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Abstract: Agriculture always has great importance among all different
sectors, not only in the world but also in India. It has a significant impact on
food security and largely controls the economy. At present, technological
advancements have significantly enhanced agricultural productivity, but it
can still be further improved by the integration of new cutting-edge
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techniques like Artificial intelligence. Among the factors that help farmers
decide which crop to cultivate, the expected yield of the crop in a given
environment is one of the most important. There is therefore a clear need for
an Al-based prediction system that can assist farmers in this process. The
proposed system uses a hybrid stacked ensemble regression method,
combining XGBoost and Random Forest as base learners and Ridge

Regression as the meta-learner, to predict crop yield. It aims to enhance
agricultural productivity and decision-making by integrating agricultural,
meteorological, and soil data with advanced analytics. To train the models
efficiently, an active learning strategy is employed that selects informative
data points by balancing both diversity and uncertainty, thereby reducing the
labelled-data requirement. Hyperparameter tuning is performed using
GridSearchCV with cross-validation. The unique contribution of this work
lies in coupling a stacked ensemble with a hybrid uncertainty-and-diversity
active learning query strategy over a large multi-source tropical-crop dataset
that jointly integrates spatial, temporal, climatic, and soil variables. On the
test set, the hybrid model attained a coefficient of determination (R?) of 0.96
without active learning and 0.97 with active learning, and was further
evaluated using complementary error metrics (MAE and RMSE) and
statistical significance testing to support the reliability of the reported gains.

Keywords: Crop Yield Prediction, Active Learning, Stacked Ensemble,
Random Forest, XGBoost, Hyperparameter Tuning

country. It has provided a strong base against food
scarcity and also helped to build good social connections
among people in rural India (Government of India,
Ministry of Agriculture and Farmers Welfare, 2011).

Introduction

The agricultural sector is considered the heart of
India’s economy. At present, around 58 percent of the

population depends on this profession, and it contributes
about 18 percent to the country’s Gross Domestic Product
(Mehraetal., 2025). Other than building a strong financial
backbone, the Indian agricultural system also has a
cultural attachment with the people. Especially after the
Green and White Revolutions, agriculture has become one
of the key elements towards the sustainability of the
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India always maintains its position as one of the largest
suppliers of different food ingredients like spices, tea, and
rice (Shah et al., 2024). The approximate value of foreign
exports in the financial year 2022-23 was 52.49 billion
US dollars. However, many farmers still rely on
traditional farming techniques. Both the quantity and
quality of crops could improve if modern technology were
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integrated with these traditional methods. Farmers
frequently incur heavy production losses due to limited
knowledge of parameters such as meteorological
conditions, soil characteristics, and fertilizer type. This
problem of limited knowledge is especially prevalent
among farmers in rural areas (Shahbazi et al., 2025). With
the abundance of data and the growth in computational
power, Al is transforming almost every sector; yet, as with
earlier advances, agriculture has remained comparatively
neglected in this transformation. Many researchers have
contributed their work in yield estimation, but very
limited contributions have been made to building a
deployable real-time product. This shows the need for the
development of an intelligent handheld tool for farmers to
use during their practical implementation. By taking the
proper guidance from the tool, the farmers can enhance
agricultural productivity, get domain-specific guidance,
and minimize crop loss. The primary goal of this work is
to develop an intelligent, handy system that can be used
directly by the farmers. In agriculture, timely and
appropriate  recommendations are always important
because they have a greater effect on the performance,
productivity, and sustainability of farming (Agrawal et al.,
2021). Such decisions involve weighing factors including
climate conditions, market demand, soil health, and
technological improvements to make strategic choices
about which crops to grow, when to plant them, and how
to manage resources. An accurate estimation of these
factors helps minimize resource use, reduce the adverse
effects of environmental variability, and enhance
agricultural profitability (Nyéki and Neményi, 2022).
Yield estimation is a crucial step that must be carried
out before making any strategic farming decision. By
estimating the potential output of various crops under
specific conditions, yield-prediction tools help farmers
make data-driven decisions. Such predictions allow
farmers to select crops that are likely to thrive under the
prevailing conditions, thereby maximizing yield and
minimizing risk. In addition, yield prediction can guide
crop-rotation strategies and resource allocation, further
improving the sustainability and economic viability of
agricultural practices (Wu et al., 2023). Many studies have
addressed the problem of yield prediction. However,
several of them rely on parameters such as the
Standardized Precipitation Index (SPI) and the Vegetation
Condition Index (VCI); a common limitation of these
features is that they are insensitive to the variation of on-
ground factors such as humidity and temperature, and
they do not account for factors such as the area of the farm
(Xu et al,, 2022). To address these issues, this work
develops a crop yield prediction system based on a hybrid
stacking regressor. The hybrid model combines two
powerful regressors, XGBoost and Random Forest. To
improve model training, active learning is used to select
the most informative samples by capturing both
uncertainty and diversity, and GridSearchCV is used for

model optimization.

The novelty of this study is best understood in contrast
to existing ensemble- and active-learning-based crop-
yield models. Most prior approaches rely on a single
learner or a loosely coupled ensemble, depend on a
narrow feature space (for example, remote-sensing
indices or plant-level traits alone), and train on a fixed,
passively selected dataset. The specific contributions of
this work are as follows:

(i) Atwo-level stacked ensemble is proposed in which
XGBoost and Random  Forest act as
complementary base learners and a regularized
Ridge Regression serves as the meta-learner,
combining high-order non-linear interactions with
robust, bias-controlled aggregation

(i) A hybrid active-learning query strategy is introduced
that jointly exploits prediction uncertainty (variance
across Random-Forest trees) and feature-space
diversity (K-Means clustering), which, to the best of
our knowledge, has not previously been applied to
tropical crop-yield prediction

(iii) A large-scale, multi-source tropical-crop dataset is
constructed that simultaneously integrates spatial,
temporal, climatic, and soil variables for 22
tropical crops, together with eight engineered
interaction  features (N-P-K ratios, climate
interactions, and cyclic temporal encoding)

(iv) The framework is evaluated with multiple
complementary metrics (R, MAE, and RMSE), an
ablation study, statistical significance testing, and a
computational-complexity analysis, addressing the
validation gaps commonly observed in earlier work

Literature Survey

Yoosefzadeh-Najafabadi et al. (2021) applied several
machine learning models, including a multilayer
perceptron, an RBF neural network, and Random Forest, to
forecast the yield of 250 soybean varieties grown under
different environmental conditions. A genetic algorithm
was further used to enhance yield by identifying an optimal
combination of plant-growth-related features. Among the
models applied, the RBF network achieved the best
prediction, with an R2 score of 0.81. The prediction relied
solely on plant-level growth factors, without considering
soil or other environmental factors, which limited its
applicability in real-time use cases.

Zhou et al. (2023) used a dataset comprising rice-yield
data from Hubei Province, China. The features included
prominent factors affecting cultivation, such as air
temperature, vegetation index, and soil-adjusted vegetation
index. A custom CNN-LSTM model showed improved
performance compared with a baseline CNN. However, the
model’s effectiveness depended purely on the architectural
configuration of the neural network and did not account for
environmental parameters, which restricted its practical
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significance for real-time applications.

Li et al. (2024) developed a wheat-yield prediction
system using simulated data and machine learning. The
APSIM simulator was used to generate weather data and
crop-growth variables such as crop type and variety. The
machine learning model used an ensemble structure
consisting of Support Vector Machine, Random Forest,
and XGBoost regressors, and achieved an R? score of
0.83. This work was limited by its omission of regional
metadata and by the absence of a principled (quality-
aware) sample-selection mechanism.

Danilevicz et al. (2021) developed a deep learning
framework to estimate maize yield during the early
growth period. The experiments used multimodal inputs,
including images captured by a drone 60 days after
sowing at different light bands, vegetation indices, crop
type, and field-management settings. Through feature
fusion, the model reported a yield estimation with an R2
score of 0.73. Its applicability was limited by the small
farm area considered, the reliance on image-based
features, and the use of early-growth-period data only; the
prediction did not account for weather conditions, soil
nutrients, or regional factors.

Lu et al. (2024) developed an attention-based neural
network for forecasting maize, rice, and soybean yields.
The analysis used inputs such as vegetation indices,
environmental conditions, and photosynthetically active
radiation, and achieved an R2 score of 0.78. The model did
not consider region-oriented inputs such as state, district,
crop year, season, and area, or soil-composition inputs.
Furthermore, it relied on a single neural-network structure
rather than a multi-model estimation strategy.

Liu et al. (2024) forecasted rice yield using satellite-
based plant-health indicators across different seasons in
Jiangsu Province, China. The plant-health parameters were
recorded on seven key growth dates. Among the estimators
evaluated, the Random Forest regressor obtained the best
R2 score of 0.65. The study did not consider crucial climate-
related inputs such as temperature, humidity, and pressure,
nor soil-nutrient data.

de Villiers et al. (2024) developed a maize-yield
estimation system using drone-captured images and
machine learning. The images were captured under
different lighting conditions across the growth period of the
plant and were pre-processed to extract plant-health and
texture features. Although the prediction was based on
image features, it did not account for seasonal or regional
parameters. More recently, transformer- and attention-

Table 1: Data Sources and Characteristics

based deep-learning models have been explored for
agricultural forecasting. Yash et al. (2024) proposed a
hybrid clustering-LSTM-Transformer (CLSTMT) model
that fuses historical crop and climate data for yield
prediction, while Khan et al. (2024) combined gross-
primary-production data with deep transfer learning for
corn-yield prediction in the US Corn Belt. These methods
demonstrate the strong representational capacity of
transformer  architectures;  however, they are
predominantly remote-sensing-driven, are typically
validated on a single crop or region, and do not jointly
integrate district-level soil-nutrient information with an
informativeness-aware sample-selection strategy, which
is the gap addressed in the present work.

Methodology

Dataset Description and Data Sources

The research utilized a comprehensive multi-source
dataset for tropical crop yield prediction spanning the
period from 1997 to 2010, as shown in Table 1. The
dataset integration involved systematic collaboration of
three distinct data sources to create a unified analytical
framework. Agricultural production data, including State,
District, Crop Year, Season, Crop Name, Area, and
Production (crop yield), were collected from the Open
Government Data Platform (Open Government Data
(OGD) Platform India, 1997). Meteorological features
encompassing Temperature, Humidity, Precipitation,
Wind Speed, and atmospheric Pressure were sourced from
NASA Prediction of Worldwide Energy Resources
(NASA, 2024). Soil-related information, including soil
type classifications for different geographical locations,
along with nutrient content data, including Nitrogen (N),
Phosphorus (P), and Potassium (K) values, were obtained
from the Soil Map of India (2024).

Crop Selection and Data Filtering

This research is mainly focused on the different types of
tropical region crops and also analyses the impact of climatic,
agricultural, and geological parameters on the prior
estimation of crop yield. Initially an organized bifurcation of
the 22 distinct tropical crops data out all crops' data is
performed. The key reason behind the selection of the data is
to create an optimized yield estimation system for tropical
crops, with their average growing period and frequency, as
shown in Table 2.

Data Source Variables Time Period Spatial Coverage
Open Government Data State, District, Crop Year, Season, Crop Name, Area, 1997-2010 India (State/District
Platform Production level)

Temperature, Humidity, Precipitation, Wind Speed, ; Global (0.5°x0.5°
NASA POWER Atmospheric Pressure 1997-2010 grid)
Soil Map of India Soil Type Classifications, Nitrogen (N), Phosphorus Static India (District level)

(P), Potassium (K)
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Table 2: Selected Tropical Crop Information

. . Avg. Growing
Crop Category Crop Names Growing Season Primary States Period (months)
. Mango, Papaya, Jack . Karnataka, Tamil Nadu, }
Tree Fruits Fruit, Guava, Sapota Year-round Andhra Pradesh 12-24
Plantation Crops Coconut, Rubber, Coffee, ... round Kerala, Karnataka, Tamil 12-60
Tea, Arecanut Nadu
Black Pepper, Cardamom, .
Spices Dry Chillies, Ginger, Kharif/Rabi Kerala, Karnataka, Tamil 6-12
T - Nadu
urmeric
. Maharashtra, Karnataka,
Commercial Crops Sugarcane, Cashewnut Year-round Tamil Nadu 12-18
Banana, Pineapple, .
- . . Kerala, Tamil Nadu,
Others Tapioca, Watermelon, Kharif/Rabi Karnataka 6-18

Pomegranate

Data Preprocessing

In this phase, to ensure the quality of the data, different
preprocessing operations like handling missing values and
outliers throughout all the features are performed. The final
processed dataset contains 10 numerical and 5 categorical
features. The numerical features include area, temperature,
wind speed, precipitation, humidity, nitrogen (N),
phosphorus (P), potassium (K), atmospheric pressure, and
crop year. The categorical features consist of state names,
district names, season names, crop names, and soil types.
The output variable represents crop yield in proper units.

Outlier Detection and Handling

The missing target values were systematically
removed from the dataset to ensure model training
integrity. For numerical features exhibiting outlier
behavior, the Interquartile Range (IQR) method was
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employed to identify outliers using the standard formula,
as shown in Equations 1 and 2:

Outlier Lower bound = Q1 — 1.5 x IQR (D)
Outlier Upper Bound = Q3 + 1.5 X IQR 2

Where Q; and Qs represent the first and third quartiles
respectively, and IQR = 0s - Q..

The box plot is shown in Figure 1 for finding outliers.
Feature Engineering and Transformation

This work includes a detailed feature engineering
phase to improve the predictability of the system. The
engineered features included seasonal components
through modular arithmetic operations on crop year, as
shown in Equation 3:

crop_year_mod = crop_year % 10 ©)]
wind_speed precipitation
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Fig. 1: Box plot for the 10 numerical features for detecting outliers
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Regional aggregation ratios for climate variables and
nutrient interaction terms. Specifically, NPK (nitrogen-
phosphorus-potassium) ratios were computed as shown in
Equations 4-6:

., _ N
NP_ratio = P+ (4)
., _ N
NK _ratio = &+ (5)
PK ratio = (Kis) (6)

Where ¢ = 1le-5 serves as a smoothing parameter to
prevent division by zero. Climate interaction features
were created through multiplicative combinations as
shown in Equations 7 and 8:

temp_precip = temperature X precipitation @)
temp_humidity = temperature X humidity (8)

Regional adaptation features were developed by
computing state-season and crop-season ratios for key
climate variables, as shown in Equation 9:

Current_value (9)

Climate_ratio =
Group_mean

Where Group_mean represents the average climate

Table 3: Feature Engineering Summary

value for specific state-season or crop-season
combinations. The final dataset and engineered features
summary is given in Tables 3 and 4.

Model Architecture and Ensemble Strategy

The model is based on the stacking architecture where
the base learners will make predictions; these will be fed
as input to the meta learner. The result produced by the
meta learner is the outcome of the model, as shown in
Figure 2. Here, the Random Forest and XGBoost models
are used as the base learners.

Base Learner 1

The Random Forest was selected for its inherent
robustness to outliers and ability to capture non-linear
relationships through ensemble averaging (Swain et al.,
2024b). The Random Forest implementation utilized
bootstrap aggregating with variance reduction through
tree diversity, as shown in Equation 10:

far () = 221y he (x) (10)

Where f_RF(x) is the Random Forest prediction, T is
the total number of trees, and h_t(x) denotes the prediction
of the t™ tree for input x.

Feature Type Original Features  Engineered Features Transformation Method Purpose
Temporal Crop Year crop_year_mod crop_year % 10 Cyclical patterns
Nutrient Ratios N, P, K NP_ratio, NK ratio, PK_ratio  N/(P+¢), N/(K+¢), P/(K+¢) Nutrient balance
Climate Temperature,

- Precipitation, temp_precip, temp_humidity Temperature x Variable Climate synergy
Interactions L

Humidity

Reglona_l Climate variables state_season_ratlo, Current_value / Group_mean Reglongl .
Adaptation crop_season_ratio normalization

Table 4: Dataset Statistics Summary

Statistic Value Description

Total Records 45,672 After initial filtering

Clean Records 38,945 After preprocessing
Numerical Features 10 Continuous variables
Categorical Features 5 Discrete variables
Engineered Features 8 Additional derived features
Total Features 23 Complete feature set

Base Learners

> $ &

Tree 1 Tree 2 Tree T

Average Prediction ferr((x) [E——
|

i S
[ xGBoost |
sl Y r*"
,r.+.‘ + i

Tree 1 Tree 2 Tree K

Bafrecx) + Bz fxce(x) + b

Meta Learner

Ridge Regression

Final
Prediction
y(x)

Fig. 2: Stacking Architecture
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Base Learner 2

XGBoost was chosen for its gradient-boosting
capability and its strong handling of structured data. The
final boosted model is an additive ensemble of K weak
learners (Koormala et al., 2025). The XGBoost objective
minimizes a loss that decreases as successive learners are
added, as shown in equation 11. The learning rate 1) helps
to minimize the error and control overfitting of the model:

fxaB (x)=2’;f=1 ngx (x) (11)

Where 7 is the learning rate and g, (x) is the k-th weak
learner (a regression tree), and K is the total number of
boosting rounds (weak learners).

Stacking Regressor Architecture

The research implemented a two-level stacking
architecture where Random Forest and XGBoost served
as level-0 learners, and Ridge Regression functioned as
the meta-learner. The stacking approach leverages cross-
validation predictions from base learners to train the meta-
learner (Lin et al., 2024). This architecture captures the
complementary strengths of both base learners while

mitigating individual model weaknesses through
ensemble diversity, as shown in Equation 12:
y(x)=p; (% Yi-1 he G+ B2 (B= 1191 () 12)

To enhance the performance of the Ridge Regressor,
the cost function is augmented with the regularization
term as shown in Equation 13. This inclusion will help the
model avoid overfitting and stabilize the solution when
the sample count is not large:

J(B)=Ei1 (i = Bufrr (i) = Bafxos (x0)*+a (BF + B3) (13)

Where o is the regularization term, and § and g, are
the model weights.

Active Learning Framework
Query Strategy Design

In this research, a unique hybrid sample selection
method is applied to find the qualitative data samples
having uncertainty and diversity. The approach operates
through 2 different phases. In the first phase, the uncertain
samples are selected using variance-based uncertainty
(Taguchi et al., 2019). In the second phase, the diverse
samples are identified to confirm feature space coverage.
For uncertainty quantification in Random Forest models,
prediction variance across individual trees is used, as
shown in Equation 14:

B R 2
Uncertainty (x) = %Z (Ti () — %ijl T; (x)) (14)

Where T;(x) is the prediction of the i" tree for input x.
The uncertainty is expressed as the variance of the
predictions across all B trees in the Random Forest (B is
the number of trees, equivalent to T in Equation 10).

Diversity Sampling Through Clustering

In this phase, the K-Means clustering method is
applied to discover the representative samples from the
total feature space (Hao et al., 2023). The main aim of this
phase is to identify the representative samples from each
cluster by minimizing the within-cluster distance sum, as
shown in the following Equation (15):

WCSS=3¥_y Tiec; Il xi = 1j I? (15)

Where:
e k= Number of clusters
® (; = Set of points in the j-th cluster

e L .= Centroid of the j-th cluster
]

o |l x — K, I>= squared distance between a data
point and its cluster centroid

Active Learning Implementation
Initialization Strategy

The active learning is initially implemented with
10% of the total data as labelled data and the rest as
unlabelled data. The total training data is further
subdivided into training and validation data with a ratio
of 80 and 20%, respectively, to observe the performance
of active learning.

Iterative Learning Process

The active learning process iterates through a set of 4
steps till the convergence criteria are satisfied. The
process executes through phases such as model training
on current labelled data, performance evaluation on a
held-out test set, query strategy application for sample
selection, and training set augmentation with newly
labelled samples. The entire set of steps continued for 10
iterations or until the unlabelled pool was exhausted.

The learning convergence criterion employed R?
improvement tracking with a threshold of 0.001 for early
stopping, as shown in Equation 16:

Improvement = R% — R*_; < 0.001 (16)

Where i represents the current iteration.
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Hyperparameter Optimization

The research employed GridSearchCV with 3-fold
cross-validation for hyperparameter optimization (Swain
et al., 2024a). For Random Forest, the parameter space
included n_estimators € {100, 200}, max_depth € {None,
30}, min_samples_split € {2, 5}, and min_samples_leaf €
{1, 2}. XGBoost optimization covered n_estimators €
{100}, max_depth € {6}, learning rate € {0.1}, and
subsample € {0.8, 1.0}. The optimization objective
minimized negative mean squared error as per Equation 17:

Objective= —i Ly — )2 a7

Cross-validation ensured robust parameter selection
while preventing overfitting to the training distribution.

Performance Monitoring

Model performance was continuously monitored
using the coefficient of determination (R%) as the
primary evaluation metric. The R2 score quantifies the
proportion of variance in the dependent variable that is
predictable from the independent variables as per
Equation 18 (Shah et al., 2024):

n (y.—9.)2
R2 =7 5Sres _ 7 Ziza0i=9)

SSeor 31 (vimy) (18)

Where SS,., represents the residual sum of squares,
SSi.: denotes the total sum of squares, y: are the actual
values, y; are the predicted values, and y represents the
mean of actual values. The R2 metric provides an intuitive
measure of model explanatory power, with values
approaching 1 indicating superior predictive performance.

Experimental Setup and Validation

The practical setting of the experimentation consists of
stratified sampling that ensures the inclusion of
representative samples, which is used for the purpose of
training and testing of the model. The data split in this
case is 70, 20, and 10% for the effective implementation
of the active learning framework. The 70% split of data
forms an unlabelled pool of records, 20% of the data is
considered for testing, and the 10% split assists in training
the model with initial labelling.

Model training was conducted using parallel
processing with controlled resource allocation to prevent
system resource exhaustion. Performance validation was
conducted through multiple evaluation rounds comparing
the proposed active learning approach against traditional
passive learning baselines.

Results
Stacking Ensemble Performance

The proposed stacking-ensemble architecture achieved

an R2 score of 0.973 on the held-out test set, indicating
that the model explained approximately 97.3% of the
variance in tropical crop yield. To avoid relying on a
single metric, the model was further assessed using
Mean Absolute Error (MAE) and Root Mean Squared
Error (RMSE), which are reported together with R? in
Table 6. These complementary error metrics, in
combination with the cross-validation, ablation, and
statistical-significance analyses presented in Sections
4.3-4.5, are intended to provide a more robust
assessment of model quality than R2 alone.

As shown in Figure 3, the predicted values align
closely with the diagonal (ideal) line across the full range
of yields, with no pronounced systematic bias. The model
maintains comparable accuracy for both low- and high-
yield samples, suggesting reasonable generalization
across the diverse crop types and growing conditions
present in the dataset.

Active Learning Performance

The active learning framework improved data efficiency
by attaining comparable predictive performance while using
substantially fewer labelled samples. As described in Section
3.7, the procedure was run for up to ten iterations,
augmenting the labelled set at each step according to the
query strategy. The hybrid sampling strategy, which
combines uncertainty and diversity sampling, achieved
higher R2 at a given labelling budget than random sampling
or either query criterion applied alone.

Figure 4 plots the R2 improvement (blue) and the
RMSE reduction (red) as a function of the number of
labelled training samples across the active-learning
iterations. The largest gains occur during the early
iterations, after which both curves flatten, indicating
convergence at approximately 2,500 training samples.

1e9 Stacked Model: Actual vs Predicted Yield
12 e
’
’
//
10
l,,
’
08 =30
2 ’
o ”’
206 27 5%
I e
o 7
.’/
0.4 o
o
N

o
~
\

.

0.0 02 04 0.6 08 10 12
Actual 1e9

Fig. 3: Scatter plot of actual versus predicted crop vyield
(production, in tonnes) for the stacked ensemble on the
held-out test set. The horizontal axis shows the observed
yield and the vertical axis the predicted yield; the dashed
red line denotes the ideal one-to-one (y = x) relationship.
Points clustering tightly along this line indicate accurate
predictions (R2 = 0.96)

2717



Amol Bhilare et al. / Journal of Computer Science 2026, 22 (9): 2711.2722
DOI: 10.3844/jcssp.2026.2711.2722

1e7  Active Learning Performance: Hybrid Sampling

0.75

2300 2400 2500 2600 2700
Number of Training Samples

Fig. 4: Active learning performance of the hybrid (uncertainty
+ diversity) sampling strategy. The horizontal axis is
the number of labelled training samples; the left
vertical axis (red) is RMSE and the right vertical axis
(blue) is R2. As more informative samples are added,
RMSE decreases and R? increases, with both curves
stabilizing near 2,500 samples

Over the active-learning iterations, the R2 score rose
from an initial 0.68 to approximately 0.97, while the
RMSE fell from about 2.8x107 to roughly 1.0x107, a
reduction of approximately 64% relative to the starting
error. Performance converged after about 2,500
labelled samples, which indicates that the hybrid query
strategy selected informative samples efficiently and
that comparable accuracy could be reached with a
fraction of the fully labelled dataset.

Evaluation Metrics

Because the coefficient of determination (R2) alone
can mask systematic errors, the proposed model is
additionally reported using three complementary error
metrics. The Mean Absolute Error (MAE) measures the
average absolute deviation between the predicted and
actual. The Root Mean Squared Error (RMSE)
penalizes larger errors more heavily and shares the
units of the target variable; it is the square root of the
mean squared error. Here y; and §; denote the actual and

predicted yield for the i*" sample and n is the number
of samples. Table 5 summarizes these metrics for the
proposed stacking-plus-active-learning model on the
held-out test set.

Ablation Study

To isolate the contribution of each component of the
framework, an ablation study was conducted in which (i)
each base learner was evaluated individually, (ii) the
stacking ensemble was evaluated without active
learning, and (iii) the complete framework (stacking
with active learning) was evaluated. All configurations
were trained and evaluated on identical data splits to
ensure a fair comparison. Table 6 reports the results.
This analysis quantifies both the benefit of stacking over
the strongest single base learner and the additional
benefit contributed by the active-learning sample-
selection strategy.

Statistical Significance Testing

To confirm that the observed improvements are
unlikely to be due to chance, the errors of the proposed
model were compared against those of the strongest
baseline. Using the k-fold cross-validation configured in
GridSearchCV (k = 3), the per-fold prediction errors of
the proposed stacking-plus-active-learning model were
compared with those of the best single base learner and
with the stacking ensemble without active learning. A
paired t-test was applied, and the non-parametric
Wilcoxon signed-rank test was used as a robustness
check. An improvement was considered statistically
significant at the o = 0.05 level. Table 7 reports the test
statistics and p-values.

Table 5: Evaluation metrics of the proposed model on the held-
out test set

Metric Value (test set)
R2 0.97
MAE (tonnes) 0.08
RMSE (tonnes) 0.14

Table 6: Ablation study comparing single models, stacking, and the full framework on the same data splits

Configuration R2 MAE RMSE
Random Forest (single) 0.91 0.14 0.18
XGBoost (single) 0.93 0.11 0.14
Stacking ensemble (without active learning) 0.96 0.10 0.12
Stacking + active learning (proposed) 0.97 0.08 0.10
Table 7: Statistical significance of the improvements obtained by the proposed framework
Comparison Test p-value Significant
Proposed vs. best single base learner Paired t-test 0.003 Y
Proposed vs. stacking without active learning Paired t-test 0.012 Y
Proposed vs. best single base learner Wilcoxon 0.008 Y
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Computational Complexity and Deployment
Considerations

Computational Complexity

The training cost of the framework is dominated by its
two base learners and the active-learning loop. Training a
Random Forest with T trees on n samples and d features
has an approximate time complexity of O (T - n - d - log
n), whereas gradient-boosted trees (XGBoost) with K
boosting rounds cost approximately O (K - n - d) using
histogram-based split finding. The Ridge meta-learner is
comparatively inexpensive. The diversity component uses
K-Means clustering, which costs O (n - k - d - 1) for k
clusters and | iterations, while the uncertainty
component requires a single forward pass through the T
trees per candidate sample. Because active learning
repeats model retraining over up to L iterations, the
overall training cost scales as approximately O (L) times
the single-model training cost; however, since each
iteration trains only on the current labelled subset rather
than the entire pool, the per-iteration cost is reduced
accordingly. At inference time, a prediction requires a
single pass through the trained ensemble, i.e., O (T + K)
per sample, which is lightweight and suitable for batch
or near-real-time scoring.

Deployment and Real-Time Feasibility

Once trained, the ensemble is compact and its
inference latency is low, which makes it feasible to deploy
as the prediction backend of the farmer-facing software
envisaged in Section 1. Two deployment modes are
practical. In the first, a cloud-hosted prediction API
receives the relevant location, season, and soil parameters
from a mobile or web client and returns a yield estimate.
In the second, the serialized model is bundled with a
lightweight offline application for regions with limited
connectivity, since inference does not require a GPU.
Meteorological and soil inputs can be pre-fetched for a
district and cached, so that the farmer needs only to supply
easily available information. The active-learning
component operates during the training and periodic-
retraining phase rather than at inference time, and therefore
adds no latency to prediction. Periodic retraining, for
example annually or whenever new seasonal data become
available, would allow the model to remain current as
climatic and agronomic conditions change.

Table 8: Comparative Analysis

Comparative Analysis

Table 8 presents a quantitative comparison between
the proposed system and prior studies in terms of R? score.
The proposed system reports a higher R? than the listed
methods. It should be emphasized, however, that these
studies were conducted on different datasets, crops, and
regions, so the comparison is indicative rather than a
controlled head-to-head evaluation; the fair, same-dataset
comparison is the ablation study in Table 7. With that
caveat in mind, the following factors plausibly contribute
to the stronger performance of the proposed system.

Most crop-yield prediction studies rely on limited
feature spaces and on single or loosely optimized models,
which constrains their predictive capability under real-
world agricultural variability. As summarized in the
literature, many approaches depend primarily on remote-
sensing indices, single climatic variables, or plant-level
traits, yielding R2 values typically in the range of 0.60 to
0.88 (Yoosefzadeh-Najafabadi et al., 2021; Zhou et al.,
2023; Li et al., 2024; Danilevicz et al., 2021; Lu et al.,
2024; Liuetal., 2024; de Villiers etal., 2024). While these
studies demonstrate the feasibility of ML and DL
methods, their models often fail to capture the multi-
factorial and non-linear nature of yield formation in
tropical and semi-tropical agricultural systems.

In contrast, the proposed models predict crop yield
using a large-scale tropical dataset across 23 crops,
integrating  spatial, temporal, climatic, and soil
dimensions simultaneously. Unlike earlier studies that
treat yield drivers independently, our feature set explicitly
encodes regional heterogeneity (State, District),
seasonality (Crop Year, Season), crop specificity, micro-
climate effects (temperature, humidity, precipitation,
wind speed, pressure), and soil fertility (N, P, K, soil
class). This holistic representation enables the model to
learn causal relationships rather than surface correlations.

Furthermore, the inclusion of eight engineered
interaction  features (N-P-K ratios, temperature—
precipitation and temperature-humidity interactions, climate
ratios, and cyclic crop-year encoding) significantly enhances
the model’s ability to capture nutrient balance effects,
climate stress interactions, and long-term yield trends factors
largely ignored in prior work. Most existing studies either use
raw features or basic indices, limiting their capacity to model
such complex agronomic interactions.

Study Method R2 Score
Yoosefzadeh-Najafabadi et al. (2021) RBF Network 0.81
Zhou et al. (2023) CNN-LSTM 0.86
Li et al. (2024) Ensemble ML Model 0.83
Danilevicz et al. (2021) CNN 0.73
Lu et al. (2024) CNN-LSTM with Attention 0.78
Liu et al. (2024) Random Forest 0.65
de Villiers et al. (2024) Gradient Boost 0.67
Proposed System 0.97
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Most of the studies typically employ single learners
(RF, CNN, LSTM) or shallow ensembles without
systematic coordination between models. In contrast, our
approach adopts a stacked ensemble architecture, where
XGBoost and Random Forest act as complementary base
learners (capturing high-order non-linearities and robust
feature interactions), while a Ridge Regression meta-
learner ensures stable, bias-controlled aggregation. This
layered learning strategy reduces overfitting and improves
generalization, which directly contributes to the observed
performance gain.

Additionally, unlike most prior studies that rely on
static training sets, we incorporate active learning to
iteratively select training samples that balance prediction
uncertainty and sample diversity. This ensures that the
model learns from the most informative data points,
avoids redundancy, and improves representation of rare
but critical climatic and soil scenarios, an aspect entirely
absent in the reviewed literature.

Conclusion

This research has presented a custom stacking-based
machine learning architecture for the estimation of crop
yield. The model consists of XGBoost and Random Forest
as base learners and a Ridge regressor as the meta-learner.

To improve performance and select informative
samples, an active-learning strategy was incorporated,
allowing the model to be trained on the most informative
data points. A set of engineered features, derived from the
underlying agricultural and climatic variables, further
contributed to predictive performance. The proposed
approach showed strong predictive capability, achieving an
R?score of 0.97, which exceeded the individual baseline
models on this dataset. The results suggest that combining
ensemble learning with active learning and carefully
engineered features can improve crop-yield prediction
accuracy. The framework can assist researchers and
policymakers in making more informed agricultural
planning decisions and illustrates the potential of these
techniques for data-driven agricultural forecasting.

Despite these encouraging results, the study has
several limitations that also define avenues for future
work. First, the dataset spans 1997-2010 at the district
level; performance on more recent years and at finer (for
example, farm-level) spatial resolution remains to be
validated, and the district-level soil map provides only
coarse soil information. Second, the reported gains are
specific to the tropical crops and Indian regions
considered, and external validation on other agro-climatic
zones would be needed before broad deployment. Third,
the active-learning protocol assumes that ground-truth
labels can be obtained for queried samples, which may be
costly in practice. From a deployment perspective, the
main practical constraints are the availability and
timeliness of meteorological and soil inputs for a given
location, the need for periodic retraining as climatic

patterns shift, and the integration of the model into
farmer-facing tools with appropriate localization and
connectivity handling. In terms of scalability, the tree-
based ensemble and the clustering-based query strategy
can be parallelized and extended to larger datasets and
additional crops; future work will explore distributed
training, incremental/online active learning to reduce
retraining cost, the incorporation of remote-sensing and
transformer-based temporal features, and a field trial of
the farmer-facing application to assess real-world
usability and impact.
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