, which is focused on predicting the price fluctuations in
the market of agricultural products. Such works are commonly
based on time-series data of previous prices and similar variables
in predicting the near future prices (e.g., next week or month)
to enable farmers to make informed decisions. Indicatively, sev-
eral recent studies in India investigate ML-based prediction of
prices of staple crops and vegetables. The particular short-term
price forecasting model of Indian crops is the target in Ahmed
[12]. There are also works that consider the price and yield: Singh
and Janu [13] wrote about the ML methods of making a pre-
diction of price and agricultural yields simultaneously because
the agricultural yield (production) determines supply and, con-
sequently, prices. In comparison, crop yield prediction research
seeks to predict levels of crop production (yield) typically season-
ally or annually. Yield prediction is a long-term issue that may
entail agronomic and weather characteristics. To give an exam-
ple, Ghildiyal et al. [14] created a convolutional neural network
(CNN) to predict crop yield, and Agarwal et al. [15] optimized
crop yield with the help of ML. Normally, yield-oriented mod-
els or those that are price oriented make use of soil data, rainfall,
and farming practices or market price history and perhaps other
economic factors. Others combine them: Prity et al. [16] intro-
duce a crop combination and a multimodal approach for a market
prediction system, where the agronomic data are combined with
the price trends using ML to recommend crops and predict their
yields and market prices. The objective of the price forecasting
models is to reflect the dynamics in the short-term of the market,

whereas yield prediction models are used to predict longer-term
agricultural output, but both of them use similar ML methods.

2.3. Forecasting horizon: short term vs long term

Short-term forecasting typically means the one who is pre-
dicting prices in the short term (days, weeks, and a few months
ahead) usually to help make tactical decisions such as where and
when to sell produce. A large number of price prediction research
is short term in nature. As an illustration, the arecanut price
forecasting in Kerala forecasted the monthly prices of the com-
ing month using 10 years of data. Models they tried were the
Seasonal AutoRegressive Integrated Moving Average (SARIMA)
model, Holt-Winters seasonal model, and an LSTM neural net-
work, with the LSTM producing the best fit (lowest RMSE)
to short-term price patterns. Likewise, Mithuna and Terence
[17] also studied and analyzed the monthly price of coconuts in
Tamil Nadu (2010-2022) and developed models to predict future
prices; in their findings, the ensemble tree models made very high
predictions (R? = 0.97) of the one-month-ahead price of coconuts.

Long-term forecasting represents long-range forecasting,
such as predicting prices or yields, on a multi-month or annual
basis, which in itself is more difficult to predict as more uncertain-
ties compound over time. Few papers directly address multi-year
price forecasting, though a few are on annual trends or adaptive
approaches to keep the model working over time. Celik and Celik
[18] point out the challenge of effective long-term predictions in
developing economies because of data quality problems and struc-
tural adjustments. They suggest the context-based model selection
and regular retraining to keep the accuracy of crops such as
tomato and maize across various market-years. On the yield side,
long-term involves the prediction of yield at the end of the season
months prior to harvesting. Study by Oikonomidis et al. [19] fits
into this category by forecasting annual/6 monthly yields using
ML models, effectively months in advance of harvest. In gen-
eral, short-term price forecasts (e.g., next month’s price) are more
common and often rely on recent price trends, whereas long-term
projections (next year’s price or yield) may require incorporat-
ing macro-level inputs (climate forecasts, policy changes, etc.) and
often use hybrid or adaptive ML strategies to remain reliable.

2.4. Crop-specific and regional focus

The research on certain crops or types of commodities is the
center of many studies, which is often driven by economic sig-
nificance or because of the distinct price behavior of the crops.
The models can be used to capture the patterns of crops by work-
ing at the individual crop level. The examples in our survey are
corn prices forecasted with multiple algorithms and extra fea-
tures, coconut prices in a local market forecasted with ensemble
ML models, arecanut with time-series and LSTM forecasts, and
brinjal prices in various markets in Odisha forecasted with var-
ious ML models. Different crops have different challenges—for
example, perishable produce such as brinjal or tomato have large
seasonal price changes and models that can adapt to seasonality
well are needed, whereas plantation crops such as coconut have
slower changes but can be influenced by weather events.

One common insight across regions and crops is the need
to include relevant features beyond just past prices. Many stud-
ies that achieved high accuracy did so by incorporating additional
inputs: for example, economic indicators and global events for
corn prices, or weather and yield information for integrated price
models. In a comparative study, Banerjee and Mondal [20] took
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into account rainfall and previous crop yields as features to pre-
dict future crop prices using a decision tree model. Such inclusion
of climate and yield data can improve the model’s ability to
anticipate supply-driven price changes. Indeed, Zhang et al. [21]
found a strong correlation between planted area and price for gar-
lic, suggesting production area data can inform price forecasts.
Overall, crop- and region-specific models tend to perform better
when they are tailored with domain knowledge—capturing local
seasonality, crop calendars, and relevant exogenous factors.

2.5. Machine learning techniques

A wide range of ML algorithms have been explored for crop
price (and yield) forecasting. Below, we group the approaches into
major categories and highlight findings:

2.5.1. Traditional time-series models vs ML

Several studies compare classical statistical forecasting meth-
ods (ARIMA, SARIMA, exponential smoothing, etc.) with
newer ML models. It is generally observed that ML approaches
can outperform purely statistical models for complex agricultural
data. Paul et al. [22] note that while ARIMA has been widely
used for commodity prices, ML techniques have recently shown
superior accuracy for vegetable price series in India. For example,
in forecasting brinjal (eggplant) prices, they found that all tested
ML models outperformed the ARIMA baseline in most cases.
Another study on onion/tomato/potato prices combined exponen-
tial smoothing (ETS) with ML, yielding hybrids that significantly
improved error metrics over standalone ARIMA or ETS. That
said, classical models are still used as components or benchmarks
in many works—for example, ARIMA is employed as a feature
extractor or benchmark in hybrid frameworks.

2.5.2. Regression and tree-based models

Simple regression models (linear or polynomial regression)
provide a baseline but often struggle with nonlinear price patterns.
Tree-based models have gained popularity due to their ability to
capture nonlinear relationships. Decision tree and ensemble tree
algorithms like RF and gradient boosting machines (GBM) (e.g.,
XGBoost) are frequently used. These models handle irregular time
series and multi-factor inputs well, and several studies report them
as top performers. An example is a case study by Krishna et al.
[23] on the prediction of prices of crops (using linear regression,
decision tree, RF, Support Vector Machine (SVM), AdaBoost);
an RF model was identified as the most accurate based on the
lowest Mean Absolute Error (MAE)/RMSE, and they used Shap-
ley Additive Explanations (SHAP) values to explain the effect of
features on prices. Mohanty et al. [24] created the full ML model
with the use of the yield, import, and demand data to forecast
prices; in their testing process, the Decision Tree Regressor was the
most efficient in predicting final prices compared to the time-series
models or ANN. The appeal of tree-based methods lies in their
interpretability and the ability to capture interactions: for exam-
ple, RF was noted as effective in explaining corn price influences
from economic indicators and supply—demand dynamics.

Tree-based models are widely used for agricultural price pre-
diction due to their ability to capture nonlinear relationships,
handle multi-factor inputs, and provide interpretability, often
outperforming regression and time-series models; however, they
may struggle to model long-term temporal dependencies and
seasonality without additional feature engineering and can be
computationally intensive or prone to overfitting on limited or
noisy data.
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2.5.3. Artificial neural networks (ANN) and deep learning

Neural network-based models have shown great promise in
capturing complex temporal patterns. Feed-forward ANNSs (e.g.,
multi-layer perceptron) were used in earlier works for price pre-
diction and often outperformed linear models. A notable variant
is the Generalized Regression Neural Network (GRNN)—Paul
et al. [22] found GRNN to be the best performer for brinjal
price forecasting across markets, outshining RF, Support Vector
Regression (SVR), GBM, and ARIMA in terms of error met-
rics. In fact, GRNN achieved consistently lower forecasting errors
(the second-best was RF in a few cases), while SVR, GBM, and
ARIMA were “not up to the mark” in that study. For sequence
modeling, RNN especially LSTM is widely used for agricultural
price time series. LSTMs can learn seasonal patterns and long-
term dependencies in price data. Multiple studies report LSTM as
a top model: for example, in the Kerala arecanut price study, an
LSTM network fit the data best (beating SARIMA) for monthly
price forecasting. Similarly, Chaitra and Meena [25] implemented
both a regression model and an LSTM for crop price predic-
tion (using inputs like crop type, nutrient content, MSP, variety,
location) and found that the LSTM exhibited an outstanding fit,
surpassing the regression model and other approaches. LSTM’s
advantage is evident especially for crops with strong seasonal price
cycles (e.g., tomato), where it can adapt to the time-dependent
patterns better than static models.

DL has also been applied to yield forecasting and spatial
data. Newer creative models even integrate the DL structures.
Bhardwaj et al. [26] suggested that a hybrid between Graph Neu-
ral Networks (GNNs) and CNNs could be used to take advantage
of geospatial relationships in crop prices. Their DL algorithm,
which was trained using the price data of potatoes and tomatoes
in Indian markets, is said to have made errors that were two times
smaller than the previous ones and was capable of making price
predictions, as far as 30 days into the future. This is an indica-
tion of the tendency to use more sophisticated Al (spatiotemporal
networks) to get even more accurate prices.

Neural network—based models such as GRNN, LSTM, and
recent CNN/GNN hybrids have demonstrated superior perfor-
mance in agricultural price forecasting by effectively capturing
nonlinear, seasonal, temporal, and spatial patterns, consistently
outperforming traditional statistical and standalone ML models.
However, their effectiveness is limited by high data and com-
putational requirements, reduced interpretability, and potential
instability in data-scarce or highly volatile market environments.

2.5.4. Hybrid models and integrated frameworks

Various studies have concluded that the combination of var-
ious modeling methods is more effective than a single model.
Hybrid models are usually a combination of a statistical compo-
nent to model trend/seasonality and an ML component to model
nonlinear patterns of the residual. Purohit et al. [27] suggested a
number of hybrid models, including Additive ETS LSTM, Mul-
tiplicative ARIMA-SVM, etc., to forecast the prices of vegetables
in a month. These hybrids performed better than two standalone
statistical models and different individual ML models in pre-
dicting tomato, onion, and potato prices with the lowest errors
(MAE, RMSE) in general. The other example is the combina-
tion of ML models with ARIMA to extract features and forecast,
which was demonstrated to enhance forecasting performance in
staple food crop prices [28]. This is based on the fact that the linear
structure of the price series that is autoregressive can be mod-
eled by ARIMA or ETS, and the remaining nonlinear structures
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are then forecasted by the ML models, leading to more accurate
forecasting.

There are some frameworks that combine several sub-models
of various sub-tasks. A good example is Mohanty et al. [24];
they developed a pipeline comprising four blocks: yield predic-
tion, supply estimation (predicted yield + carryover + imports),
demand prediction, and lastly, the price prediction. The yield they
relied on was computed using classical time series (AutoRegressive
(AR), ARIMA, etc.), simple regression with demand, and there-
after experimented with the three methods of the price based on
the inputs of the supply and demand of the price. The time-series
model performed worse than the decision tree in their results, with
the latter showing the smallest RMSE on price. This holistic focus
highlights that a focused application of domain variables such as
yield and import on price and the application of ML can be used
to increase the degree of forecasting reliability. On the same note,
Celik and Celik [18] focus on the data preprocessing and data
quality characteristics in addition to weather and arrival quanti-
ties and construct strong price models. They additionally indicate
an adaptive choice of models to the context, such as an automatic
selection of an LSTM in a highly seasonal setting or a tree model
in case data are noisy, to ensure stability when used long term.

Hybrid forecasting approaches consistently outperform single
models by combining statistical methods (e.g., ARIMA/ETYS) to
capture linear trends and seasonality with ML models to learn
nonlinear residual patterns, resulting in lower forecasting errors.
Recent studies also show that integrating domain-driven variables
(yield, supply, demand) and adaptively selecting ML models further
enhances price prediction accuracy and long-term robustness.

2.5.5. Multimodal and multi-module fusion

Recent work on multimodal and multi-module fusion shows
that combining heterogeneous signals and specialized learn-
ing blocks can substantially improve forecasting accuracy and
robustness. TriChronoNet [29] advances electricity price predic-
tion by fusing complementary temporal representations through
a multi-module fusion design, demonstrating how separating
and recombining different temporal dynamics (e.g., short/long
horizons and seasonality-like effects) can better capture com-
plex market behavior than single-stream models. In a different
smart-city domain, hyper-relational interaction modeling [30]
extends multimodality beyond simple feature concatenation by
explicitly modeling higher-order relations among multiple input
modalities and agents, improving trajectory prediction under real-
world interaction complexity. Together, these studies highlight a
key multimodal lesson for forecasting: performance gains often
come not only from adding more data sources but also from

architectures that learn cross-modal interactions and align signals
across time and context.

Multimodality in agri-commodity forecasting is increasingly
achieved by combining visual/sensing data with market signals
as a proxy of supply-side conditions. TThaker et al. [31] show
that CNNs have the capability to utilize structured inputs to pre-
dict wheat futures, which implies that deep feature extractors have
the ability to learn nonlinear trends and regime changes that are
applicable to the commodity market. In addition, Yewle et al.
[32] propose RicEns-Net, a deep ensemble model for rice yield
prediction that integrates multimodal data, including Seasonal
AutoRegressive (SAR), optical satellite imagery (Sentinel-1/2/3),
and meteorological variables. Applied to field data from Vietnam’s
Mekong Delta, the study reduces over 100 features to 15 key pre-
dictors to improve generalization and minimize overfitting. The
results show that multimodal fusion combined with ensemble DL
significantly improves crop yield prediction accuracy compared to
conventional approaches. These approaches provide incentive to
multimodal agricultural price systems, which integrate financial
indicators (e.g., futures/indexes), agronomic sensing (satellite veg-
etation/health proxies), and local market variables where the main
contribution is enhanced generalizability, particularly in the face
of shocks, through the integration of price forecasts based upon
market dynamics, as well as realistic crop conditions.

These studies show that multimodal fusion frameworks,
which integrate diverse data sources through multi-module
or interaction-aware architectures, consistently outperform uni-
modal models by capturing complementary temporal, spatial,
and contextual information. These approaches enhance forecast-
ing accuracy, robustness to volatility, and generalizability by
jointly modeling market dynamics alongside real-world physical
and environmental signals.

3. Data Collection and Preprocessing

The paper makes use of a wide range of data gathered between
January 2015 and June 2025. The main source of information on
prices and the market is the Agmarknet portal (Agmarknet, Min-
istry of Agriculture and Farmers Welfare) of the Government of
India, which gathers daily wholesale market information in mandis
around the country. Agmarknet provided the market information
on soybean daily, including modal price (average price or price
at which the majority of prices were made, in RS per quintal),
maximum and minimum price, total arrival (quantity of soybean
entering into the market, usually in tons), location of market (dis-
trict and state), and variety of soybean. The most important data
sources and variables are presented in Table 1.

Table 1
Data sources used for soybean price prediction

Data source Variables collected (units)

Frequency/granularity

Agmarknet' (Ministry of

Daily modal price (¥/quintal), minimum price, maximum price; daily

Daily records per market

Monthly or seasonal, per
district

Yearly (2015-2025)

Agriculture) arrivals (tons); market name, district, state; variety of soybean

Patel et al. [33] IMD rainfall ~ Rainfall amount (mm); percentage of normal rainfall (for each district)
data)

Agricultural Statistics (Govt. Soybean area under cultivation in Maharashtra (lakh hectares);
reports) soybean total production in India (lakh tons)

Trade Data® (Ministry of
Commerce and Industry)

Soybean export value (R crore); soybean import value (% crore)

Yearly (2015-2025)

Thttps://agmarknet.gov.in/home
Zhttps://tradestat.commerce.gov.in/eidb/commodity_wise_import
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The dataset includes the records of various markets, includ-
ing the major producers of soybeans. The date and location are
recorded on each record, and hence, the spatial and temporal
trends can be analyzed. We also added weather information from
the IMD to the market information. Specifically, we employed
rain statistics at the district level comprising the actual rainfall (in
mm) and the percentage of normal (long-term average) rainfall.
Monsoon rainfall is an important parameter in soybean produc-
tion since it is largely rainfed in India, and therefore, it is an
important aspect in influencing market supply. We combined the
IMD data and the market data based on matching the district
and time of each record. We have also included annual agricul-
tural statistics including total area under soybean plantation (in
lakh hectares) in Maharashtra and total production of soybean
in India (in lakh tons) in each year 2015-2025. These are the
numbers obtained by government agricultural reports. Further-
more, to capture the influence of trade on domestic prices, we
included soybean import and export values (in crore) for India
on an annual basis. Imports and exports affect the domestic sup-
ply—demand balance (e.g., high exports or low imports can tighten
domestic supply, raising prices). These trade metrics were merged
into the dataset by year. Table 2 shows the features considered in
soybean price prediction.

Table 3 shows the combined sample data from various
sources showing daily soybean market arrivals, price variations,
and corresponding rainfall statistics.

4. Data Analysis

We had carried out a significant amount of EDA prior to
constructing prediction models to get to know the nature of the
soybean price data and factors surrounding it. Through this anal-
ysis, issues of distributional properties, trends, seasonal trends,
and correlations between variables were identified.

4.1. Exploratory data analysis (EDA)

4.1.1. Instruments price distribution

The price distribution will help to capture the range between
minimum, maximum, and the modal prices in the market of soy-
beans in Maharashtra and provide an insight into price changes
and market volatility in this region. Figure 2 shows the spatial
heterogeneity of the district-average modal soybean prices
(X/quintal) in the study period (2015-2025), indicating that the
major agricultural markets in Maharashtra possess a high level of
spatial heterogeneity.

Table 2
Feature considered for soybean price predictions

S. no. Feature name S. no. Feature name

1 State name 10 Reported date

2 District name 11 Normal rainfall (mm)

3 Market name 12 Actual rainfall (mm)

4 Variety 13 % to normal rainfall (%)

5 Group 14 Area under cultivation for soybean (lakh hectare) in Maharashtra
6 Atrrivals (tons) 15 Soybean total production in India (lakh tons)

7 Min Price (X/quintal) 16 Soybean export by India (lakh )

8 Max Price (R/quintal) 17 Soybean import in India (lakh tons)

9 Modal Price (¥/quintal)

Table 3
Sample data (combine) from various sources showing daily soybean market arrivals, price variations (minimum, maximum, and
modal prices), and corresponding rainfall statistics across different districts in Maharashtra

Min Max Modal
price price price Normal Actual
District Market Arrivals (Rs./ (Rs./ (Rs./ Reported rainfall rainfall
name name Variety ~ (tons)  quintal)  quintal)  quintal) date (mm) (mm)
Ahmednagar  Karjat Yellow 1.0 4000 4500 4000 2025-03-21 1075.3 1251.0
Akola Akola Yellow 206.9 3400 4100 4000 2025-03-21 1075.3 1251.0
Amravati Varud Yellow 0.1 3805 3805 3805 2025-03-21 1075.3 1251.0
(Rajura
Bazar)
Buldhana Deoulgaon Oil 3.0 3700 3700 3700 2025-03-21 1075.3 1251.0
Raja
Dharashiv Tuljapur Other 6.0 4000 4000 4000 2025-03-21 1075.3 1251.0
(Usman-
abad)
Hingoli Hingoli Other 40.0 3550 4050 3800 2025-03-21 1075.3 1251.0
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Figure 2
Average modal price of soybean across districts (2015-2025) in India
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Some of the districts have a set of prices that are higher
than the general average, with the deviations being very high
in areas like Solapur. These trends indicate that there are struc-
tural variations across the markets that may be occasioned by
improved infrastructure, the existence of aggregation centers, and
the existence of good connectivity to export channels. The error
bars attached to it, which are standard deviations, show different
degrees of price stability in the districts, which shows the way local
supply—demand dynamics differ. In general, this geographical dif-
ference shows the significance of considering the regional factors
in the price forecasting models to represent the location-specific
market behavior.

4.1.2. Correlation analysis

We examined the correlations among key numerical variables
(price, arrivals, rainfall, production, etc.) to gauge linear relation-
ships. Figure 3 shows the correlation matrix for the main variables
after preprocessing.

From Figure 3, we observe several notable correlations:

Different price measures (Minimum, Maximum, and Modal
prices) are positively correlated with each other, as expected. In
particular, the modal price is very strongly correlated with the
minimum price (corr &~ 0.93) and moderately with the maximum
price (corr ~ 0.64). This is intuitive since on any given day, the
min, modal, and max prices in a market move together to some
extent. The high correlation (0.93) between modal and min price
suggests that the modal price does not diverge wildly from the
lower end of prices.

Daily arrivals (supply volume) show a very weak negative
correlation with prices (corr with modal price ~ —0.03). The nega-
tive value agrees with the intuition about the economy (an increase
in supplies tends to reduce prices), whereas the value is close to
zero, which shows that on a day-to-day basis, arrivals are virtually

not linearly related to price. This means that the daily frequency
of simple supply volume is not a good predictor of price with-
out any other factor or lag. It may be because it does not match
timings; however, cost formation might rely on anticipations and
inventories and not merely on the inflows for that day.

Rainfall variables show a moderate positive correlation with
price. The actual rainfall (in mm) has corr = 0.45 with modal
price, and the “% of normal rainfall” similarly has a positive cor-
relation. At first glance, this might seem counterintuitive—one
might expect better rainfall (which leads to higher production) to
lower prices. However, this correlation is likely reflecting year-to-
year co-movement rather than a direct causal relationship in the
short term. During the period in question, years with good mon-
soon ironically saw reduced yields due to flooding and pest issues,
and global factors drove prices up in 2021. Additionally, rainfall
here is aggregated at an annual or seasonal level; higher rainfall
years coincided with higher price years in this short sample, hence
the positive correlation. It underscores that correlation does not
imply a simple causal effect, and the relationship between rainfall
and price is complex (timing, distribution of rain, etc., matter).

The correlation analysis shows that there are strong positive
relationships among minimum, maximum, and modal soybean
prices, which show similar price formations across markets. Mar-
ket arrivals show poor correlations with prices, indicating that
short-run arrivals are not the sole causes of price fluctuations. On
the contrary, weather variables, production indicators, and trade-
related factors exhibit moderate correlations with prices, and they
have an indirect but significant impact on the market. The fact
that domestic prices have a positive relationship with export val-
ues indicates that high domestic prices are related to high export
earnings. On the same note, a positive relationship with imports
demonstrates that high domestic prices are often coupled with
high-import spending that may be attributed to shortages in sup-
ply, which requires imports of soybeans or other products. These
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Figure 3
Correlation table of important variables of the soybean data (2015-2025)
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are trade-based correlations that show that the global market
integration involves trade flows that are sensitive to the domestic
price movements and can lead to price stability in the long-term.
For modeling purposes, the inclusion of these indicators helps
capture longer-term supply—demand adjustments. The key obser-
vations derived from the correlation analysis are summarized in
Table 4.

4.1.3. Pairwise scatter plot analysis

In addition to the correlation matrix, we performed pairwise
scatter plot analysis to visually inspect relationships (each paired
with a Pearson correlation annotation). Most pairwise plots (e.g.,
arrivals vs price, rainfall vs price, production vs price) reinforced
the observation that linear correlations are weak in isolation. As
an example, the relationship between modal price and arrivals was
a broad cloud of scatter without a definite trend, which is in line
with the close to zero correlation. Minimum price vs modal price,
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on the other hand, had a more or less linear relationship (with a
bunch around the line, the modal price was approximately equal
to min price plus some days when the modal price was greater).
This only goes to confirm that modal price movements are in line
with the daily price range. Such scatter plots also showed what
we have actually merged: in variables that vary annually (such as
production, area, trade), the plot of daily price vs these appeared
like a series of parallel vertical bands (each year offering a fixed
level of production and a band of prices that year). This implies
that the model can learn year-specific effects of those variables.
Figure 4 presents the pairwise scatter plot analysis illustrating the
relationships between arrivals, prices, rainfall, and various soy-
bean market indicators. Figure 4 contains a set of scatter plots
with correlation coefficients, illustrating relationships among key
agricultural variables:

1) Arrivals (Tons) vs Modal Price (¥/Quintal) — Corr: —0.029
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Table 4
Correlation observations between various features including rainfall, cultivation area, and soybean market prices
Description Correlation
% To normal rainfall (In %) is highly overall correlated with actual rainfall in mm High correlation
Actual rainfall in mm is highly overall correlated with % to normal rainfall (In %) High correlation
Area under cultivation for soybean (lakh hectare) in Maharashtra is highly overall correlated with max price High correlation
(X./quintal) and 4 other fields
Max price (R./quintal) is highly overall correlated with area under cultivation for soybean (lakh hectare) in High correlation
Maharashtra and 3 other fields
Min price (R./quintal) is highly overall correlated with area under cultivation for soybean (lakh hectare) in High correlation
Mabharashtra and 3 other fields
Modal price (X./quintal) is highly overall correlated with area under cultivation for soybean (lakh hectare) in High correlation

Maharashtra and 3 other fields
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Figure 4
Scatter plot analysis showing relationships between key agricultural variables. (a) Arrivals (Tons) to modal price (RS/Quintal). (b)
Arrivals (Tons) to soybean total production in India. (c) Arrivals (Tons) to soybean export in crore RS. (d) Actual rainfall to modal price

.
ok nese

0 1000 2000 3000 4000 5000
Arrivals (Tonnes)

6000

DRI G Eees 2ee Suxm o <o cam @ @ © we
Semmremimeets sm e o o

ARSI B W A0
Pt ————————

OmIIB0eIBUS S80I L 0O W * wnomo® .

@rmueie sesmen B o
© HIONEDIS S HHIBIGNISITOICS IO H Wi G T WIS ¢ © B

0 1000 2000 3000 4000 5000
Arrivals (Tonnes)

6000

2) Arrivals (Tons) vs Soybean Total Production in India (Lakh
Tons) — Corr: 0.003
3) Aurrivals (Tons) vs Soybean Export in Crore Rs by India —

Corr: 0.003

4) Actual Rainfall (mm) vs Modal Price (X./Quintal) — Corr:

0.450

4.1.4. Temporal analysis
1) Arrivals and price over time: We examined how soybean
arrivals and prices varied over the 10-year period. Figure
5 shows the time-series plot of monthly soybean arrivals,
as expected, the data exhibited seasonality tied to the crop
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calendar. Arrivals in the mandis tend to surge during the har-
vest months. Soybean is harvested around October—November
in the Kharif season; indeed, we observed that each year,
arrivals peak in the last quarter (Q4) of the calendar year.
For instance, in 2021, there was a pronounced spike in arrivals
during November, after which arrivals dropped in the lean
months. Prices often show an inverse seasonal pattern—they
tend to soften or dip when arrivals flood the markets post-
harvest and rise during the lean supply period before the
next harvest. However, this pattern can be overshadowed by
larger trends and shocks. In our data, the usual seasonal price
dip after harvest was not very pronounced in years like 2021
because overriding factors kept prices high.
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Figure 5
Time-series plot showing monthly soybean arrivals (in tons) from 2015 to 2025
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Geographical and variety analysis: We analyzed how
prices varied across different districts and by soybean variety.
Table 5 shows the modal price across different districts in India.
Figure 6 shows the relationship between Rainfall (mm) and price
(Rs./Quintal) across different districts. The market, focused on
the markets in Maharashtra, gave us a dataset that enables us
to compare average prices in markets across the state. We could
find some spatial variation: for example, major producing dis-
tricts such as Latur or Nagpur have slightly lower average prices
than those in the districts, which were further away from the pro-
duction centers. Nevertheless, the divergences were not colossal;
the general market is generally highly integrated, and the disparity
in price is mostly within 10-15% of each other after considering
the quality and logistics. The average price in the various districts
was plotted, and it was found that the majority of the districts are
around the average price, and there are a few outliers. In terms of
soybean variety, the data were overwhelmingly composed of the
yellow soybean variety, which is the standard commercial vari-
ety, as shown in Figure 7. We tallied the variety distribution: out
of all records, > 99% were “Yellow,” with a very small number
labeled “Black™ or “Other”. The dominance of yellow soybean is
depicted in the variety distribution chart, essentially a bar chart
with Yellow dwarfing the others. Because the minority varieties
were so scarce, it is hard to draw conclusions about price differ-
ences by variety from this dataset. For the modeling phase, this

o 2
o5 o 9
» » "
Date

means variety does not contribute much to predictive power, since
effectively all data is one category.

2) Outlier analysis: To complement the histogram and boxplot
view of price distribution, we also used violin plots and box
plots, grouping data by year and by some key factors. For
instance, we plotted the distribution of daily prices for each
year (2015-2025) in a series of violin plots as shown in
Figure 8. This visualization confirmed that 2021 had a dis-
tinctly higher price distribution—its median and bulk of prices
were much greater than those of 2020 or 2022. Year 2022 also
showed a wide spread. By 2023 and 2024, the distribution
shifted back downward. We also grouped prices by the annual
production and trade values. For example, one violin plot had
the x-axis as “Soybean Production (India, lakh tons)” with
one violin for each year’s production figure, showing the price
distribution for days corresponding to that production level.

Similarly, “area under cultivation” as the x-axis grouped the
years. These plots depicted the inverse relation trend: the price
distribution violin was higher at years with lower production
(e.g., 2021) and lower at years with higher production (e.g., 2023).
This again implies that the poor years of harvest meant that there
was an escalation in prices. The other interesting plot was the
price distribution vs the export values, which showed that just

Table 5

Modal price (%. /quintal) across different districts
District no.  District District no. District District no. District District no. District
1 Ahmednagar 9 Dhule 17 Nandurbar 25 Solapur
2 Akola 10 Gadchiroli 18 Nashik 26 Wardha
3 Amravati 11 Gondia 19 Osmanabad 27 Washim
4 Beed 12 Hingoli 20 Parbhani 28 Yavatmal
5 Bhandara 13 Jalgaon 21 Pune
6 Buldhana 14 Jalna 22 Raigad
7 Chandrapur 15 Nagpur 23 Sangli
8 Sambhajinagar 16 Nanded 24 Satara
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Figure 6
Line chart illustrating the relationship between Rainfall (mm) and Price (Rs./Quintal) across different districts
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1 Ahmednagar 9 Dhule 17 Nandurbar 25 Solapur
2 Akola 10 Gadchiroli 18 Nashik 26 Wardha
3 Amravati 11 Gondia 19 Osmanabad 27 Washim
4 Beed 12 Hingoli 20 Parbhani 28 Yavatmal
5 Bhandara 13 Jalgaon 21 Pune
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8 Sambhajinagar 16 Nanded 24 Satara
Figure 7
Distribution of soybean varieties in the dataset
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like the highest export year, the price distribution would be high,  4.2. Methodology

and the lowest export year (2020) had lower prices. The fact
that such qualitative observations make sense in economic logic
and add to the rationale as to why such exogenous characteris-
tics might be included in making sure that the model prefigures
price changes. Lastly, we mention the treatment we gave to the
outliers: we retained the outliers in the dataset, but we were con-
scious that their presence might have an effect on the model
training.

4.2.1. System architecture

The methodology presents a comprehensive and structured
pipeline for agricultural price forecasting using both classical ML
and DL techniques (shown in Figure 9).

The process of methodology starts with data preprocessing,
which entails the treatment of missing values, outliers, integrat-
ing rainfall and agricultural indicators, and normalization and
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Figure 8
Relationships between key agricultural variables. (a) Seasonality cultivation area vs soybean price. (b) Total production vs soybean price
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time-sensitive splitting. This is then preceded by EDA to reveal
the trends and correlations among rainfall, types of soybean, and
price changes. The method of feature engineering also includes
lag features, seasonality, and annual agricultural information to
add to predictive ability. The ML Models section takes advantage
of RF and XGBoost, which have been optimized using hyper-
parameter optimization and feature importance analysis. The
LSTM, GRU, and AgroNET (Hybrid LSTM-GRU) architecture
DL models are utilized to extract the temporal dependencies in
the data. Lastly, the AgroNET (Hybrid LSTM-GRU) algorithm
is a combination of the two models in order to achieve better
accuracy with a defined structure and training routine and loss.
This end-to-end approach makes it strong in forecasting with a
combination of domain-specific features and sophisticated mod-
eling techniques. The proposed methodology has a detailed flow
presented in Figure 9, which depicts every step in the preprocess-
ing of data and exploratory analysis, feature engineering, model
development, and final evaluation.

12

4.2.2. Materials and methods

1) Preprocessing: The data obtained was preprocessed before
analysis. The Agmarknet price data were cleaned first, in
which we had to deal with missing or erroneous data.
There were a few records with lost price or quantity
details, which were either imputed or dropped when unreli-
able. We also checked for obvious data entry errors or outliers
in prices/quantities—for instance, any record where the price
was off by an order of magnitude compared to typical val-
ues was flagged. In the soybean price data, the vast majority
of daily modal prices fell within a reasonable range (roughly
T3000-%6000 per quintal during 2015-2025), but a few extreme
values (above 315,000 or more) were noted. We retained these
in the dataset for analysis, but we gave special attention to
them during EDA (outlier analysis) to ensure they did not
unduly skew the model training. Next, we merged the datasets.
The daily market data was augmented with corresponding
rainfall data by matching on district and month. Since daily
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2)

Figure 9

System architecture showing the in-depth process of the proposed agricultural price forecasting process
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rainfall data at the district level was not always available, we
used monthly total rainfall and monthly normal rainfall to
compute a percentage of normal rainfall for that month in
that district and merged that value with all daily records of
that month for the given district. This means every daily record
for a district in, say, August 2021 would carry the same “%
of normal rainfall” value, indicating how that month’s rain-
fall compared to the long-term norm. Annual variables were
merged by year: each daily record in 2020 has attached the
2020 values for these annual indicators, and so on. Although
this introduces repeated values across daily observations, it
enables the ML models to capture year-specific contextual
effects without introducing temporal leakage.

One-hot encoding: Categorical variables like district and soy-
bean variety were handled appropriately. The district was not
one hot encoded directly; instead, we considered modeling
approaches that could handle location as a grouping. The soy-
bean variety in the data was mostly “Yellow” with a small
fraction labeled “Black™ or “Other”. We encoded variety as
a categorical feature. However, given that over 99% of the
records were yellow soybeans, the variety did not play a major
role in the modeling and served mainly to confirm that the
dataset was homogeneous in terms of crop type.

Results

* Model performance
¢ Accuracy and Loss Curve

[

Steps

3) Feature normalization: We then standardized or normalized

features where appropriate. The continuous features had dif-
ferent scales (e.g., rainfall in mm vs price in X, vs percentage
rainfall, vs tonnage of production). Tree-based models (RF,
XGBoost) are not sensitive to feature scaling, but neural
network models benefit from normalization for faster conver-
gence. We applied a Min—Max scaling to the features for the
neural network models and similarly scaled the target variable
when training LSTM/GRU models and then later converted
predictions back to original units for evaluation.

X - Xmin

X’ -
Xmax - Xmin

(D
‘Where:

— X = original value
— X nin = minimum value in the feature
— Xmax = maximum value in the feature

X'’ = normalized value

4.2.3. Feature selection
1) Feature importance using RF: RF computes feature impor-

tance based on the mean decrease in impurity (MDI). Each
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decision tree in the forest splits the data using features that
reduce impurity. The importance of a feature is measured by
how much it decreases impurity on average across all trees.
The RF handles high-dimensional data well and gives a clear
ranking of influential features. Figure 10 displays the relative
importance of various features in predicting the target vari-
able, based on the MDI across the trees in an RF. Feature
importance is calculated using

Importance ( ;) = Z

splits using f;

Aimpurity 2

2) Feature importance using XGBoost: XGBoost uses gradient
boosting, where trees are built sequentially to correct the errors
of previous trees. Feature importance in XGBoost can be
calculated in several ways; the most common is based on
the F-score, which counts the number of times a feature is
used in a split. XGBoost captures nonlinear relationships and
interactions between features more effectively than RF.

Figure 11 shows how frequently each feature was used to
split data across all trees in the XGBoost model, indicating their
relative influence on predictions.

3) Train test split: The dataset was subsequently divided into
training and testing sets (80% training, 20% testing) to be
used in developing the model. To mitigate look-ahead bias,
we collaborated with a time-conscious splitting strategy: we
trained/validated the model using the data of 2015-2022 as an
internal validation split, and we used the 2023-2025 data as
a separate, independent test set to assess the performance of
the forecasting. This time division is important in the sense
that our models are continually making predictions of future
prices based on historic data in a way that is reminiscent of a
real forecasting situation. Training data, when fed to models
that take samples, were also shuffled, but in sequential mod-
els (LSTM/GRU), we kept the time sequence of each training
sequence.

4) Classification and price prediction: Five models were used in
the classification and price prediction of the trends of the soy-
bean market, which included RF, XGBoost (XGB), LSTM,
GRU, and a proposed AgroNET model. RF and XGB were
the strong ensemble-based ML baselines that are characterized
by their interpretability and capability to work with struc-
tured data. Both LSTM and GRU are RNNs, which are
used to extract the temporal links of the time-series price
data, and LSTM is oriented toward long-term memory stor-
age, whereas GRU is a simpler neural network that is faster.
To improve predictive performance, the proposed AgroNET
model is a hybrid of the two architectures, with the advantages
of sequence learning provided by LSTM and the efficiency of
computational performance by GRU. Each model was trained
on historical data, which comprised the arrival, rainfall, and
production-related factors, and they were tested on the basis
of standard performance indicators to determine how accu-
rate and predictive the model was. The modeling details are
provided in the Algorithm section.

In order to compare the effectiveness of the proposed and
baseline models in the prediction of soybean prices, a number
of performance measures were used that include RMSE, MSE,
Mean Absolute Percentage Error (MAPE), and R?. These mea-
sures were employed to evaluate the models in their capacity to
represent the actual tendencies of the price data. RMSE and MSE
will give information on the size of the error in prediction, and the
smaller the value, the higher the performance of the model, and
R? indicates how much of the variation of the target variable can
be attributed to the model. Also, the accuracy of classification was
applied to determine the accuracy of the price groups forecast. The
loss curves and accuracy plots obtained in the course of model
training also assisted in getting a clear picture of convergence
and overfitting patterns over epochs. These overall assessments
made it possible to effectively compare conventional ML models
(RF and XGB) and DL networks (LSTM, GRU, and the pro-
posed AgroNET model) and to note the high performance of the
hybrid model in the process of regression and classification. The

Figure 10
Feature importance derived from the random forest model
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Figure 11
Feature importance based on the XGBoost model
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Results section provides comprehensive results and performance
evaluation parameters that are discussed there.

4.3. Algorithms

In this section, we describe the predictive modeling
approaches used for soybean price forecasting, along with the
experimental setup and evaluation metrics. We implemented
five different models ranging from ML ensembles to DL net-
works, allowing a comprehensive comparison of techniques: RF,
XGBoost, LSTM, GRU, and AgroNET (Hybrid LSTM-GRU).
All model development was done using Python. Below, we explain
each model and how it was configured in our study:

4.3.1. Machine learning models

1) Random forest (RF): RF is an ensemble learning method that
builds numerous decision trees and averages their predictions
to improve generalization. For our regression task, we used the
Random Forest Regressor from scikit-learn. We fed the RF
model with a feature set that included current and recent past
information. Because RF has no built-in notion of sequence,
we had to explicitly provide any relevant lagged features or
time indicators. The RF model was trained with an ensemble
size of 100 trees, and we limited the depth of trees to prevent
overfitting (max_depth ~ 10). We used the default criterion
of MSE for splits. The model was trained on the training set
(2015-2022), and we validated using out-of-bag error as well
as a separate validation set.

2) XGBoost: XGB is an optimized gradient boosting library that
often yields state-of-the-art results for structured data. We used
the XGBoost Regressor with a similar feature set to the RF.

Gradient boosting builds trees sequentially, where each new
tree corrects the errors of the ensemble so far. We performed
a hyper-parameter search for XGBoost, as shown in Table 6.
One advantage of XGBoost is that it provides feature impor-
tance scores; after training, we examined these to see which
features it found most predictive. Typically, we expected lagged
price and perhaps month or production to be high importance
features.

4.3.2. Deep learning models

1) ARIMA: The ARIMA model is a classical statistical time-
series forecasting approach designed to model linear temporal
dependencies. Unlike neural networks, ARIMA relies on
historical values and past error terms to predict future obser-
vations, making it suitable for datasets with strong trends
and temporal structure. In this study, ARIMA was config-
ured for one-step-ahead forecasting, where the model predicts
the next day’s soybean price based solely on past price val-
ues. The ARIMA model is defined by three parameters: p
(autoregressive order), d (degree of differencing), and q (mov-
ing average order). First-order differencing (¢ = 1) was applied
to remove non-stationarity in the price series, as confirmed
through stationarity tests. The autoregressive component (p)
captures the influence of previous price values, while the mov-
ing average component (q) models the impact of past forecast
errors. Based on autocorrelation function and partial auto-
correlation function analysis, as well as Akaike Information
Criterion (AIC) and Bayesian Information Criterion (BIC)
minimization, ARIMA (2,1,2) was selected as the optimal con-
figuration. This setup effectively balances model complexity
and forecasting accuracy. Model training involved estimating
parameters using maximum likelihood estimation. Residual
diagnostics were performed to ensure the absence of autocorre-
lation, confirming that the model residuals approximate white
noise.

2) LSTM neural network: The LSTM model is a recurrent neu-
ral network capable of learning long-term dependencies. We
set up the LSTM to perform sequence-to-one prediction: given
a sequence of past days, predict the next day’s price. We con-
structed input sequences of length T (we experimented with
T = 30 days and T = 60 days; 30 days was used in the
final model as it was sufficient to capture a one-month pat-
tern and kept the model size smaller). Each input sequence
consisted of features for each day in the window. The
features for the LSTM included past daily modal price val-
ues, past daily arrivals, and past daily rainfall or weather
indicator. We also appended static or slow-changing features
to each time step of the sequence. Another approach could

Table 6
XGBoost hyper-parameters

Hyper-parameter Values tried

Selected value

0.05,0.1,0.2
6,8, 10

learning_rate
max_depth
n_estimators
early_stopping_rounds Used
missing_values_handling
data_normalization Not required

feature_importance

~50+ (with early stopping)

Default (built-in)

Used for analysis

0.1

6

~50

Used
Default

Not required
Yes
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3)

have been to input those separately, but we chose to repeat
them in the sequence for simplicity. We used a single LSTM
layer with a certain number of units (e.g., 50 units), followed
by a dense output layer that produces the price prediction.
We also experimented with more LSTMs, but only one layer
was found to be enough given the size and complexity of the
data. Optimizer used to do the model training was Adam
with MSE as the loss function. Figure 12(a) simplifies the
architectural diagram of the LSTM model, whereas the archi-
tecture of the LSTM model, in detail, per-layer, is pictured in
Figure 13(a).

GRU neural network: The GRU model was adapted from the
LSTM, with the exception that it used GRU cells. The input
format we used was the same (30-day sequences). GRUs can,
in most cases match, the performance of LSTMs using fewer
parameters. We also initialized the GRU layer to have about
50 units in our case. The procedure (optimizer, loss, epochs)
used was the same as that of LSTM. We wanted to see if
there was any notable difference between LSTM and GRU on
our data. We expected them to be fairly close in results, as
is common, but one might edge out the other depending on
data patterns. The simplified architectural diagram of the GRU

Figure 12

4

model is shown in Figure 12(b), while the detailed layer-wise
architecture is illustrated in Figure 13(b).

AgroNET (Hybrid LSTM-GRU) model: We designed a cus-
tom hybrid network that combines both LSTM and GRU
units in one architecture. The motivation for this hybrid is to
leverage any complementary learning abilities of the two RNN
types—perhaps the LSTM might capture certain patterns and
the GRU others. One simple way to hybridize is stacking (e.g.,
an LSTM layer feeding into a GRU layer, or vice versa). We
experimented with a structure where the first layer is LSTM
and the second layer is GRU. Specifically, the hybrid model
takes the input sequence and passes it through an LSTM layer
(e.g., 50 units), and then the sequence output of that is fed
to a GRU layer (e.g., another 30 units) and finally to a dense
output neuron. We found that stacking in this order worked
slightly better than the reverse (GRU then LSTM) for our
data, though we did not exhaustively test all possibilities. The
hybrid network was trained with the same regime as the sin-
gle RNNs. Because the hybrid has more parameters, we used
a bit stronger regularization: a dropout of 0.2 was applied on
the LSTM output before feeding it to the GRU to prevent
overfitting given the limited data.

Architectural comparison of recurrent neural network models used in the study. (a) LSTM architecture consisting of stacked LSTM
layers followed by dropout and dense layers. (b) GRU architecture using stacked GRU layers with dropout and dense layers. (c)
AgroNET (Hybrid LSTM-GRU) model with a bidirectional LSTM layer followed by GRU, dropout, and dense layers
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Figure 13
Detailed layer-wise architecture of three recurrent models used in the study. (a) LSTM model. (b) GRU model. (c) AgroNET (Hybrid
LSTM-GRU) model
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Algorithm: Hybrid Bidirectional LSTM-GRU Model (AgroNET)

Input:
Multivariate time-series data X_train € R*n"%", where:
n = number of training samples,
t = number of timesteps,
d = number of input features.
Corresponding target values y_train € R”n
Validation set (X_test, y_test)
Output:
Predicted values y_pred for X_test.
Procedure:
Step 1: Network Initialization
Bidirectional LSTM Layer
Units: 64
Output: 2 hidden sequences (forward & backward) concatenated.
for each direction;
hY) = LsT™M(x,, hY)

h® = LsSTM(x,, h®))

Dropout Layer

Dropout rate = 0.2 (Prevents overfitting)

GRU Layer

Units: 32

Operates on the full sequence from the Bidirectional LSTM
Reset / Gate Update;

Update gate: z;, = c(Wyx; + U h,_1)

Reset gate: r; = c(W,x; + U, hs_1)

Hidden state:

ﬁ, = tanh(Wy,x; + Uy (r; @ h,_y)

he=(1-z) (D by + @ () h)

Dense Layer
Fully connected layer with 1 output neuron

j’\ = Wyensehs + b

Output is a scalar prediction for regression.
Step 2: Model Compilation
Loss Function: MSE

1< 2
MSE= -5 (yi— )
i=1

Optimizer: Adam with learning rate &« = 0.001 (Adaptive updates
using momentum and squared gradients.)
Step 3: Training Procedure

» Epochs: 20
+ Batch Size: 32
* Validation Monitoring: EarlyStopping

Monitor validation loss (val_loss)

Stop training if no improvement in 5 consecutive epochs.
Step 4: Prediction

Use the trained model to generate predictions on X_test:

YViest = Model(X;.q)
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5. Result and Discussion

To evaluate the robustness of different predictive approaches,
we analyzed the performance of several ML and DL mod-
els across multiple agricultural commodities, including RE
XGBoost, LSTM, GRU, ARIMA, and Proposed Hybrid
LSTM—GRU (AgroNET). The data split was 80/20, with exper-
iments being done in 80% of the training and 20% of the testing.
Standardized EDA, data preprocessing/engineering, and time-
sensitive data partitioning were used in the experimental setup
to enforce realistic forecasting conditions. All the models were
assessed based on the standard performance measures including
MSE, RMSE, R?, MAPE, and the accuracy and loss curves. In
addition, k-fold cross-validation was employed to ensure robust
performance evaluation, with results reported as the mean across
folds to reduce bias arising from a single train—test split and to
better assess model generalization. The details of the experimental
design, the algorithm configuration, and the evaluation strategies
are described in the sections below.

5.1. Experimental setup

Our model training and analysis were run on Google
Colab, and we used the benefit of the neural network training
on the GPU. To achieve reproducibility, we set random seeds
in libraries (numpy, TensorFlow) where possible, but in some
cases (i.e., ensemble methods), some randomness still exists. The
experimental setup is described in Table 7.

5.2. Performance parameters

We evaluated model performance using several standard met-
rics for regression. Table 8 shows various performance parameters
such as MSE, RMSE, R?, and MAPE.

5.3. K-fold cross-validation

K-fold cross-validation is a widely used validation tech-
nique to assess the generalization ability of ML models. In this
approach, the dataset is divided into k equal-sized folds. During
each iteration, k—1 folds are used for training the model, while
the remaining fold is used for validation. This process is repeated
k times so that each fold serves as the validation set exactly once.
The final model performance is reported as the average (and
standard deviation) of evaluation metrics across all folds. K-fold
cross-validation reduces the bias associated with a single train—test
split and provides a more reliable estimate of model robustness
and stability. In our result analysis, the dataset was partitioned
into k = 10 mutually exclusive folds, where in each iteration, k—1
folds were used for training, and the remaining fold was used for
validation.

5.4. Result analysis

5.4.1. Machine learning models result analysis

In order to visualize the performance of the ML models, we
plotted actual and predicted prices of the test set. Figure 14(a,
b) shows sample scatter diagrams of the models, indicating the
similarity of the predictions to the real observed prices. The dis-
tributions of the points in these two instances are around the
diagonal red line, which depicts the ideal prediction scenario, and
it implies that the models are capable of capturing the overall
price patterns. The model of XGBoost (Figure 14(a)) indicates
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Table 7
Experimental setup
Category Tool/library/resource Purpose/usage
Platform Google Colab Cloud-based environment for running code with GPU/CPU support
Programming Language Python 3.10 Core language for implementation
Hardware NVIDIA Tesla K80/T4 (GPU) Accelerated training for deep learning models (LSTM/GRU)
CPU (Colab default) Used for traditional ML models (random forest, XGBoost)
Data Format CSV files Storage format for input datasets
Libraries pandas Data loading, preprocessing, and manipulation
numpy Numerical computations and setting random seeds
matplotlib Data visualization
sklearn Implementation of random forest and evaluation metrics
xgboost Extreme gradient boosting model implementation
tensorflow/keras Deep learning framework for LSTM and GRU models

Table 8

Performan

ce parameters

Performance parameter Formula

1 ¢ .
Mean squared error (MSE) MSE= - D=5 3)
i=1
n
Root mean squared error (RMSE) RMSE = A % Z(y,— - 9)?=VMSE 4
i=1
n )2
R-squared (R?) R*=1- % %)
i=1\Vi =)
- y: Mean of the actual values
- The numerator is the residual sum of squares (RSS)
- The denominator is the total sum of squares (TSS)
n D
MAPE mare= 120 lyy—yl (6)
i

i=1

- y; 1s the actual (true) value,
- §,; is the predicted value,
- n is the total number of observations.

that there is a tighter grouping of points around the diagonal, and
thus, the model may have relatively more accuracy and be closer
to the real values. The model of RF (Figure 14(b)) is also trend-
following, but it is more dispersed around the prediction line,
indicating a relatively greater error. Generally, the two models are
effective, although XGBoost has more accuracy and predictability
in terms of soybean prices.

5.4.2. Deep learning models result analysis

In the given work, we have compared the performance of
two ML models of RF, XGBoost, and three DL models of
LSTM, GRU, and AgroNet in predicting soybean prices based on
accuracy and loss curves as the main metrics of their performance.

The Receiver Operating Characteristic (ROC) curve of the
AgroNet model of predicting the price of soybeans is shown in
Figure 15. The plots of the ROC curves give the impression of
the capability of the model to differentiate between positive and
negative classes. As revealed, the curve is steep at the upper-left
corner, which is a high sensitivity (true positive rate) with a rela-
tively low number of false positives. This Area Under the Curve

(AUC) of 0.96 proves the high level of discriminatory power of
AgroNet. An AUC of nearly 1.0 indicates a good classification
performance, showing that AgroNet is always able to distinguish
between a correct and an incorrect prediction with a high level
of reliability. This higher ROC performance is consistent with
the accuracy and loss curve performance, which once again con-
firms AgroNet to work as the best model over LSTM and GRU
because of the nonlinear, intricate behavior of soybean price
prediction.

The LSTM model exhibited a steady convergence pattern
as the training and validation loss reduced with the number of
epochs (Figure 16(a)). Nonetheless, the validation accuracy lev-
eled off at 87.88 %, which means that the model could be used to
capture temporal dependencies, but its ability to generalize was
limited to some extent. GRU model also converged more quickly
than LSTM, and slightly better validation accuracy was found in
the range of 88.89% as indicated in Figure 16(b). Its training and
validation loss were in close relation, which is indicative of bet-
ter generalization and fewer chances of overfitting. This implies
that GRU is more effective at processing chronology patterns of
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Figure 14
(a) Actual vs predicted prices using XGBoost. (b) Actual vs predicted prices using random forest
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Figure 16
(a) LSTM model accuracy and loss curve. (b) GRU model accuracy and loss curve. (c) AgroNET model accuracy and loss curve

0.475

0.350

0.325

0.300

0.275

0.60

0.55

0.50

0.45

Loss

0.40
0.35
0.30

0.25

()

0.50
0.45

0.40

Loss

0.35

0.30

0.25

8
Epochs

15
Epochs

10

20

12

=== Training loss
== Validation loss
@ best epoch= 12

14 16

=== Training loss
== Validation loss
@ Dbestepoch=11

12 14 16

we=_Training loss
== Validation loss
@ Dbest epoch= 29

25 30 35

0.86

0.80

0.78

0.88

0.86

0.84

Accuracy
o
(]
9]

0.80

0.78

0.76

0.90

0.88

0.80

0.78

=== Training Accuracy
w— Validation Accuracy
@ best epoch= 12

12 14 16

=== Training Accuracy
= Validation Accuracy
@ Dbest epoch= 28

8
Epochs

15
Epochs

10

20

== Training Accuracy
= Validation Accuracy
@ Dbestepoch=13

12 14 16

25 30 35

21



Journal of Computational and Cognitive Engineering Vol. 00

Iss. 00 2026

the soybean price data compared to LSTM. On the other hand,
the AgroNET model has evidently performed better compared to
LSTM and GRU, as evidenced in Figure 16(c). It had stable loss
curves with minimal variation, and the validation loss was the
same as the training loss, which indicated its high stability. Most
importantly, AgroNET obtained the best validation accuracy of
about 90.91%, which is more than the other two models. It shows
that AgroNET architecture is especially suited to the modeling of
nonlinear and dynamic patterns of agricultural price time-series
data.

5.4.3. Comparative analysis of models

ARIMA models comparison: Table 9 summarizes the
performance of all ARIMA model variants. ARIMA (2,1,2) out-
performed alternative configurations by achieving the lowest AIC
and BIC values, indicating superior goodness-of-fit with minimal
complexity. Unlike ARIMA (1,2,1), which suffered from over-
differencing, the selected model preserved temporal information
while effectively capturing short-term dependencies. Additionally,
ARIMA (2.1,2) produced white-noise residuals and lower RMSE
and MAPE values, confirming its robustness and suitability for
soybean price forecasting.

1) Models comparison: Table 10 summarizes the performance
metrics of all the models under both standard evaluation and
k-fold cross-validation. This table compares the five model-
ing methods based on prediction error, where the performance
comparison of the models reveals that the traditional ML
methods including RF and XGB gave reasonable predictive
accuracy; however, they were worse off than the DL models
in both single-split and k-fold evaluations. GRU was the most
accurate with fewer errors than LSTM among the sequen-
tial models, which demonstrates its ability to learn temporal
dependencies consistently across folds. The AgroNET (hybrid
LSTM-GRU) model was the most successful in general, and
it achieved the highest R?> and the lowest error values on
average over k-fold validation, which proves its superiority in

predicting the price of soybean. Figure 17 shows the compar-
ative results of various models in bar graph form for RMSE,
MSE, R?, and MAPE using k-fold mean values. As evident in
the results, unlike in the cases with RF and XGBoost, where
the performance of the two models still stays at the base
level, sequential models, that is, LSTM and GRU, show sig-
nificant increases in predictive accuracy even under a stricter
k-fold validation. Despite the slight reduction in model perfor-
mance during a k-fold cross-validation, the AgroNET (Hybrid
LSTM-GRU) model is a consistently robust model and is
better than any other method.

From the results, we can make several observations:

The RF model on the test data presented a somewhat an
RMSE of around 120 Rs/quintal and R? of about 0.85 with a cor-
responding MAPE of about 11.8%. This indicates that the combi-
nation of the decision trees explained almost 85% of the variation
in the prices of soybeans, which is fairly satisfactory as a baseline
model. The average error of some 120 also means that RF predic-
tions missed the actual price by about 120 Rs on average, which
is approximately 3% on average over the normal Price Range
(PR) range (some 4000 Rs/quintal). When using the k-fold cross-
validation, the RMSE rose only slightly to 125 + 8, and MAPE to
12.4 + 1.1%, which suggests that it is not very sensitive to data
splits. One of the advantages of the RF model was the use of
lagged price information as well as seasonal indicators, which clar-
ified the repetitive seasonal patterns and production factors in
2024, which affected the prices of soybeans.

XGBoost outperformed RF, and the RMSE values were
approximately 105 Rs/quintal, R> was about 0.87, and the MAPE
was lower (approximately 10.3). This increase indicates that the
gradient boosting model has better reflected underlying relation-
ships, which might have been caused by the fact that it can
model complex nonlinear interactions. XGBoost still showed a
consistent performance with RMSE of 112 + 7 and MAPE of
10.9 + 0.9% under k-fold validation, indicating that it general-
ized better than RF. XGBoost also proved to be more useful in

Table 9
Performance comparison of the ARIMA model

Model p d q AlIC | BIC | RMSE (R/quintal) | MAPE (%) | Residual diagnostics
ARIMA (1,1,1) 1 1 1 1426.8 1442.3 102 10.2 Minor autocorrelation
ARIMA (1,2,1) 1 2 1 1441.5 1456.7 108 11.1 Over-differenced
ARIMA (2,1,2) 2 1 2 1409.2 1429.6 98 9.6 White-noise residuals
Table 10
Performance parameters comparison table
RMSE MSE (Rs/
RMSE (RS/  (RS/quintal) MSE (RS/ quintal)? R? (mean + MAPE (mean
Model quintal) k-fold quintal)? k-fold R? std) k-fold MAPE = std) — k-fold
Random Forest 120 125 +8 14,400 15,625 0.85 0.83+0.03 11.8 124+ 1.1
(RF) + 1,020
XGBoost 105 112 +7 11,000 12,544 £ 890  0.87 0.85 +£0.02 10.3 10.9 +£0.9
ARIMA (2,1,2) 98 104 + 6 9,604 10,816 + 820  0.89 0.86 £0.03 9.6 10.1 £0.8
LSTM 90 98+ 6 8,100 9,604 + 760 0.92 0.89 +0.02 8.4 89+0.7
GRU 85 92+5 7,225 8,464 + 640 0.96 0.92 +£0.01 7.6 8.1+0.6
AgroNET 80 88 +4 6,400 7,744 + 520 0.98 0.94 +0.02 6.8 72+0.5
(Hybrid
LSTM-GRU)
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Figure 17
(a) RMSE (RS/quintal) comparison of models. (b) MSE (RSlquintal)2 comparison of models. (c) R? comparison of models. (d) MAPE
comparison of models
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terms of extreme price changes, explicitly following mini-spikes
and dips that are experienced in 2024. The analysis of fea-
ture importance showed that the price of the previous day was
the most significant predictor, and the second was the seasonal
(month-of-year) factors and annual factors like production and
imports.

The ARIMA (2,1,2) model further reduced the predic-
tion error, achieving an RMSE of approximately 98 Rs/quintal,
R? ~ 0.89, and MAPE of about 9.6%, demonstrating the effective-
ness of classical time-series modeling in capturing linear temporal
dependencies. The model performed consistently under k-fold
cross-validation, with RMSE of 104 + 6 and MAPE of 10.1 +
0.8%, indicating robust and stable forecasting behavior. ARIMA
benefited from explicitly modeling trend and short-term auto-
correlations, making it more accurate than tree-based models,
although it remained limited in capturing nonlinear dynamics
compared to DL approaches.

The LSTM model further minimized the error, achieving
RMSE values of approximately 90 Rs/quintal, R* = 0.92, and
MAPE around 8.4%, confirming that long-term temporal depen-
dencies were effectively learned. Under k-fold validation, the
RMSE increased modestly to 98 + 6, with MAPE of 8.9 + 0.7%,
reflecting good generalization. The LSTM demonstrated strong
capability in predicting next-day prices using sequences of the
preceding 30 days. In particular, LSTM was more successful in
capturing consistent upward or downward trends, where tree-
based models occasionally under-predicted due to the absence of
internal temporal memory.

The GRU model performed similarly to LSTM, with a slight
advantage in terms of error reduction (RMSE =~ 85, MAPE
~ 7.6%, R’ ~ 0.96). Under k-fold cross-validation, GRU main-
tained strong performance with RMSE of 92 + 5 and MAPE
of 8.1 + 0.6%. Both LSTM and GRU captured nearly 96-98%
of price variability, with GRU offering faster convergence and
reduced computational complexity. This supports the established
understanding that GRUs can achieve comparable predictive
performance to LSTMs while requiring fewer parameters and
training epochs.

The AgroNET (Hybrid LSTM-GRU) model achieved the
best overall performance, with an RMSE of approximately 80

Rs/quintal, R*> ~ 0.98, and the lowest MAPE of about 6.8%,
indicating extremely high prediction fidelity. Even under k-fold
cross-validation, AgroNET remained robust, with RMSE of
88 +4, R*=0.94 + 0.02, and MAPE of 7.2 + 0.5%, demonstrating
consistent generalization under stricter validation. This may have
worked because the hybrid architecture incorporated complemen-
tary temporal representations, which were learned by the LSTM
and GRU layers. Even though the relative performance relative
to single LSTM/GRU models is moderate (about a 10% decrease
in RMSE between 90 and 80), it at least shows that hybrid model
design is beneficial in terms of improvement in the accuracy of
price prediction of soybean.

XAI visualization (LIME): The explainable XAI model of
price prediction is conducted with the help of the LIME model
that gives clear, instance-based, explanations of the ensemble
predictor based on identifying the major factors that affect
the individual price predictions. The local black-box approx-
imation of the black-box model as a surrogate, followed by
the need to reveal the direction and strength of feature con-
tributions, offers much greater insight into the importance
of various historical price indicators in the market and the
sustaining effect of these other supply, trade, and climatic vari-
ables, which makes the black-box model more transparent and
more useful to farmers.

Figure 18 gives a local explanation (based on LIME) of the
individual price of a soybean, and this shows the value of var-
ious input features in influencing the modal price prediction of
the price of soybean either positively or negatively. The presence
of features (green) or the absence of them (red) raises or low-
ers the price predicted, and the length of the bar indicates the
strength of the effect. As can be seen in the visualization, Max
Price (Rs./Quintal) and Min Price (Rs./Quintal) have a domi-
nant influence on the prediction, implying that they greatly rely
on the recent market price limits, whereas the Arrivals (Tons),
Market Name, and Variety variables have a moderating effect.
Considerations of bigger supply and agro-economic related
factors including the imports/exports of soybean, area under cul-
tivation, and actual rainfall have less, though not negligible,
influence as they are indirectly related to the price dynamics.

Figure 18
LIME-based local feature contribution for soybean price prediction
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Figure 19
LIME feature importance and corresponding feature values for a sample instance
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As far as interpretability is concerned, Figure 19 confirms
the fact that the variables based on price and market level have
the greatest influence on the model’s decision-making, then there
are the supply-side ones, and lastly, there are variables that rely
on the locations (e.g., district), which in this case play a minor
role. When using LIME, transparency and instance-level under-
standing can be provided by approximating the complex ensemble
model locally with an interpretable surrogate, which provides a
translation of the black-box prediction into understandable sig-
nals. The stakeholder needs are directly addressed through this
XAI analysis, as the factors contributing to price changes and
the direction are clearly identified, therefore increasing the level
of trust and practical use for the farmers.

5.5. Key contributions of the study

1) Demonstrating a successful integration of disparate data (mar-
ket, weather, macro indicators) for price forecasting, providing
a thorough comparison between different modeling paradigms
on the same problem, and introducing an AgroNET, a hybrid
DL architecture (LSTM-GRU) in the context of commod-
ity price prediction. The high accuracy achieved suggests that
the approach could be employed in operational forecasting
systems.

2) Enhancing model transparency through XAI (LIME)-based
explanations, enabling clear interpretation of key factors driv-
ing price predictions and increasing trust and usability for
farmers and agri-businesses.

Given that the model was trained on historical data, deploy-
ing it would involve continuously updating with new incoming
data (e.g., as 2025 data comes in) and retraining or using the
model to predict short-term future prices. However, we also rec-
ognize the limitations of our study. The model’s performance,
while strong for the period tested, is dependent on the patterns
present in that period. Structural changes could reduce the model’s
effectiveness if not accounted for by new data. Also, our model
predicts one day ahead; while this is useful for near-term decisions,
many agricultural decision-makers need medium to long-term
forecasts. Extending the horizon of prediction is a challenge that
may require different architectures. Additionally, the data could
be enhanced—for instance, incorporating global price indices as
an input might improve predictive power since global and local
prices are linked.

6. Conclusion

This study has offered a price forecast of one of such crops,
that is, the soybean crop price in the Indian market, by con-
ducting a thorough analysis of soybean crop price prediction in
India, based on an integrated dataset (2015-2025) and using var-
ious predictive analysis methods. To provide the models with
an abundant context, we gathered and combined data from sev-
eral sources each day, including market prices and Agmarknet
arrivals, weather data (rainfall) from IMD, and annual produc-
tion and trade statistics. The main patterns that were discovered
through the exploratory analysis include the influence of seasonal-
ity, a significant price increase in 2021, the price series correction
afterward, and the outlier events in the price series. Six predictive
models were designed, including RF, XGBoost, ARIMA (2,1,2),
LSTM, GRU, and AgroNET (Hybrid LSTM-GRU network),
and all models were evaluated using k-fold cross-validation. We
found that the time-dependent patterns of the data could be
better represented in DL models compared to traditional ML
and statistical models and, as a result, yielded a higher level
of accuracy. Among the non-neural approaches, ARIMA and
XGBoost achieved reasonable predictive performance under k-
fold validation, with RMSE values of approximately 104 + 6 and
112 + 7 Rs/quintal, respectively, and corresponding MAPE val-
ues close to 10%, but their accuracy was lower than that of the
DL models.

AgroNET model performed best overall, with a k-fold
RMSE of about 88 + 4 Rs/quintal, R* =~ 0.94 + 0.02, and
the lowest MAPE of approximately 7.2 + 0.5%, indicating
strong predictive accuracy and robustness across validation folds.
The best non-neural approach exhibited a slightly larger error
(~112 Rs/quintal RMSE) and lower R? (~0.85) under k-fold val-
idation, namely, the XGBoost model. The exogenous traits like
rainfalls, arrivals, and production also aided in the enhance-
ment of the model performance in that the models were able to
change their forecasts within the framework of the broader sup-
ply-demand dynamics, which is in line with the existing literature
on agricultural price forecasting. Also, to deal with model trans-
parency, the XAI analysis with the help of the LIME technique
was included in order to analyze the predictions of the proposed
models. The models based on the LIME obviously determine
the relevant factors of price variations of soybeans, making the
forecasting system more interpretable, credible, and applicable to
farmers and agri-businesses.
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For future work, we suggest exploring the following:

1) Multi-step forecasting: Develop models to predict weekly or
monthly average prices, which might involve using the daily
model iteratively or training separate models with aggregated
data.

2) Advanced DL models: Newer architectures like the Trans-
former or N-BEATS have shown excellent performance in
time-series tasks. Testing these on soybean prices, especially
with exogenous inputs, could further improve accuracy.

3) Wider generalization: This study is currently limited to soy-
bean price prediction in India using a crop-specific dataset.
Future research can extend the framework to other regions and
crops by incorporating region- and crop-dependent features,
as well as exploring transfer learning and multi-crop modeling
to improve generalizability.

Future research should move beyond historical data—driven
modeling by explicitly incorporating structural risk factors such
as policy changes, global supply chain disruptions, pandemics,
and extreme climate anomalies into agricultural forecasting frame-
works. Integrating scenario-based simulations and policy-aware
variables and incorporating more granular weather variables,
socio-economic indicators, and climate stress indicators with ML
models can improve robustness and real-world reliability.
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