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INTRODUCTION

Agricultural productivity depends heavily on a 

farmer's ability to accurately anticipate crop yield 

under dynamic environmental and soil conditions. 

Traditional yield estimation approaches, such as 

manual field scouting, seasonal soil sampling, and 

historical trend-based regression, fail to capture the 

high-frequency changes in soil parameters that 

significantly influence plant growth. As global 

agriculture faces unprecedented challenges, 

including climate variability, water scarcity, 

nutrient depletion, and land degradation, intelligent 

data-driven models are becoming indispensable for 

sustainable food production. Machine learning (ML) 

and deep learning (DL) provide the mathematical 

foundat ion to  model  complex ,  nonl inear 

interactions among soil nutrients, soil moisture, 

environmental variables, and plant physiological 

p r o c e s s e s .  A  s y s t e m a t i c  r e v i e w  b y  v a n 

Klompenburg et al. [1] highlights that ML 
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approaches outperform conventional statistical 

estimators but are limited by the infrequent nature of 

input data, which is often collected at seasonal or 

monthly intervals. Therefore, the lack of continuous 

real-time soil monitoring remains a major bottleneck 

for high-resolution yield prediction. This gap 

motivates the need for IoT-driven soil sensing 

frameworks that continuously collect parameters 

such as moisture, pH, temperature, electrical 

conductivity (EC), and nitrogen–phosphorus-

potassium (NPK) concentrations.

The diagram in Figure  illustrates the relationship 

between crop-yield prediction factors and deep 

learning technologies. The upper section highlights 

key agronomic components such as crop output 

characteristics, leaf count, and grain production 

metrics used for yield estimation. The lower section 

presents widely used DL architectures—DNN, 

CNN,  RNN,  and BNN—along  wi th  the i r 

applicability to single-crop yield prediction 

research. This visualization emphasizes how deep 

learning models interact with agronomic variables 

to support modern yield forecasting frameworks.

Fig. 1: Conceptual overview of neural architectures: DNN for complex patterns, CNN for 

spatial features, RNN for sequences, and BNN for uncertainty-aware predictions.
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Deep learning has advanced agricultural monitoring 

through high-resolution remote sensing using 

UAVs, multispectral satellites, and hyperspectral 

sensors, enabling detection of crop stress, 

phenology, weeds, and diseases. Hashemi-Beni et al. 

[2] demonstrated that CNNs extract pixel-level 

patterns from UAV imagery more accurately than 

traditional methods. However, remote sensing 

c a n n o t  c a p t u r e  c r i t i c a l  s u b s u r f a c e  s o i l 

propert ies—moisture,  nutr ient  dynamics , 

temperature-driven reactions—which are essential 

for yield prediction and are affected by cloud cover, 

temporal gaps, and daylight. Islam et al. [3] and Lee 

et al. [5] highlight AI's versatility in crop diagnostics 

and multi-task prediction. Yet, soil processes remain 

underexplored; hybrid CNN–LSTM architectures 

are ideal for modeling their spatial and temporal 

dynamics using high-frequency soil-sensor data, 

providing real-time, robust yield forecasts.

Crop yield forecasting using DL has been 

comprehensively analyzed by Wang et al. [4], who 

classified deep learning architectures into categories 

including Transformers, CNNs, RNNs, and 

hybrid combinations. Their review emphasizes 

the importance of high-frequency temporal data 

for improving yield forecasting accuracy. 

Subramaniam et al. [8] further demonstrated that 

dimensionality reduction (DR) techniques 

significantly improve prediction accuracy by 

removing sensor noise and suppressing redundant 

features. Real-time soil sensor data often contain 

fluctuations due to environmental interference, 

device drift, or calibration errors. To address this 

issue, the proposed research integrates DR 

techniques such as Principal Component Analysis 

(PCA) to enhance model efficiency and reduce 

overfitting. Given a sensor data matrix X, the PCA 

transformation is applied as:

Z = W  (X − µ),                  (1)T

where µ is the mean vector of the sensor features and 

W represents the eigenvector matrix corresponding 

to the largest eigenvalues of the covariance matrix. 

This projection retains the highest-variance 

components of the data, improving the training 

stability of deep learning models.

The exponential growth of DL-based agricultural 

research has been validated through bibliometric 

analyses. Zhang et al. [7] showed that crop-

monitoring publications involving DL and sensor 

fusion increased rapidly from 2020 to 2024, shifting 

research focus  from remote-sensing-only 

approaches to integrated IoT-based agricultural 

monitoring. Soil sensors equipped with NPK probes, 

moisture sensors, thermistors, and conductivity 

meters continuously generate multivariate data that 

reflect the real-time status of the root environment. 

Yield formation is influenced by a multidimensional 

set of soil variables, which motivates the use of 

deep neural models capable of approximating 

complex nonlinear functions. The general form of a 

deep learning yield prediction model can be 

expressed as:

yˆ = f (x , x , ..., x ),                   (2)θ 1 2 n

where f  is a parameterized deep neural function and θ

x  rep- resent soil features such as moisture, i

temperature, and nutrient levels. This structure 

enables DL models to learn intricate interactions that 

traditional ML models cannot capture.

Attri et al. [6] reviewed DL techniques used in 

agriculture and emphasized that despite the 

extensive research on image datasets, sensor-driven 

agricultural deep learning remains relatively 

underexplored. Remote-sensing segmentation 

models such as U-Net variants, discussed by Dahiya 

et al. [9], excel in detecting changes in vegetation 

cover, but they cannot measure soil biochemical 

processes. The MDPI Remote Sensing special issue 

(2021–2024) [11] presents numerous DL studies 

focusing on canopy-level monitoring, phenotyping, 

and growth segmentation, yet the majority lack real-

time soil measurements. This persistent gap 

indicates that soil-sensor-based yield prediction 

systems remain an emerging research direction. 

Unlike vegetation indices such as NDVI, EVI, or 

hyperspectral reflectance—which provide surface-

level information—soil sensors offer direct 

measurements of the root-zone environment where 

nutrient uptake, water absorption, and microbial 

interactions occur.
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Recently, transformer-based architectures have been 

applied to agricultural datasets for long-sequence 

forecasting tasks. However, these models require 

substantial computational power and large memory 

resources, making them unsuitable for real-time 

farm deployment. In contrast, CNN–LSTM 

architectures strike a balance between predictive 

accuracy and computational efficiency. The LSTM 

component captures temporal dependencies in the 

soil-sensor time series using the recurrent update 

equation:

                      h  = LSTM (x , h ),               (3)t t t−1

where h  represents the hidden state encoding long-t

term temporal patterns. CNN layers, on the other 

hand, extract local feature correlations across sensor 

modalities, making them suitable for multivariate 

soil data. A large body of literature from 

ScienceDirect, IEEE, and MDPI (2021–2024) 

confirms that CNN–LSTM architectures have been 

successfully applied in domains such as weather 

forecasting, irrigation control, livestock monitoring, 

and biomass estimation. These applications 

further justify the adoption of CNN–LSTM 

architectures in this research for modeling real-time 

soil dynamics.

Deep learning has proven effective in plant disease 

detection using image datasets like Plant Village, 

with models such as ResNet, Efficient Net, and 

Mobile Net achieving high accuracy [3,10]. 

However, soil-driven yield prediction faces 

challenges due to noisy real-world sensor data and 

limited high-quality datasets. This research 

implements preprocessing steps—noise filtering, 

t ime-window sl ic ing,  normal izat ion,  and 

dimensionality reduction—to stabilize training, 

reduce overfitting, and improve generalization for 

long-term forecasting. While federated learning and 

privacy-preserving AI enhance collaborative 

agriculture [12], the proposed framework is 

designed for future adaptation to decentralized 

learning. Although focused on soil sensors, it 

establishes a foundation for multimodal fusion with 

canopy or phenotypic data to improve predictive 

reliability [13].

LITERATURE REVIEW

Recent advances in AI,  ML, and DL have 

transformed crop yield prediction, shifting from 

traditional statistical models to sensor-driven, multi-

source deep learning architectures [1–6]. Classical 

ML models like RF, SVM, and ANN provide 

moderate accuracy but struggle with nonlinear 

soil–plant interactions [1]. CNNs applied to UAV 

multispectral imagery achieve high vegetation 

classification accuracy but miss subsurface insights, 

emphasizing the need for soil sensors [2]. IoT-

enabled DL models allow real-time monitoring, 

improving prediction and disease detection [3]. 

Multi-task and hybrid architectures, including 

CNN–LSTM and Transformer models, capture 

temporal and spatial dependencies, consistently 

outperforming conventional methods [4,5,6]. 

Integrating high-frequency soil, climate, and 

remote-sensing data enhances adaptability, 

accuracy, and practical applicability of modern 

agricultural decision-support systems.

Zhang et al. (2024) [7] performed a bibliometric 

analysis and confirmed a rapid increase in IoT-

integrated agriculture research but also noted 

limited work involving direct soil sensor readings. 

This gap reinforces the necessity of real-time soil 

monitoring systems for precise yield forecasting.

Dimensionality reduction (DR) has also contributed 

significantly to improving DL performance in 

agricultural datasets. Subramaniam et al. (2024) [8] 

reported a 7% accuracy improvement when PCA 

was applied before training LSTM- based models. 

Dahiya et al. (2024) [9] introduced U-Net v5 for crop 

segmentation, showing promising results for spatial 

analysis relevant for modeling soil nutrient 

distribution trends.

Other key contributions include Khosla et al. (2022) 

[10] who used RNN/LSTM models for yield 

prediction based on soil and climate variables (93% 

accuracy), Park et al. (2023) [11] who achieved a 12% 

RMSE improvement using Transformer-based 

maize yield forecasting, and several IoT-driven soil 

monitoring studies validating the feasibility of real-

time deployments.
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A consolidated summary of these major studies is 

presented in Table . The table provides an at-a-

glance comparison of models, datasets, and 

performance metrics used across the most 

influential works between 2020 and 2024. This 

combined analysis clearly shows that hybrid DL 

models, especially those fusing temporal and multi-

parameter soil data, represent the future direction of 

precision agriculture.

The gaps identified across the literature reveal that 

while DL and IoT technologies are widely applied in 

remote sensing and climate-based forecasting, real-

time soil sensor integration remains significantly 

underexplored. Therefore, the present research 

addresses this gap by proposing a hybrid 

LSTM–CNN architecture trained on multi-

parameter soil sensor data (moisture, pH, EC, 

temperature, NPK), enabling real-time and highly 

reliable yield prediction.

Following the comprehensive summary presented 

in Table 1, it is evident that the evolution of deep 

learning architectures for agricultural applications 

has emphasized not only predictive performance 

but also the mathematical rigour underlying model 

evaluation and temporal-spatial data modeling. 

Accuracy, as one of the fundamental metrics, 

measures the proportion of correct predictions over 

the total predictions, and is formally defined as:

where TP represents true positives, TN true 

negatives, FP false positives, and FN false negatives. 

While this metric is straightforward, its limitations 

emerge when datasets are imbalanced, such as when 

healthy crops significantly outnumber diseased 

ones or specific soil nutrient conditions are rare. 

Consequently, the F1-score becomes a crucial 

complementary metric, offering a harmonic mean 

between precision (P ) and recall (R):

In the context of crop disease and yield prediction, 

high F1-scores reported in studies such as Dahiya et 

al. [9] and Islam et al. [3] indicate that models not 

only achieve high overall accuracy but also maintain 

robustness in identifying minority conditions or less 

frequent classes within complex agricultural 

datasets.

Temporal dynamics play a pivotal role in crop yield 

prediction, especially when real-time soil sensors 

provide streams of moisture, pH, electrical 

conduct iv i ty ,  t empera ture ,  and  nutr ien t 

concentrations. LSTM networks, which are variants 

of recurrent neural networks, are particularly suited 

for capturing long-term dependencies in these 

sequences. The internal cell state Ct and hidden state 

ht in LSTM are updated through a sequence of gated 

operations: the forget gate ft, input gate it, and 

output gate ot, expressed mathematically as:

where σ denotes the sigmoid activation, tanh 

the hyperbolic tangent, x  the input vector at time t, t

and ⊙ 

element-wise multiplication. This formulation 

allows LSTMs to selectively retain, update, and 

output relevant information from past time-steps, 

making them particularly effective for soil moisture 

or nutrient-level time-series data, where daily or 

hourly fluctuations have predictive power over 

eventual crop yield.

Hybrid architectures that combine LSTM and CNN 

layers exploit the complementary strengths of 

temporal and spatial feature extraction. CNN 

layers, defined through convolutional operations 

over input matrices, extract local spatial patterns or 

nutrient gradients in soil sensor grids, while the 

LSTM layers capture temporal trends. The 

convolutional operation in one dimension can be 

mathematically described as:
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TABLE I: Summary of Key Deep Learning and Sensor-Based Agriculture Studies (2020–2024)

Author / Year Model / Method
Dataset / Input 
Features

Metric
Accuracy / 
Score

van Klompenburg et al. 
(2020)

RF, SVM, ANN
Historical yield + 
climate data

RMSE
8–12% 
error

Hashemi-Beni et al. 

(2020)

CNN (UAV 

imaging)

Multispectral UAV 

crop images

Classification 

Accuracy
94%

Khosla et al. (2022) RNN / LSTM
Soil + climate 
attributes

Yield 
Accuracy

93%

Park et al. (2023)
Transformer 
architecture

Maize yield + soil + 
weather

RMSE 
Improvement

+12%

Islam et al. (2023) CNN + IoT sensors
Real-time leaf 
images + 

soil/climate sensors

Accuracy 96.7%

Attri et al. (2023)
CNN, LSTM, Auto-

encoders

Image + climate + 

sensor datasets

Accuracy 

(varies)
90–98%

Wang et al. (2024)
CNN–LSTM, 

Transformer

Global yield 

datasets (90+ 
studies)

Prediction 

Accuracy
88%

Lee et al. (2024) Multi-task CNN
Plant Village 
dataset

Disease 
Accuracy

97.2%

Zhang et al. (2024)
Bibliometric 
Analysis

Scopus + Web of 
Science DL datasets

Trend Score –

Subramaniam et al. 

(2024)
PCA + DL models

Regional yield + 

sensor data

Accuracy 

Gain
+7%

Dahiya et al. (2024) U-Net v5
Remote sensing 
(time series)

F1-score 0.91

Proposed Work (2025)
Hybrid LSTM –
CNN + IoT Soil 

Sensors

Moisture, pH, EC, 
Temp., NPK (real -

time)

Prediction 

Accuracy
92.8%

where w  represents the convolution kernel weights, k

x  the input sequence, b the bias term, and K the i+k

kernel size. When applied to multiple sensor 

channels, CNNs learn feature maps that capture 

interdependencies between parameters such as 

moisture and electrical conductivity, which are 

57

IPEM JOURNAL OF COMPUTER APPLICATION & RESEARCH  * VOL. 10, DECEMBER 2025



A consolidated summary of these major studies is 

presented in Table . The table provides an at-a-

glance comparison of models, datasets, and 

performance metrics used across the most 

influential works between 2020 and 2024. This 

combined analysis clearly shows that hybrid DL 

models, especially those fusing temporal and multi-

parameter soil data, represent the future direction of 

precision agriculture.

The gaps identified across the literature reveal that 

while DL and IoT technologies are widely applied in 

remote sensing and climate-based forecasting, real-

time soil sensor integration remains significantly 

underexplored. Therefore, the present research 

addresses this gap by proposing a hybrid 

LSTM–CNN architecture trained on multi-

parameter soil sensor data (moisture, pH, EC, 

temperature, NPK), enabling real-time and highly 
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learning architectures for agricultural applications 
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TABLE I: Summary of Key Deep Learning and Sensor-Based Agriculture Studies (2020–2024)

Author / Year Model / Method
Dataset / Input 
Features

Metric
Accuracy / 
Score

van Klompenburg et al. 
(2020)

RF, SVM, ANN
Historical yield + 
climate data

RMSE
8–12% 
error

Hashemi-Beni et al. 

(2020)

CNN (UAV 

imaging)

Multispectral UAV 

crop images

Classification 

Accuracy
94%

Khosla et al. (2022) RNN / LSTM
Soil + climate 
attributes

Yield 
Accuracy

93%

Park et al. (2023)
Transformer 
architecture

Maize yield + soil + 
weather

RMSE 
Improvement

+12%

Islam et al. (2023) CNN + IoT sensors
Real-time leaf 
images + 

soil/climate sensors

Accuracy 96.7%

Attri et al. (2023)
CNN, LSTM, Auto-

encoders

Image + climate + 

sensor datasets

Accuracy 

(varies)
90–98%

Wang et al. (2024)
CNN–LSTM, 

Transformer

Global yield 

datasets (90+ 
studies)

Prediction 

Accuracy
88%

Lee et al. (2024) Multi-task CNN
Plant Village 
dataset

Disease 
Accuracy

97.2%

Zhang et al. (2024)
Bibliometric 
Analysis

Scopus + Web of 
Science DL datasets

Trend Score –

Subramaniam et al. 

(2024)
PCA + DL models

Regional yield + 

sensor data

Accuracy 

Gain
+7%

Dahiya et al. (2024) U-Net v5
Remote sensing 
(time series)

F1-score 0.91

Proposed Work (2025)
Hybrid LSTM –
CNN + IoT Soil 

Sensors

Moisture, pH, EC, 
Temp., NPK (real -

time)

Prediction 

Accuracy
92.8%

where w  represents the convolution kernel weights, k

x  the input sequence, b the bias term, and K the i+k

kernel size. When applied to multiple sensor 

channels, CNNs learn feature maps that capture 

interdependencies between parameters such as 

moisture and electrical conductivity, which are 
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critical for understanding nutrient uptake dynamics.

In yield prediction research, the integration of 

dimensionality reduction techniques, such as PCA, 

has been shown to improve both the computational 

efficiency and predictive

accuracy of hybrid models. PCA transforms the 
n×moriginal input matrix X ∈ R , where n is the number 

of samples and m the number of features, into a 

lower-dimensional space Z using eigenvectors 

corresponding to the largest eigenvalues:

                     Z = XW,                               (11)

where W is the matrix of principal components. By 

reducing feature redundancy and emphasizing the 

most informative components, PCA allows 

LSTM–CNN models to focus on critical soil 

attributes and temporal changes, mitigating the 

effect of sensor noise or environmental interference.

The literature also highlights the utility of multi-task 

learning, where a single network is trained 

simultaneously on multiple objectives, such as 

disease detection, crop type classification, and yield 

prediction. Mathematically, the overall loss function 

L in such a system can be expressed as a weighted 

sum of task-specific losses:

where T is the number of tasks, L  the loss for task i, i

and α  the corresponding weight reflecting task i

importance. This framework reduces overfitting, 

encourages knowledge sharing among related tasks, 

and enhances the generalization capacity of models, 

which is particularly valuable in heterogeneous 

agricultural datasets where some parameters may be 

sparsely labeled.

Hybrid model performance is commonly evaluated 

using k-fold cross-validation, estimating accuracy 

and F1-score reliability while accounting for spatial 

heterogeneity, reducing field-specific bias in sensor-

based yield prediction studies across diverse crops. 

Furthermore, advanced techniques like attention 

mechanisms have been incorporated to enhance 

temporal feature weighting. In attention-based 

LSTM models, the importance of each time-step t is 

computed as:

where e  represents the alignment score between the t

hidden state h  and the previous state s , and �  is the t t−1 t

normalized attention weight. This allows the model 

to dynamically focus on critical periods, such as peak 

nutrient uptake or drought events, thereby 

enhancing the interpretability and precision of yield 

predictions.

METHODOLOGY

The methodology employed in this study follows 

a structured, multi-stage deep learning pipeline 

designed to predict agricultural crop yield using 

real-time soil sensor data. The overarching 

d e s i g n  i n t e g r a t e s  h a r d w a r e - b a s e d  d a t a 

acquisition, preprocessing, feature engineering, 

model development, evaluation, and deployment. 

Each robust, scalable, and capable of performing 

under dynamic environmental fluctuations. This 

end-to-end framework begins at the field 

level—where sensors continuously record soil 

parameters—and terminates at a fully functional 

deep-learning model that delivers real-time, 

actionable yield predictions to farmers and 

agricultural monitoring systems.

Dataset Description

The dataset comprises continuous soil sensor 

readings captured across multiple agricultural 

cycles. Each record in the dataset corresponds to a 

t i m e s t a m p e d  m e a s u r e m e n t  o f  s o i l  a n d 

environmental parameters influencing crop 

growth. Multiple IoT-enabled probes were used to 

collect the data, ensuring fine- grained temporal 

resolution. Each sensor is calibrated to record high-

frequency measurements, minimizing drift and 

ensuring consistency.

The dataset consists of thousands of time-stamped 

data samples, enabling learning from seasonal 

shifts, soil changes, and weather-driven variations. 

The dataset is sourced from publicly available 

Kaggle repositories and agricultural open- data 

platforms [26]. 
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Data Preprocessing

Preprocessing is essential due to sensor noise, signal 

fluctuations, packet loss, and occasional missing 

readings. The preprocessing pipeline includes:

1)  Missing value imputation

2)  Smoothing and noise reduction

3)  Normalization and standardization

4)  Temporal alignment of multi-sensor streams

1. Missing Value Imputation: To maintain time-series 

continuity, missing data points are estimated via 

linear interpolation:

2.  Noise Reduction: Sensors may generate outliers 

due to environmental disturbances. Gaussian 

smoothing is employed:

3. Normalization: Min–Max normalization ensures 

balanced feature contributions:

 Standardization ensures that features possess 

zero mean and unit variance:

Recurrent Neural Network (RNN): RNNs capture 

temporal dependencies:

Long Short-Term Memory (LSTM): LSTMs avoid 
vanishing gradients through gating mechanisms:

                        f  = σ(W  [h , x ] + b  )t f t−1 t f

Convolutional Neural Network (CNN-1D): NNs extract 
local temporal features:

Y = X * K

Bayesian Neural Network (BNN): BNNs estimate 
uncertainty using posterior distributions:

Model Construction

    The research investigates multiple deep-learning 
architectures to identify the optimal model for 
yield prediction. The following models were 
implemented:

• Dense Neural Network (DNN)

• Convolutional Neural Network (CNN-1D)

• Recurrent Neural Network (RNN)

• Long Short-Term Memory (LSTM)

• Gated Recurrent Unit (GRU)

• Hybrid CNN–LSTM

Dense Neural Network (DNN): DNNs capture 

nonlinear relationships between soil properties and 

yield patterns. Their basic transformation is 

represented as:

x − µ
z =

σ

(l) (l) (l−1) (l)h = f (W h + b )

h  = σ(Wx  + Uh  + b)t t t−1

Model Training

The dataset is divided into 80% training and 20% 

testing sets. Training is performed using the Adam 

optimizer with a learning rate of 0.001. All models 

use:

• Batch size: 32–64

• Epochs: 50–200

• Early stopping

• Dropout (0.2–0.5)

• Batch Normalization

The regression loss used is Mean Squared Error 

(MSE):

Model Evaluation

Model performance is assessed using:
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Data Preprocessing

Preprocessing is essential due to sensor noise, signal 

fluctuations, packet loss, and occasional missing 

readings. The preprocessing pipeline includes:

1)  Missing value imputation

2)  Smoothing and noise reduction

3)  Normalization and standardization

4)  Temporal alignment of multi-sensor streams

1. Missing Value Imputation: To maintain time-series 

continuity, missing data points are estimated via 

linear interpolation:

2.  Noise Reduction: Sensors may generate outliers 

due to environmental disturbances. Gaussian 

smoothing is employed:

3. Normalization: Min–Max normalization ensures 

balanced feature contributions:

 Standardization ensures that features possess 

zero mean and unit variance:

Recurrent Neural Network (RNN): RNNs capture 

temporal dependencies:

Long Short-Term Memory (LSTM): LSTMs avoid 
vanishing gradients through gating mechanisms:

                        f  = σ(W  [h , x ] + b  )t f t−1 t f

Convolutional Neural Network (CNN-1D): NNs extract 
local temporal features:

Y = X * K

Bayesian Neural Network (BNN): BNNs estimate 
uncertainty using posterior distributions:

Model Construction

    The research investigates multiple deep-learning 
architectures to identify the optimal model for 
yield prediction. The following models were 
implemented:

• Dense Neural Network (DNN)

• Convolutional Neural Network (CNN-1D)

• Recurrent Neural Network (RNN)

• Long Short-Term Memory (LSTM)

• Gated Recurrent Unit (GRU)

• Hybrid CNN–LSTM

Dense Neural Network (DNN): DNNs capture 

nonlinear relationships between soil properties and 

yield patterns. Their basic transformation is 

represented as:

x − µ
z =

σ

(l) (l) (l−1) (l)h = f (W h + b )

h  = σ(Wx  + Uh  + b)t t t−1

Model Training

The dataset is divided into 80% training and 20% 

testing sets. Training is performed using the Adam 

optimizer with a learning rate of 0.001. All models 

use:

• Batch size: 32–64

• Epochs: 50–200

• Early stopping

• Dropout (0.2–0.5)

• Batch Normalization

The regression loss used is Mean Squared Error 

(MSE):

Model Evaluation

Model performance is assessed using:
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Fig. 2: Use-Case Diagram of the Proposed Crop Yield 

Prediction System

Fig. 3: Process Flow of the Proposed Deep Learning–Based 

Prediction Framework.

The Use-Case Diagram illustrates the primary 

interaction between the end-user (farmer) and the 

deep learning–based crop yield prediction system. It 

demonstrates how real-time soil sensor data is 

collected either manually or automatically and 

supplied to the prediction framework. The farmer 

acts as the main external actor, initiating data upload 

or allowing IoT-based synchronization. The system 

processes this input, analyses it with the trained 

deep learning model, and generates accurate yield 

predictions. This diagram highlights how the 

proposed framework enhances decision-making, 

irrigation scheduling, and resource optimization 

from the user's perspective (Figure ).

Process Flow Diagram

The Process Flow Diagram provides a complete 

representation of the operational pipeline of the 

proposed system (Figure ). The workflow begins 

with soil parameter acquisition through IoT-enabled 

sensors, capturing moisture, temperature, pH, 

humidity, and nitrogen–phosphorus–potassium 

(NPK) values. The raw data is then preprocessed 

t h r o u g h  n o i s e  f i l t e r i n g ,  n o r m a l i z a t i o n , 

interpolation, and feature scaling. After pre- 

RESULTS

T h e  p e r f o r m a n c e  o f  t h e  p r o p o s e d  d e e p 

learning–based crop yield prediction framework 

was evaluated using real-time soil sensor data. To 

processing, the refined dataset is fed into the deep 

learning module, where architectures such as LSTM, 

CNN, GRU, and hybrid CNN–LSTM are trained. 
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ensure the reliability of the model, the obtained 

results were compared with findings from five 

recent research studies focused on deep learning and 

IoT-based agricultural forecasting. These studies 

primarily employed LSTM, CNN, Random Forest, 

and hybrid neural networks. Compared to these 

models,  our proposed hybrid CNN–LSTM 

architecture achieved the highest  overal l 

performance, recording an accuracy of 99%, 

outperforming the existing models whose 

accuracies ranged between 92% and 98%. This 

significant improvement demonstrates the 

effectiveness of combining temporal feature 

learning (LSTM) with spatial feature extraction 

(CNN), especially in multivariate sensor–based 

environments.

To validate the consistency of predictions, 

confusion-matrix- based metrics such as Accuracy, 

Precision, Recall, and F1- score were computed. The 

following metric definitions were used: 

Where; TP, TN, FP, and FN represent true positive, 

true negative, false positive, and false negative 

values generated from the model's predictions.

Metric Computation Algorithm:

Let the prediction output from the deep learning 

model be represented as:

Y  = f (X)pred θ

where X is the preprocessed sensor matrix and � 

denotes the learned model parameters.

The algorithm for evaluating the model 's 

classification performance is given below:

Algorithm 1 Proposed Metric Computation 
Algorithm

The proposed model outperforms previous 

a p p r o a c h e s  b y  1 – 6 %  d u e  t o  e n h a n c e d 

spatial–temporal feature extraction, preprocessing, 

balanced datasets, and real-time sensors.

ˆ
Require: True labels Y, predicted labels Y

1:  Initialize TP = 0, TN = 0, FP = 0, FN = 0

2:  for each prediction i do
ˆ3: if Y  = 1 and Y = 1 theni i 

4: TP ← TP + 1
ˆ

5: else if Y  = 0 and Y = 0 theni i 

6: TN ← TN + 1
ˆ7: else if Y  = 0 and Y = 1 theni i 

8: FP ← FP + 1

9: else

10: FN ← FN + 1

11: end if

12:  end for

13: Compute Accuracy, Precision, Recall, 

and F1-score using formulas above

 14: return All metrics

Comparison with Existing Research

Table  shows the performance comparison between 

the proposed model and existing studies. The table is 

optimized for two-column formatting.

TABLE III: Comparison of Proposed Model with 

Existing Research.

Research  Model  Accuracy

Study Used (%)

Khan et al. (2022) LSTM 94.7

Verma et al. (2021) CNN 92.4

Patel et al. (2023) RF + IoT 95.1

Sharma et al. (2024) CNN–Bi LSTM 97.8

Proposed Model CNN–LSTM  99.0

 Hybrid

61

IPEM JOURNAL OF COMPUTER APPLICATION & RESEARCH  * VOL. 10, DECEMBER 2025



Fig. 2: Use-Case Diagram of the Proposed Crop Yield 

Prediction System

Fig. 3: Process Flow of the Proposed Deep Learning–Based 

Prediction Framework.

The Use-Case Diagram illustrates the primary 

interaction between the end-user (farmer) and the 

deep learning–based crop yield prediction system. It 

demonstrates how real-time soil sensor data is 

collected either manually or automatically and 

supplied to the prediction framework. The farmer 

acts as the main external actor, initiating data upload 

or allowing IoT-based synchronization. The system 

processes this input, analyses it with the trained 

deep learning model, and generates accurate yield 

predictions. This diagram highlights how the 

proposed framework enhances decision-making, 

irrigation scheduling, and resource optimization 

from the user's perspective (Figure ).

Process Flow Diagram

The Process Flow Diagram provides a complete 

representation of the operational pipeline of the 

proposed system (Figure ). The workflow begins 

with soil parameter acquisition through IoT-enabled 

sensors, capturing moisture, temperature, pH, 

humidity, and nitrogen–phosphorus–potassium 

(NPK) values. The raw data is then preprocessed 

t h r o u g h  n o i s e  f i l t e r i n g ,  n o r m a l i z a t i o n , 

interpolation, and feature scaling. After pre- 

RESULTS

T h e  p e r f o r m a n c e  o f  t h e  p r o p o s e d  d e e p 

learning–based crop yield prediction framework 

was evaluated using real-time soil sensor data. To 

processing, the refined dataset is fed into the deep 

learning module, where architectures such as LSTM, 

CNN, GRU, and hybrid CNN–LSTM are trained. 

DEEP LEARNING-BASED YIELD PREDICTION USING DATA  .....

60

ensure the reliability of the model, the obtained 

results were compared with findings from five 

recent research studies focused on deep learning and 

IoT-based agricultural forecasting. These studies 

primarily employed LSTM, CNN, Random Forest, 

and hybrid neural networks. Compared to these 

models,  our proposed hybrid CNN–LSTM 

architecture achieved the highest  overal l 

performance, recording an accuracy of 99%, 

outperforming the existing models whose 

accuracies ranged between 92% and 98%. This 

significant improvement demonstrates the 

effectiveness of combining temporal feature 

learning (LSTM) with spatial feature extraction 

(CNN), especially in multivariate sensor–based 

environments.

To validate the consistency of predictions, 

confusion-matrix- based metrics such as Accuracy, 

Precision, Recall, and F1- score were computed. The 

following metric definitions were used: 

Where; TP, TN, FP, and FN represent true positive, 

true negative, false positive, and false negative 

values generated from the model's predictions.

Metric Computation Algorithm:

Let the prediction output from the deep learning 

model be represented as:

Y  = f (X)pred θ

where X is the preprocessed sensor matrix and � 

denotes the learned model parameters.

The algorithm for evaluating the model 's 

classification performance is given below:

Algorithm 1 Proposed Metric Computation 
Algorithm

The proposed model outperforms previous 

a p p r o a c h e s  b y  1 – 6 %  d u e  t o  e n h a n c e d 

spatial–temporal feature extraction, preprocessing, 

balanced datasets, and real-time sensors.

ˆ
Require: True labels Y, predicted labels Y

1:  Initialize TP = 0, TN = 0, FP = 0, FN = 0

2:  for each prediction i do
ˆ3: if Y  = 1 and Y = 1 theni i 

4: TP ← TP + 1
ˆ

5: else if Y  = 0 and Y = 0 theni i 

6: TN ← TN + 1
ˆ7: else if Y  = 0 and Y = 1 theni i 

8: FP ← FP + 1

9: else

10: FN ← FN + 1

11: end if

12:  end for

13: Compute Accuracy, Precision, Recall, 

and F1-score using formulas above

 14: return All metrics

Comparison with Existing Research

Table  shows the performance comparison between 

the proposed model and existing studies. The table is 

optimized for two-column formatting.

TABLE III: Comparison of Proposed Model with 

Existing Research.

Research  Model  Accuracy

Study Used (%)

Khan et al. (2022) LSTM 94.7

Verma et al. (2021) CNN 92.4

Patel et al. (2023) RF + IoT 95.1

Sharma et al. (2024) CNN–Bi LSTM 97.8

Proposed Model CNN–LSTM  99.0

 Hybrid

61

IPEM JOURNAL OF COMPUTER APPLICATION & RESEARCH  * VOL. 10, DECEMBER 2025



Graphical Performance Visualization:

Fig. 5: Accuracy Comparison of Different Models

Figure 5 compares LSTM, CNN, RF, GRU, Bi-LSTM, 

and CNN–LSTM models ,  showing hybrid 

CNN–LSTM achieves highest accuracy by 

effectively learning spatial–temporal soil patterns 

from real-time sensor data.

DISCUSSION

This study presents a deep learning-driven crop 

yield prediction system integrating real-time IoT soil 

sensors with neural network architectures, notably 

hybrid CNN–LSTM models. The framework 

processes data through collection, pre-processing, 

feature extraction, model training, and evaluation, 

capturing temporal fluctuations, nonlinear 

interactions, and local soil patterns that traditional 

models often miss. Variations in soil, climate, 

irrigation, and crop types restrict generalization 

across regions, and reliance on soil data alone limits 

holistic prediction, as factors like rainfall, pests, and 

extreme weather remain unaccounted for. Despite 

these constraints, the framework outperforms linear 

or shallow models, providing dynamic, real-time 

insights for irrigation, fertilization, and crop 

management. Future improvements with multi-

factor integration, adaptive learning, stronger IoT 

infrastructure, and regional calibration will enhance 

scalability, accuracy, and the deployability of 

intelligent agricultural support systems.

CONCLUSION

This study presents a deep learning-based crop yield 

prediction framework integrating real-time IoT soil 

sensors, preprocessing pipelines, feature extraction, 

and hybrid CNN–LSTM models .  Key soi l 

parameters—mois ture ,  t emperature ,  pH, 

conductivity, and NPK levels—are processed 

through normalization, noise filtering, and outlier 

removal to ensure clean, consistent data. The CNN 

layers capture spatial relationships of soil features, 

while LSTM layers model temporal dependencies, 

outperforming traditional models such as Support 

Vector Regression, Random Forest, and standalone 

LSTM or GRU. The architecture is modular, 

supported by diagrams, workflows, and dashboards 

for visualization and decision support. Real-time 

predictions guide irrigation, fertilizer use, and crop 

planning, demonstrating the potential of AI-driven 

precision agriculture. Limitations include restricted 

datasets, omission of environmental and biological 

factors, and limited interpretability. Nevertheless, 

this integrated system combining IoT sensing, cloud 

processing, deep learning, and interactive 

visualizations lays a foundation for scalable, 

adaptive, and sustainable crop-yield forecasting, 

advancing smart farming toward more accurate, 

While effective, the system faces challenges, 

including sensor noise, calibration drift, unstable 

connectivity, limited data from small farms, and 

high computational demands. resilient, and data-

informed decision-making.

FUTURE SCOPE

Future crop yield prediction systems will rapidly 

evolve as agriculture integrates digital tools, smart 

sensors, and data-driven decision-making. Beyond 

soil data, models will incorporate multisource 

environmental and biological inputs, including 

climate, crop genetics, canopy health, and 

surrounding ecology, merging satellite, drone, 

spectral, and microclimate data into unified 

multimodal learning systems. These adaptive 

frameworks will operate in real time, updating 

incrementally via online, federated, and distributed 

learning, enabling responsiveness to daily 

fluctuations, diverse regions, and varying farming 

practices. Climate resilience will be central, with 

models integrating extreme weather and long-range 

forecasts to support risk assessment, irrigation 

planning, crop rotation, and stress-tolerant planting. 
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Explainable AI will clarify the drivers behind 

predictions, fostering trust and informed decision-

making. Secure, auditable data pipelines, potentially 

blockchain-backed, will ensure reliable and 

transparent information. By embedding biological 
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Graphical Performance Visualization:

Fig. 5: Accuracy Comparison of Different Models

Figure 5 compares LSTM, CNN, RF, GRU, Bi-LSTM, 

and CNN–LSTM models ,  showing hybrid 

CNN–LSTM achieves highest accuracy by 

effectively learning spatial–temporal soil patterns 

from real-time sensor data.

DISCUSSION

This study presents a deep learning-driven crop 

yield prediction system integrating real-time IoT soil 

sensors with neural network architectures, notably 

hybrid CNN–LSTM models. The framework 

processes data through collection, pre-processing, 

feature extraction, model training, and evaluation, 

capturing temporal fluctuations, nonlinear 

interactions, and local soil patterns that traditional 

models often miss. Variations in soil, climate, 

irrigation, and crop types restrict generalization 

across regions, and reliance on soil data alone limits 

holistic prediction, as factors like rainfall, pests, and 

extreme weather remain unaccounted for. Despite 

these constraints, the framework outperforms linear 

or shallow models, providing dynamic, real-time 

insights for irrigation, fertilization, and crop 

management. Future improvements with multi-

factor integration, adaptive learning, stronger IoT 

infrastructure, and regional calibration will enhance 

scalability, accuracy, and the deployability of 

intelligent agricultural support systems.

CONCLUSION

This study presents a deep learning-based crop yield 

prediction framework integrating real-time IoT soil 

sensors, preprocessing pipelines, feature extraction, 

and hybrid CNN–LSTM models .  Key soi l 

parameters—mois ture ,  t emperature ,  pH, 

conductivity, and NPK levels—are processed 

through normalization, noise filtering, and outlier 

removal to ensure clean, consistent data. The CNN 

layers capture spatial relationships of soil features, 

while LSTM layers model temporal dependencies, 

outperforming traditional models such as Support 

Vector Regression, Random Forest, and standalone 

LSTM or GRU. The architecture is modular, 

supported by diagrams, workflows, and dashboards 

for visualization and decision support. Real-time 

predictions guide irrigation, fertilizer use, and crop 

planning, demonstrating the potential of AI-driven 

precision agriculture. Limitations include restricted 

datasets, omission of environmental and biological 

factors, and limited interpretability. Nevertheless, 

this integrated system combining IoT sensing, cloud 

processing, deep learning, and interactive 

visualizations lays a foundation for scalable, 

adaptive, and sustainable crop-yield forecasting, 

advancing smart farming toward more accurate, 

While effective, the system faces challenges, 

including sensor noise, calibration drift, unstable 

connectivity, limited data from small farms, and 

high computational demands. resilient, and data-

informed decision-making.

FUTURE SCOPE

Future crop yield prediction systems will rapidly 

evolve as agriculture integrates digital tools, smart 

sensors, and data-driven decision-making. Beyond 

soil data, models will incorporate multisource 

environmental and biological inputs, including 

climate, crop genetics, canopy health, and 

surrounding ecology, merging satellite, drone, 

spectral, and microclimate data into unified 

multimodal learning systems. These adaptive 

frameworks will operate in real time, updating 

incrementally via online, federated, and distributed 

learning, enabling responsiveness to daily 

fluctuations, diverse regions, and varying farming 

practices. Climate resilience will be central, with 

models integrating extreme weather and long-range 

forecasts to support risk assessment, irrigation 

planning, crop rotation, and stress-tolerant planting. 
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INTRODUCTION

Online reviews have become a crucial part of 

modern purchasing behaviour, as most consumers 

rely on the experiences and feedback of others before 

making a decision. Positive reviews often increase 

sales and enhance product visibility, whereas 

negative reviews can discourage potential buyers. 

This heavy dependence on user-generated content 

h a s  e n c o u r a g e d  c e r t a i n  i n d i v i d u a l s  a n d 

organizations to engage in “opinion spamming,” 

where reviewers intentionally exaggerate product 

qualities or post misleading objections to influence 

market perception. Detecting such deceptive or 

coordinated reviewers remains a challenging task 

due to their dynamic behaviour and the subtle 

strategies they use to appear authentic[1].

Earlier research on fake review identification largely 

focused on mining frequent item sets or identifying 

tightly connected reviewer groups to detect 

suspicious activity. These approaches, however, 

Abstract

The Extensive growth of e-commerce platforms has increased the prevalence of deceptive and fabricated 

reviews, posing challenges for automated trust assessment and intelligent online systems. Effective detection 

of such reviews requires models that can analyze textual patterns, linguistic cues, and sentiment characteristics 

with high reliability. This study presents a comparative evaluation of classical machine learning 

methods—Support Vector Machines (SVM) and k-Nearest Neighbors (KNN)—and their quantum 

counterparts, Quantum SVM (QSVM) and Quantum KNN (QKNN), for automated fake review detection. 

Unlike earlier works that rely on limited feature sets, this study incorporates comprehensive preprocessing 

and evaluates multiple performance metrics, including accuracy, precision, recall, and F1-score. The findings 

indicate that classical SVM consistently delivers strong and stable performance, while QSVM demonstrates 

modest but meaningful improvements in specific scenarios due to its ability to exploit higher-dimensional 

quantum feature spaces. The results highlight the potential of quantum-enhanced models for future intelligent 

automation systems, while also emphasizing current limitations related to computational overhead and 

scalability. This work contributes to the development of more robust AI-driven mechanisms for enhancing 

trust and reliability in smart e-commerce environments.

Keywords: Sentiment Analysis (SA), Fake Reviews Detection, Quantum Machine Learning (QML), Quantum 

Support Vector Machine (QSVM), Quantum k-nearest Neighbors (QKNN), Classic Machine Learning 

Algorithms, Text Classification, Performance Metrics, Quantum Circuits, Online Shopping Reviews.
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