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ABSTRACT:

Crop yield prediction is significant for reinforcing food security, as climate variability continues to disrupt
agricultural production and planning. This study examines the possibility of combining historical weather data,
soil conditions, and farming-related characteristics with machine learning techniques to predict crop yield more
accurately. The complete modelling workflow is executed, including data understanding, preprocessing, feature
engineering, and the training ufse\Bll models such as Random Forest, XGBoost, MLP, and CatBoost. Based on
the evaluation results, CatBoost is selected as the final model due to its strong predictive accuracy and stability
when handling tabular agricultural data. The trained model is implemented in a complete web-based decision

support system named Smart Crop Manager to demonstrate the practical application of the research. The system
allows users to enter and manage crop information, automatically process weather data, generate yield forecasts,
categorize risk levels, and provide scenario-based suggestions to support planting and harvesting decisions. In
addition, an artificial intelligence crop assistant powered by Google Gemini provides readable summaries and
responds to user queries to enhance the understanding of predictions and soil recommendations. Overall, this
project demonstrates that artificial intelligence and web techlnugies can be integrated to support crop planning
and promote more sustainable food production, thereby contributing to the advancement of Sustainable
Development Goal 2: Zero Hunger

Keywords: Crop yield, prediction, machine learning, historical data

Fntmduction:

Agricultural production has faced unprecedented challenges due to climatic variability,
meteorological extremes, and soil degradation in recent years. These factors have led to
uncertain crop yields, raising concerns about food security, economic efficiency, and
ecological sustainability. Extreme weather events such as floods, droughts, and temperature
fluctuations exacerbate the vulnerability of agricultural systems, resulting in reduced crop
yields and disrupted food supply chains. Studies indicate that climate change will continue to
pose a major threat to crop yields, particularly in regions reliant on rain-fed agriculture. As
global temperatures rise, staple crops like wheat, rice, and maize are projected to experience
reduced yields, which will not only impact food production but also increase food insecurity

(Ray etal., 2021; Ashfaq et al., 2025).

Traditional crop yield forecasting methods rely on outdated models that fail to account for the
complexities and dynamic nature of environmental factors affecting agricultural production.
These methods typically depend on historical data, using simplistic assumptions that neglect
the spatial and temporal variability critical for accurate crop yield predictions. Traditional
models also focus on a limited number of variables, overlooking the interactions between key
environmental factors such as soil conditions, weather patterns, and pest infestations. As a
result, these approaches cannot adequately address the challenges posed by a rapidly changing
climate, leading to unreliable predictions and suboptimal decision-making in agriculture

(Mandal et al., 2023; Silva et al., 2024).
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In Malaysia, there is a significant gap in the availability of data-driven forecasting tools that
integrate key environmental factors, including soil health, weather conditions, and crop
performance. Although some predictive tools are in use, they typically rely on outdated or
generalized data, limiting their accuracy and utility for farmers. These tools also fail to provide
real-time, region-specific insights that are necessary for informed decision-making. As a result,
farmers struggle to optimize crop management practices, such as irrigation, fertilization, and
pest control. The absence of robust, data-driven systems for agricultural forecasting hinders
Malaysia’s agricultural sector and prevents farmers from achieving optimal productivity (Saad

etal,, 2022).

Farmers and agricultural consultants in Malaysia also face challenges due to the lack of reliable
and accessible prediction tools that are tailored to the needs of local farming practices. Existing
tools, when available, are often too expensive, too complex, or too generalized for widespread
adoption by smallholder farmers. Consequently, farmers rely on traditional methods that can
be inefficient and prone to error, resulting in suboptimal use of resources. The inability to make
timely, data-driven decisions about pest control, irrigation, and crop management further
exacerbates crop losses and financial instability, especially during unpredictable weather

events (Sharma et al., 2025).

While machine learning techniques, such as Random Forest (RF) and Categorical Boosting
(CatBoost), have shown promise in agricultural forecasting, existing research has not yet fully
integrated temporal and multivariate environmental data into a single, unified model. Many
forecasting models either focus on single-variable analysis or fail to account for the complex
interactions between multiple environmental factors over time. However, the application of Al
models like CatBoost, which combines various sources of data (e.g., weather, soil moisture,
crop health), presents a valuable opportunity to provide more accurate, dynamic, and long-term
predictions of crop yields. Despite the potential of these models, their application in agricultural
forecasting remains underutilized, limiting their impact on decision-making and sustainable

agricultural practices (Paudel et al., 2023; Ashfaq et al., 2025).
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Problem Statement
Uncontrollable Weather and Climate Data Factors

Uncontrollable data refers to external factors that strongly influence crop yield but cannot be
managed directly by farmers or the system, especially short-term environmental changes. In
crop yield prediction, weather and climate variability are key uncontrollable inputs because
they can change suddenly and affect plant growth conditions even when farming practices
remain the same. Variations in temperature, rainfall, humidity, and extreme events such as
droughts and floods introduce uncertainty into crop production, making yield outcomes harder
to predict and increasing the risk of crop loss. Studies have reported that climate change has
already reduced yields in multiple regions, and continued warming is expected to decrease
yields for major staple crops such as wheat, rice, and maize, which can threaten food security
and production stability (Ray et al., 2021). These climate-driven risks are particularly serious
in regions that rely heavily on rain-fed agriculture and have fewer resources to adapt, where
yield outcomes become more sensitive to uncontrollable environmental fluctuations (Ashfaq

etal., 2025).

Limitations of Traditional Agricultural Models

Traditional agricultural forecasting models are increasingly inadequate in addressing the
complex, non-linear interactions between climate variables and crop productivity. These
models often rely on historical data and simplistic assumptions, such as constant weather
patterns or fixed agronomic practices, which fail to capture the temporal and spatial variability
that influences crop growth. Many traditional models also overlook the interactions between
environmental factors, such as soil health, weather, and pest outbreaks, which are critical for
accurate crop yield predictions. As a result, these outdated methods lead to errors and

inaccuracies in predicting crop yields (Mandal et al., 2023; Silva et al., 2024).

Lack of Data-Driven Forecasting Tools in Malaysia

In Malaysia, the agricultural sector faces a significant gap in the availability of data-driven
forecasting tools that incorporate multiple data sources, such as weather patterns, soil health,
and crop performance. While some forecasting systems exist, they often rely on outdated or
incomplete data, limiting their accuracy and utility for farmers. Furthermore, existing tools do
not fully integrate real-time data or consider the unique environmental conditions in various
regions of Malaysia. This lack of localized, accurate, and dynamic forecasting systems impedes

farmers’ ability to make informed decisions regarding irrigation, fertilizer application, pest
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control, and crop rotation, ultimately hindering crop yield optimization (Saad et al., 2022;

Taufik & Tharakan, 2021).

Challenges Faced by Farmers and Consultants

Farmers and agricultural consultants in Malaysia face significant challenges due to the absence
of reliable and user-friendly forecasting tools. Traditional methods, such as visual inspections
or external consultations, are often labor-intensive, costly, and prone to errors. As a result,
farmers lack the ability to make timely, informed decisions about when to plant, irrigate,
fertilize, or manage pests. The lack of access to real-time, localized prediction tools prevents
farmers from responding effectively to emerging threats such as climate shifts, pest
infestations, or diseases. This inefficiency limits productivity and increases the vulnerability of

farmers to economic losses (Sharma et al., 2025; Saad et al., 2022).

Project Objectives

. qo collect and preprocess historical weather and soil data relevant to the target crop’s
health, growth, and yield.

e Toapply machine learning models to predict crop yields based on the historical weather
and soil conditions.

e To assess and evaluate the accuracy of the model predictions using metrics like Mean
Absolute Error (MAE) and Root Mean Squared Error (RMSE).

e To visualize predicted crop yields and suggest optimization strategies for irrigation,

fertilizer use, and crop management.

qraditional Methods

Traditional yield prediction methods have long been integral to agricultural planning, providing
valuable insights based on experience, field sampling, and historical data. However, these
methods are increasingly being challenged by the complexities of modern farming and
changing environmental conditions. Below, we explore various traditional approaches to crop
yield prediction, highlighting their strengths and limitations in the context of contemporary

agricultural practices.
Farmer Experience and Heuristics

For centuries, farmers have relied on experiential knowledge passed down through generations

to estimate crop yields. These estimations are often based on visual cues such as plant height,
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leaf coloration, grain head density, and general field condition. In many rural areas, this
heuristic approach still dominates because it requires no additional cost or technology (Bakar
et al., 2021). However, the method’s subjectivity means that two farmers observing the same
field may arrive at vastly different yield estimates. Furthermore, changing climate patterns have
reduced the reliability of these traditional cues, as crops may exhibit unfamiliar responses to
extreme weather events. Without integration of objective measurements, farmer experience
remains a valuable but incomplete tool in modern yield forecasting. Al-based tools can
complement this knowledge by providing quantitative predictions that align with farmers’ on-

the-ground observations.
ﬁanual Field Sampling

Manual field sampling is one of the ecarliest systematic approaches to vield estimation. It
typically involves selecting representative plots within a field, harvesting the crops from these
plots, and extrapolating the results to the entire field. While this method can provide more
structure than pure observation, it is labour-intensive and time-consuming (Latif et al., 2022).
Sampling bias is a common issue; for example, choosing healthier-looking areas can lead to
overestimation, while sampling damaged sections can cause underestimation. Moreover,
environmental variability within a field—such as differences in soil quality or microclimates—
means that small samples may not accurately represent the whole crop. In large-scale
operations, the time required to complete sampling can delay decision-making, reducing its

practical value in fast-changing conditions.
gistorical Averages

Using historical yield averages is a common practice in both farm-level planning and
government forecasting. This method assumes that past production levels can predict future
outcomes under similar conditions. While it provides a quick estimate, it fails to account for
annual variations in weather, pest outbreaks, and management practices (Rahman et al., 2022).
For example, a region that has maintained stable yields for a decade may suddenly face a
drought or flood, rendering the historical average inaccurate. In the context of climate change,
relying on static historical data becomes increasingly risky. Integrating historical averages with
real-time environmental data can improve their utility, but on their own, they offer limited

predictive power.
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Eovernment Statistical Models

Government agricultural departments often use statistical models—such as regression
equations—to predict yields based on aggregated data like rainfall totals, temperature averages,
and sowing dates. While these models can be transparent and easy to interpret, they are often
constrained by the availability and quality of data (Nguyen et al., 2021). Aggregation at district
or regional levels can mask significant variability at the farm scale. Additionally, traditional
regression models are not well-suited to capturing complex, non-linear interactions among
multiple variables, such as the combined effects of temperature spikes and water stress. As a
result, their predictions may be less accurate compared to modern machine learning models

that can process richer datasets.
Emitations of Traditional Methods

The primary limitation of traditional yield prediction methods lies in their inability to handle
the complexity and variability of modern agricultural systems. They often rely on a small
number of variables, assume stable environmental conditions, and cannot quickly adapt to
sudden changes like extreme weather events or pest outbreaks. Moreover, these methods
typically provide predictions at fixed intervals, such as pre-harvest surveys, rather than offering
continuous updates throughout the growing season. In a context where climate unpredictability
is increasing and agricultural markets demand timely information; traditional methods alone
are insufficient. The shift toward automated, data-driven models addresses these gaps by

enabling real-time, high-resolution, and adaptive forecasting.

Automation in Crop Yield Prediction

Automation has transformed crop yield prediction by integrating advanced technologies such
as remote sensing, machine learning, deep learning, and hybrid models. These technologies
allow for continuous, real-time monitoring and processing of vast amounts of data, leading to
more accurate and adaptive forecasting. Below, we delve into key methods and tools that are

driving this transformation in crop yield prediction.
Eemote Sensing Integration

Remote sensing has revolutionized crop yield prediction by enabling large-scale, continuous
monitoring of crop growth and health. Through the use of satellite imagery, unmanned aerial
vehicles (UAVs), and ground-based sensors, key vegetation indices such as the Normalized

Difference Vegetation Index (NDVI) and Enhanced Vegetation Index (EVI) can be calculated
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to assess canopy cover, chlorophyll content, and biomass accumulation (Nguyen et al., 2022).
These indices provide early indicators of crop stress caused by drought, nutrient deficiency, or
pest damage. Remote sensing data can be collected at regular intervals, allowing models to
capture temporal growth patterns that are critical for accurate forecasting. The integration of
remote sensing into automated systems also facilitates regional and national-scale predictions
without the need for extensive on-the-ground surveys, significantly reducing costs and time

requirements.
ﬁachine Learning for Multivariate Data

Machine learning (ML) models, including Random Forest, XGBoost, and Gradient Boosting
Machines, have become central to yield prediction due to their ability to process diverse
datasets containing weather, soil, and management variables. These models excel at capturing
non-linear relationships between variables, making them particularly effective for agricultural
systems where yield is influenced by multiple interacting factors (Gilbert et al., 2023). For
example, Random Forest models can determine the combined effect of temperature, rainfall,
and soil pH on maize yield more accurately than traditional regression models. Machine
learning algorithms also provide feature importance rankings, which help farmers and
policymakers identify the most influential factors affecting yield in each season. This
interpretability supports targeted interventions, such as optimizing fertilizer use or adjusting

planting dates.

Model Building and Evaluation

Multiple machine learning models are trained using the same prepared dataset so their
performance can be evaluated fairly. The goal is to identify the most suitable model for
deployment based on prediction accuracy and reliability, instead of choosing a model based

only on popularity.

Model Building Pipeline

The model building pipeline follows a structured workflow:
1) Load the processed dataset

2) Split the dataset into training and testing sets

3) Train selected models using the training set
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4) Evaluate predictions using standard regression metrics.

This pipeline ensures each model is trained under the same conditions and the evaluation results

can be compared directly to support final model selection.

Results and Discussion
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Fig I: Chart for Model Comparison

The MAE chart shows XGBoost has the lowest MAE while CatBoost is very close, and
Random Forest is the highest. The RMSE chart shows CatBoost has the lowest RMSE,
followed by XGBoost and DNN or MLP, with Random Forest highest. The R2 chart shows
CatBoost is the highest, then XGBoost, then DNN or MLP, and Random Forest last. The
WMAPE chart shows Random Forest has a much lower WMAPE than the other three models,
while XGBoost, DNN or MLP, and CatBoost are clustered around similar higher WMAPE

values.
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Model MAE RMSE R2 WMAPE
Random Forest | 2.9428 4.5992 0.9677 50.4813
XGBoost 2.3994 39173 0.9766 66.6770
MLP 2.5444 3.9978 0.9756 67.7105
CatBoost 2.4266 3.8742 0.9771 66.9764

Table 1 Model Comparison Table

Based on Table 5, all four trained models (Random Forest, XGBoost, MLP, and CatBoost)
demonstrate strong predictive capability, with high R? values above 0.96, showing that the
selected features are effective for explaining yield variation. However, differences in error
metrics indicate that some models are more reliable than others for deployment. Random Forest
produces the weakest results overall, with the highest MAE (2.9428) and RMSE (4.5992),
meaning it makes larger average prediction errors. XGBoost and MLP improve the
performance substantially, with lower MAE/RMSE and higher R?, but CatBoost provides the
best overall balance, achieving the highest R? (0.9771) and the lowest RMSE (3.8742), which
is important because RMSE penalizes large mistakes more heavily and better reflects
prediction stability in real decision-making. Therefore, after comparing the models, CatBoost
is selected as the final model to be used in the system, and it is exported and saved as
best_crop_yield_model.cbm so the platform consistently applies the best-performing trained

model during vield prediction.

Comparison with Similar Works

Source Data Scope Model Deployment Performance

Proposed Smart | Integrated crop | CatBoost Web-based Test: MAE

Crop Manager |+ weather + | (tuned) decision support | 2.4266, RMSE
soil-related 3.8742, R?
features 0.9771

Kalmani et al., | Wheat + multi- | DNN / MLP PC/Workstation; EZ 0912, RMSE

2024 factor features; portal 146.2 kg/ha,
intended for integration MAE 112.5
institutional kg/ha

decision support
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Lu et al., 2024 Field yield | CNN-LSTM- GPU  training; ﬁaize: R? 0.80,
(2014-2020) + | Attention cloud/edge RMSE 375
Sentinel-2 intention kg/ha, MAPE
indices + 4.21% (Rice
ECMWF 0.76, Soybean
weather 0.78)

_gshfaq et al., | Wheat across | Multi-phase PC/Workstation | RMSE  0.128

2025 growth  stages | stage-wise which t/ha, R 0.905
(2017-2022) + | model portable to
climate + soil advisory apps
nutrients

Table 2 Similar Work Comparison

Across the selected works, performance is commonly reported using R* and error metrics, but
direct comparison of RMSE/MAE across papers is naturally limited because units and yield
ranges differ by crop, region, and dataset scale (e.g., kg/ha vs t/ha). For that reason, the most
interpretable high-level comparison is that the proposed system’s tuned CatBoost model
reports R? = 0.9771 on the test set, indicating a strong ability to explain variance within the

study’s dataset.

A key technical difference is the optimization strategy. CatBoost in this study was selected
through a structured grid search with 768 combinations x 3 folds and stored as the best-
performing configuration, which strengthens the credibility of the final model choice compared
with using a default configuration. The reported evaluation also shows close
Train/Validation/Test metrics, supporting the claim that the selected model generalizes well

within the dataset split rather than only fitting training data.

Conclusion

In conclusion, the project manages to provide a complete end-to-end Smart Crop Manager
decision-support system enabling the relationship of data inputs, yield prediction, scenario
comparison, and an Al explanation layer into a single workflow. Technically, the model
analysis indicates that CatBoost had the greatest generalization of the models that were tested

with XGBoost and the MLP following it very closely with slightly lower Test R. This facilitates
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the research objective of the project to compare models and choose an ultimate approach not

on presumption but on evidence.
Limitations

The greatest weakness is data representativeness and external validity. Even though the data
set after the filtering is large and balanced, it is a Kaggle-based dataset and, therefore, may not
represent the actual variability of Malaysian farms, microclimates, and soil lab accuracy and
real management practices. This implies that the high R2 result is just an evidence that it will

perform in other regions, seasons, or in introduced farming conditions, but not in Malaysia.

There were also limitations exist in the input quality of the real world and weather realism. It
is based on an external weather API to get historical conditions and falls on a seasonal fallback
when dates are ahead of time or an API retrieve failure, resulting in averages that are, at farm
scale, reasonable but not local. This creates a question mark in predictions, particularly in
decision making with the slightest variation in yield altering the recommendation of the best
date to pick. Besides this, the optimization method samples combinations within discrete
ranges though grid search, thus the best possible recommendation is limited in discrete

candidate values as opposed to the optimal continuous values.
Future Enhancements

First, enhance real-world validity through the addition of local/field-aligned datasets and the
enhancement of the data pipeline. Build on Kaggle, incorporating farm-record data, Malaysian
weather station feeds and optional IoT inputs like soil moisture, rainfall gauges so that the
model trains on conditions more relevant to the desired context. Such additional measures as
periodic retraining and drift monitoring can be also applied, as the current dataset changes

through 2014-2023 and weather patterns may change over time.

Second, improve quality of decision support through explainability and uncertainty, not just
predictions. CatBoost is robust, however, users must have reasons and confidence levels,
SHAP-based explanations and uncertainty represent the best addition to reducing over-trust
and allow farmers to make the decision on when to take advice (Gilbert & Hwei, 2026). As
your system already does structured feature ordering and scenario outputs it is well placed to

add explanations consistently at the inference time.

Third, enhance readiness of the system by deploying it and increasing its usage. One of the

options to consider is hybrid deployment or deploying into cloud to ensure that the tool would
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be supporting multiple users, farmer organizations, and extension officers and still retain
control over privacy. Simultaneously, increase the number of stakeholders involved in UAT
and transform feedback into quantifiable usability KPIs like task completion time, error rate,
perceived trust. Provided that the project is framed with SDG 2: Zero Hunger, also suggest
monitoring outcome-oriented measures like the decrease in cases of late planting, better
targeting of fertilizers and decrease in the cases of crop-loss in order to have contribution to be

demonstrated outside of the model performance.
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