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Abstract. Spices are essential agricultural products that hold considerable eco-
nomic importance and fulfill various roles in culinary, medicinal, and industrial
fields. Black pepper, a spice traded worldwide, experiences frequent price
changes due to seasonal variations, inconsistent quality, and disruptions in the
supply chain. This research introduces a forecasting model aimed at predicting
black pepper prices in local markets of Karnataka. Conventional techniques such
as Simple Moving Average (SMA), Auto-Regressive Integrated Moving Aver-
age (ARIMA), Long Short-Term Memory (LSTM), and Gated Recurrent Unit
(GRU) often yield subpar results when faced with irregular data conditions. To
overcome this challenge, a Multiple Linear Regression (MLR) model with lag
features was developed, utilizing domain-specific feature engineering. The data
processing pipeline included steps for managing missing values, outliers, normal-
ization, and identifying temporal patterns. A knowledge-driven nearest neighbor
analysis was employed to improve forecasting accuracy. Among all the models
assessed, the MLR model recorded the lowest Mean Absolute Percentage Error
(MAPE) of 0.22%. The proposed work also features a user interface designed to
aid traders in making informed decisions and allows for a more in-depth analysis
of black pepper trading trends.

Keywords: Black Pepper, Commodity Price Forecasting, Deep Learning, Time
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1 Introduction

Black pepper is among the most extensively traded spices worldwide, appreciated
for its culinary and health advantages. It is mainly grown in tropical areas, with India,
Vietnam, Indonesia, and Brazil being the top producers. In India, the states of Kerala,
Karnataka, and Tamil Nadu play significant roles in production. The market experi-
ences high volatility, affected by supply chain challenges, seasonal changes, and vari-
ations in quality creating uncertainty and underscoring the necessity for precise price
forecasting to support decision-making and reduce risk.

Previous research [1] has utilized models such as ARIMA and ARCH to predict black
pepper prices in Karnataka. While these models are effective for analyzing short-term
trends and volatility, they face difficulties with non-linear trends and abrupt shocks,
which limits their applicability in dynamic agricultural markets.

This proposed work to develop a strong forecasting model for black pepper prices, spe-
cifically designed for the SamparkBindhu [17] platform a digital trading center for
farmers and traders. The model will produce forecasts for a two-week period based on
historical price data. Additionally, it will tackle critical challenges such as inconsistent
data, missing values, and the balance between model transparency and accuracy,
thereby assisting traders, analysts, and platform managers in making more informed
decisions.

Accurate price forecasting is crucial for traders to efficiently manage their procure-
ment and logistics operations. Nevertheless, the existing manual forecasting methods
are labor-intensive and prone to human error, which often results in delayed responses
and inaccurate forecasts. Traditional models exacerbate the problem by yielding unre-
liable outcomes when faced with noisy, inconsistent, or incomplete dataset situations
that frequently occur in agricultural market settings. The absence of automation not
only raises operational costs but also hinders the decision-making process, requiring
more human resources and diminishing overall market efficiency. These challenges un-
derscore the pressing need for a more dependable, automated, and data-driven forecast-
ing solution.

The main goal of this research is to create a dependable forecasting model for black
pepper prices that satisfies practical performance standards and improves decision-
making abilities for traders. The specific aims are as follows: Develop a price forecast-
ing model for black pepper targeting a MAPE of under 5%. Integrate, prepare, and
execute a thorough data modelling pipeline that includes data collection, preprocessing,
and feature engineering. Design and implement a user-friendly interface to facilitate
timely and informed decision-making for traders on the SamparkBindhu platform.

The rest of the manuscript is structured as follows. Section II reviews related litera-
ture on forecasting methods. Section III outlines the methodology, including data pre-
processing and model selection. Section IV covers implementation and testing, while
Section V presents results, emphasizing the performance of the MLR model with lag
features. Section VI concludes the study and discusses future enhancements.
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2 Literature Review

Traditional Econometric Models in Commodity Price Forecasting: Traditional econ-
ometric models such as ARIMA, AutoRegressive Conditional Heteroskedasticity
(ARCH), and Generalized AutoRegressive Conditional Heteroskedasticity (GARCH)
have historically played a crucial role in forecasting commodity prices. Research, in-
cluding [1], illustrates their effectiveness in capturing short-term fluctuations in black
pepper prices. Nevertheless, these models struggle to account for non-linearities and
external shocks [2], [3], [4]. Additionally, even when factors like weather are taken into
account [5], their failure to demonstrate causality or adapt to real-time changes limits
their overall effectiveness.

Deep Learning and Neural Networks for Price and Volatility Forecasting: The rise
of Al models, particularly LSTM, signifies a major transformation in price forecasting
methodologies. Studies [6], [7], and [8] highlight LSTM’s capability in modelling non-
linear relationships, surpassing traditional methods. However, issues such as small da-
tasets, insufficient real-time adaptability, and the omission of macroeconomic factors
remain challenges. Advancements like Convolutional Neural Networks (CNN) and
Time-Delay Neural Network (TDNN) [9], [10], along with feature-rich LSTM models
[11], show potential but continue to face difficulties regarding explainability and scala-
bility.

Ensemble, Hybrid, and Machine Learning Approaches: Ensemble and hybrid mod-
elling techniques are increasingly recognized for their ability to improve prediction ac-
curacy in volatile market environments. Comparative analyses [12], [13] indicate that
methods like Random Forest and XGBoost tend to outperform individual models, alt-
hough they often lack contextual awareness. Creative integrations such as fuzzy-Sup-
port Vector Machine (SVM) [14], fuzzified input data tuning for agriculture commod-
ities price [15] and LSTM-Random Forest (RF) hybrids [16] attempt to fill some of
these gaps, yet many still overlook the importance of real-time responsiveness and
broader economic indicators. This trend underscores a growing focus on merging com-
plex model frameworks with extensive datasets.

Integration of External Factors and Reinforcement Learning: Many current models
fail to adequately incorporate essential external factors such as climate, policies, and
market sentiment [6], [7], [9], [12]. This lack of integration undermines their robustness in
volatile markets. Although Reinforcement Learning (RL) has significant potential, it is
still not widely applied in adaptive forecasting
frameworks [8], [9], [11], [13]. Future research suggests that merging RL with deep
learning could create resilient, real-time systems that effectively respond to changing
external signals.

The literature reviewed indicates a methodological shift from traditional economet-
ric models to contemporary Al-driven forecasting. While traditional tools effectively
handle linear and short-term trends, they struggle with non-linearities and market dis-
ruptions. Deep learning models exhibit potential but are frequently constrained by data
deficiencies and absent contextual features. A targeted strategy employing GRU-based
hybrids with lag and moving average inputs is crucial for producing accurate and inter-
pretable forecasts of black pepper prices.
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3 Methodology
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This section describes the technical resources, tools, and methodologies utilized in
the creation of the black pepper price forecasting system. It elaborates on the imple-
mentation environment, data sources, preprocessing methods, modeling framework,
and deployment strategy, all of which are in accordance with the Team Data Science

Process (TDSP) [18] lifecycle.

The implementation environment employed Python version 3.11.11, incorporating
essential libraries such as pandas for data manipulation, numpy for numerical calcula-
tions, scikit-learn for training and assessing models, matplotlib for data visualization,
and streamlit for developing the user interface. All experiments were performed on a

CPU-based on-premise configuration.

This proposed work follows the TDSP methodology a structured, collaborative
framework that outlines a well-defined lifecycle for executing data science projects as

defined in figure (see Fig. 1).
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Fig. 1. Proposed Methodology

The main goal is to create a price forecasting model for black pepper to support trad-
ers and stakeholders on the SamparkBindhu platform. This model is designed to produce
two-week price predictions based on historical pricing information. Stakeholders en-

compass local traders, market analysts, and administrators of SamparkBindhu.

Data collected from a variety of trustworthy sources, including governmental plat-
forms like Agmarknet [19] and real-time market data from SamparkBindhu traders. The
dataset spans over six years and includes attributes such as Date, Maximum Price, Min-
imum Price, and Modal Price. A thorough Exploratory Data Analysis (EDA) was per-
formed to uncover price trends, analyze distribution patterns, and identify key features

for modeling purposes. Visual representations (see Fig. 2) were employed to investigate
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seasonal behaviors and market fluctuations, thus creating a solid foundation for data-
driven decision-making.
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Fig 2. Price Trends Over Time (2019 — Feb 2025)

To maintain data integrity and consistency, missing values were filled in using sta-
tistical methods and prices from adjacent districts, while outliers were eliminated
through the Interquartile Range (IQR) technique. Daily maximum prices were compiled
across districts, with backfilling implemented as needed. Feature engineering involved
creating weekly lag variables to reflect historical dependencies and computing moving
averages to mitigate short-term variations, thereby improving the model’s capacity to
recognize temporal patterns.

Feature engineering played a crucial role in capturing the dynamics of the time series.
Weekly lag variables were created to illustrate the influence of previous prices, and mov-
ing averages were computed to reduce short-term volatility, thus enhancing the model's
ability to comprehend temporal relationships. The Auto Correlation Function (ACF) and
Partial Auto Correlation Function (PACF) plots prior to feature engineering, indicating
significant correlations extending to Lag values (see Fig. 3). ACF following the incor-
poration of lag features, revealing a significant drop in autocorrelation, which suggests
a successful representation of temporal relationships after choosing Lag 4.
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Fig 3. Autocorrelation check on dataset and diminishing partial autocorrelations

To determine the most effective forecasting method, an evaluation was conducted
on both traditional and contemporary models. Statistical techniques such as SMA and
ARIMA served as baseline comparisons, while machine learning approaches like MLR
with lag features demonstrated enhanced accuracy. Additionally, deep learning meth-
ods, including LSTM and GRU, were assessed using smoothed and lagged data. Among
these, the MLR model incorporating four lag features delivered the highest perfor-
mance, achieving a MAPE of 0.22%. In contrast, deep learning models exhibited sub-
par performance, likely attributable to limited training data and inadequate tuning. Var-
ious model training dataset actual vs predicted values (see Fig.4).

MLR with 4 Lag features: Moving Average (rolling 7 days)

MLR Forecast for Max Moving Average Forecast for Max

Fig 4. Various Models Actual vs Predicted Values

The architecture of the system adheres to a modular design to ensure maintainability
and scalability. It commences with data ingestion from structured formats, followed by
a preprocessing phase aimed at cleaning and feature engineering. In the modeling layer,
forecasting models are trained and assessed. Subsequently, the forecasting module pro-
duces 15-day price predictions utilizing the chosen model. A visualization layer then
graphically presents the results, including comparisons between actual and predicted
values, along with essential performance metrics.
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To facilitate practical use, the forecasting system was deployed as a Streamlit-based
web application. Users can upload historical data files and receive interactive
visualizations and predictive insights. The interface supports user-defined configurations
such as district-level forecasting and custom date ranges, enabling adoption by spice
traders on the SamparkBindhu platform.

4 Implementation And Testing

The processes of evaluation and verification conducted to assess the forecasting
models developed for predicting black pepper prices. These models underwent thor-
ough validation utilizing historical data, and various performance metrics were calcu-
lated to evaluate the accuracy and dependability of each method.

Among the models evaluated, the MLR model with Lag4 produces the most favora-
ble outcomes, attaining the lowest figures across all three critical metrics: Mean Abso-
lute Error (MAE) (137.55), Mean Squared Error (MSE) (35,607.62), and MAPE
(0.2207%). These findings reflect a substantial degree of precision and slight diver-
gence from actual market prices. In contrast, traditional models such as Moving Aver-
age and ARIMA exhibited elevated error rates, whereas deep learning models like
LSTM and GRU performed considerably worse as mentioned in Table 1.

Table 1. Various Models Performance Metrics for Max Price

Model MAE MSE MAPE %

Moving_Avg_Max 308.49 1,64,320.20 0.4935
MLR_Max_Lagl 152.78 42,295.71 0.2449
MLR_Max Lag2 138.28 35,847.38 0.2218
MLR_Max_Lag3 137.88 35,624.03 0.2212
MLR Max_Lag4 137.55 35,607.62 0.2207
MLR_Max_Lag5 138.14 35,846.73 0.2216
MLR_Max_Lag6 138.51 36,197.86 0.2222
ARIMA_Max 767.69 8,43,272.40 1.1672
LSTM_Max 50,765.08 2,77,86,71,000 81.126
GRU_Max 55,548.04 3,23,34,29,000 88.808

The daily forecasts for February 2025 were assessed in comparison to actual values
by utilizing both absolute and percentage error metrics for maximum and minimum
prices. The findings indicate that the anticipated maximum prices consistently exhibited
low error margins, thereby affirming the reliability and accuracy of the MLR model in
reflecting market trends. Conversely, the predictions for minimum prices displayed a
greater degree of variability, implying that the model is more adept at forecasting max-
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imum prices than minimum ones. These insights further validate the model's appropri-
ateness for short-term forecasting, especially in tracking upper-bound price fluctua-
tions.

In the course of the model validation process, historical data extending to January
2025 was utilized to train the forecasting model, and predictions were produced for the
following period February 2025. This methodology aids in assessing the model's ca-
pacity to generalize beyond the training data and to replicate real-world forecasting.

Table 2. February 2025 Model Forecasting Performance

Model MAE MSE MAPE %
MLR (4 Lags) 675.2691 8,50,737.21 1.0639

The validation outcomes indicate that the MLR model, which incorporates 4 lag fea-
tures, sustained a robust predictive capability even when applied to unseen data. Alt-
hough there was a minor rise in error metrics relative to the training performance, it still
attained a MAPE of merely 1.06%, signifying a considerable degree of forecasting pre-
cision as shown in Table 2. This validates the model’s relevance and resilience for short-
term market predictions concerning black pepper prices.

To evaluate the practical relevance of the forecasting model, validation was con-
ducted utilizing out-of-sample data from February 2025 a timeframe that was not part of
the model training. The trained MLR model, which incorporates lag features, was em-
ployed to produce daily price forecasts, which were subsequently compared to the actual
market prices recorded during the month.

The graph depicts a comparison between the actual maximum prices and the pre-
dicted values (see Fig. 5). The solid red line signifies the actual price variations, whereas
the dashed blue line represents the model’s forecasted prices. The vertical dashed line
indicates the commencement of the forecast period (February 1, 2025).
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5 Analysis And Results

This section outlines the results obtained from the forecasting models that were de-
veloped. Among the different models assessed, the MLR incorporating lag features
proved to be the most precise, exhibiting low error rates across various metrics includ-
ing MAE, MSE, and MAPE. These models are intended to assist in strategic planning
for farmers, traders, and investors involved in the pepper market.

The predictive efficacy of the chosen best-performing model throughout the 6-month
testing phase. It compares the actual smoothed maximum prices with their predicted
equivalents. The close correspondence between the two curves highlights the model's
strength and accuracy in reflecting real-world price variations (see Fig. 6)
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Fig 6. Actual vs Predicted Smoothed Max Price Values for Test Data Using Best Model

6 Conclusion and Future scope

This research introduces a comprehensive price forecasting system for black pepper,
which has been developed utilizing a MLR model enhanced with lag-based features.
The model demonstrates exceptional predictive accuracy, evidenced by an impressively
low MAPE of 0.22%. Its straightforwardness, interpretability, and efficiency render it
highly suitable for practical implementation on platforms such as SamparkBindhu.

In the future, various improvements are anticipated to expand the model's range and
flexibility. Upcoming iterations of the system are designed to integrate external data
sources, including meteorological factors such as precipitation, temperature, and hu-
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midity, along with supply chain metrics like import-export volumes and inventory lev-
els. The incorporation of real-time data via API connections will facilitate ongoing up-
dates and dynamic forecasting capabilities. Furthermore, the model can be adapted to
provide price predictions for additional agricultural products, encompassing spices,
grains, and pulses, thereby establishing it as a scalable solution for wider market appli-
cations.
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