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= ABSTRACT - This research investigates the optimization of crop recommendation and soil type analysis through a fusion
of cutting-edge deep learning algorithms, encompassing Convolutional Neural Networks (CNNs), Capsule Networks (CapsNets),
Gated Recurrent Units (GRUSs), Long Short-Term Memory (LSTM) networks, and an innovative AdaBoostClassifier integrated
with GRU. Leveraging an extensive dataset collected from 0T sensors measuring critical agricultural parameters such as soil
moisture, temperature, pH levels, and nutrient content, this study explores the intricate relationships between these factors. The
CNN extracts spatial features, CapsNets unravel complex soil patterns, while GRUs and LSTMs capture temporal dynamics and
sequential dependencies within the data. The proposed AdaBoostClassifier coupled with GRU attains a remarkable 99% accuracy
in crop recommendation, showcasing its effectiveness. These deep learning architectures, integrated with 10T sensor data, offer a
robust framework for precision agriculture, empowering farmers with accurate crop suggestions based on soil conditions, thereby
fostering enhanced agricultural productivity and sustainability.
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By employing an extensive dataset obtained from IoT sensors,
our study explores a comprehensive understanding of the
intricate interplay between various agricultural parameters. This
not only advances our knowledge of soil conditions but also
empowers farmers with precise crop suggestions, fostering

1. INT_RODUCTI ON ) ) enhanced agricultural productivity and sustainability.
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sensor data. Leveraging the power of Convolutional Neural oao {
Networks (CNNs), Capsule Networks (CapsNets), Gated
Recurrent Units (GRUSs), Long Short-Term Memory (LSTM)
networks, and an AdaBoostClassifier integrated with GRU, we
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delve into the intricate relationships among critical agricultural % S

parameters measured by 10T sensors. These parameters include L FeRbiREAAlyEE
soil moisture, temperature, pH levels, and nutrient content.This

research aims to harness the potential of these cutting-edge deep Classification with DL Models

learning architectures in the realm of precision agriculture. The

CNN extracts spatial features from the collected data, CapsNets Figure 1. System architecture

unravel complex soil patterns, while GRUs and LSTMs capture
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Figure 1 illustrates the system architecture for an advanced
Precision Agriculture system. 10T sensors deployed in farmland
collect agricultural data, which is stored in a database. After
preprocessing, subsequent feature analysis is performed and the
dataset is divided into training and testing sets for classification
using Deep Learning models. This process optimizes crop
recommendations and soil analysis based on the advanced
sensor data.

In the following sections, we delve into the methodology,
experimentation, and results, providing valuable insights into
the potential of deep learning and loT integration for the future
of precision agriculture. The findings presented herein aim to
contribute significantly to the ongoing discourse on sustainable
farming practices and data-driven decision-making in the
agricultural domain.

2.LITERATURE SURVEY

Precision agriculture has seen substantial advancements
through the integration of deep learning algorithms for soil
classification and crop suggestion. Kaur and Malik (2021)
emphasized the significance of nitrogen (N), phosphorus (P),
and potassium (K) as primary nutrients in soil, proposing a
model utilizing machine learning techniques for estimating
these nutrients' inter-dependency [1].Sun, X et al.,(2021)
addressed soil classification by employing extreme learning
machines and distinct activation functions, leading to enhanced
efficiency in fertilizer usage and environmental preservation

[2].

Madhumathi, R. (2020) introduced a hybrid model combining
support vector regression and the fruit fly optimization
algorithm, demonstrating improved performance in predicting
ski-jump  spillway  scour  geometry.  Madhumathi,
Arumuganathan, and Shruthi (2020) proposed a system
integrating sensors, an Arduino board, and cloud-based data
analysis for soil NPK and moisture analysis, offering
recommendations for fertilizer needs based on real-time soil

Table 1. Literature Review
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data. Additionally, Schwalbert et al. (2020) highlighted the
importance of early crop prediction, focusing on soybean yield
forecasting in Brazilian fields. They compared models like
long-short-term memory neural networks, random forest, and
multivariate regression, favoring the long-short-term memory
neural network for better performance in crop yield prediction
[4]. Bhojani and Bhatt (2020) studied wheat crop yield
prediction, leveraging time-series weather data and various
activation functions in neural networks, proposing the use of
new activation functions for improved accuracy in wheat yield
prediction [5].

Parameswari and Tharani's (2023) research focuses on
predicting crop yields crucial for agricultural economics. Their
hybrid model, combining decision tree, SVM, and RNN
algorithms, aims to aid farmers in anticipating harvests using
soil elements like nitrogen, phosphorus, and potassium. The
study's analysis provides valuable insights for future crop yield
trends, showcasing the potential of advanced machine learning
in enhancing agricultural decision-making [6].

Motwani et al. (2022) propose a crop recommendation system
utilizing Convolutional Neural Network (CNN) and Random
Forest Model. Their study achieves 95.21% accuracy with CNN
and 75% accuracy with the Random Forest Algorithm. This
research demonstrates the potential of machine learning in
assisting farmers to select optimal crops based on diverse
agricultural parameters [7].Dolli et al. (2023) introduce a
comprehensive crop recommendation system utilizing Decision
Tree, Naive Bayes, KNN, Random Forest, and XG-Boost
algorithms to analyze soil data. Their study demonstrates that
machine learning algorithms can effectively predict agricultural
yields and recommend optimal crop management practices [8].
Research Gap: The existing studies in precision agriculture
primarily focus on individual aspects such as soil nutrient
analysis, crop vyield prediction, and nutrient deficiency
detection.

Authors (Year) Research Focus Data Collection Methods/ Algorithms Key Findings
Pandith, V et al. Soil Nutrient Agriculture Departments | KNN, ANN, Naive Predicted mustard crop yield via
(2020) [9] Analysis & Mustard | of Jammu, Talab, and Bayes, RF, soil analysis using various machine
Crop Yield Tillo Multinomial Logistic learning methods.
Prediction Regression
Mupangwa, W et Maize Yield Field data from different | Machine Learning Applied machine learning to predict
al. (2020) [10] Prediction countries in Easternand | Methods maize yield in Eastern and Southern
Southern Africa Africa.
Priyadharshini, A | Crop Rainfall, Temperature, Classification and Used weather data to recommend
et al. (2021) [11] Recommendation Geolocation Regression Algorithms | suitable crops through machine
System learning algorithms.
Shidnal, S. et al. Paddy Crop Nutrient | Paddy crop images CNN, K-means Predicted nutrient deficiency in
(2021) [12] Deficiency Clustering paddy crops using image analysis
Prediction and clustering.
Reshma, S. J. et al. | Soil and Crop Soil parameters from SVM, DT, MLP Classified soil and crops based on
(2022) [13] Classification Kanyakumari, NPK values in Tamil Nadu.
Tirunelvelli, and
Thoothiukudi districts
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Shi, P. etal. (2021) | Nitrogen Estimation | RGB images of rice Regression Algorithms | Estimated nitrogen levels in rice
[14] for Rice Crop canopy (SNR, BPNN, RF) crops using RGB image analysis.
Dharani, M. K. et Crop Yield Not specified Deep Learning (ANN, | Predicted crop yield using various
al. (2021) [15] Prediction DNN, RNN) deep learning algorithms.
Jose et al. (2021) Mineral Deficiency Tomato leaves ANN Used ANN for classifying tomato
[16] Detection in Tomato | examination leaves and detecting mineral
Leaves deficiencies.
Elumalai et al. Soil Classification Not specified onto_mine Framework | Designed a model for consistent soil
(2021) Framework classification support to novice
[17] farmers.
R. Reshma et al. Soil Behavior loT Sensors, Cloud SVM, Decision Tree Analyzed soil characteristics and
(2020) Analysis and Crop Storage recommended crops using SVM and
[18] Recommendation Decision Tree.
Suchithra, M. S. et | Soil Parameter Kerala State soil Extreme Machine Classified soil parameters in Kerala
al. (2020) Classification and classification Learning Algorithm state for controlled fertilizer
[19] Prediction Workflow expenditure.
Bhojani, S. H. et Crop Yield Datasets from three MLP Algorithm with Implemented MLP for forecasting
al. (2020) Forecasting years (1990-1991, Many Kernel crop yield using multiple datasets.
[20] 2015-2016, 2016-2017) | Functions
Sun et al. (2021) Hybrid Model for Not specified Generalized Suggested a hybrid model for power
[21] Power Load Regression Neural load forecasting with improved
Forecasting Networks precision.
However, there is a noticeable gap in research that | Rainfall | Amount of rainfall in the region |
comprehensively integrates cutting-edge deep learning
algorithms for both crop recommendation and soil type N P K temperature humidity ph  rainfall
analysis. Most studies emphasize either crop-related factors or
soil characteristics, but there is a lack of holistic approaches that 90 42 43 20.879744 82009744 6507985 202 935536
simultaneously optimize both aspects.
Solution: This research proposes a novel solution by integrating 6 98 41 21770462 80.313644  7.038096 226605537
advanced deep learning algorithms such as CNNs, CapsNets,
GRUs, LSTMs, and an AdaBoostClassifier with GRU. B I e LRI B LI SR T
Leveraging loT sensor date} measuring critical agrl_cultural 74 35 40 96491096 80158363 6980401 247 BEA034
parameters, the model achieves a 99% accuracy in crop
recommendation. This comprehensive framework addresses 78 49 4 50130175 81604873 7628473 262 717340

both crop and soil aspects simultaneously, empowering farmers
with accurate insights for enhanced productivity and
sustainability.

3. CONCEPTUAL FRAMEWORK
3.1.Dataset Description

The dataset used for crop recommendation is available on
Kaggle at Crop Recommendation Dataset. This dataset focuses
on variables influencing rainfall and crop yield in specific
regions. Key variables include phosphorus (P), nitrogen (N),
potassium (K), temperature, humidity, pH and rainfall [5].

Table 2. Feature Description
Variable

Phosphorus (P)
Nitrogen (N)
Potassium (K)

Description
Soil phosphorus content
Soil nitrogen content
Soil potassium content

Temperature Ambient temperature in the region
Humidity Atmospheric humidity levels
pH Soil acidity/alkalinity (pH) levels

Figure 2. Sample Data

The figure 2 dataset facilitates the investigation of connections
between soil nutrients, climatic conditions, and recommended
crops, offering valuable insights for precision agriculture.

Different types of Crop types in the given dataset
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Figure 3. Crop Types
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The figure 3 illustrates the distribution of different crop types in

the dataset, each having an equal representation of 100 units. Additionally, normalization techniques enhance feature
consistency. Standardization transforms each feature value (X)

to a standardized value(Xs)using the mean (p) and standard
deviation (o) of the feature:

X—u
Xsta =——

Min-Max scaling transforms X to a scaled value (Xscated) Within
a specified range:
X —min(X)
Xscaled = 3
max(X) — min(X)

These preprocessing steps collectively enhance the dataset's
integrity and feature comparability, facilitating robust analysis
for crop recommendation.

3.2.Feature analysis

Feature analysis is a crucial step in data exploration, focusing
on understanding the characteristics and relationships among
different features or variables within a dataset. It aims to
uncover patterns, trends, and correlations, providing valuable
insights into the underlying dynamics of the data. In the context
of the Crop_recommendation dataset, feature analysis
specifically explores the connections between soil pH and
nutrient levels (N, P, K), enhancing the understanding of how
these factors influence agricultural outcomes [16].

Peat Soil

pH_javel

Chalky Soll

T i T i i
0 200 a00 &00 800 1000

Figure 5. Soil Types

In the feature analysis of the Crop_recommendation dataset, the
relationship between soil pH and nutrient levels (N, P, K) is
investigated. The pH_label column categorizes pH values into
distinct soil types, including Peat Soil, Red Soil, Alluvial Soil,
Chalky Soil, Neutral, and Loam Soil. This classification
facilitates the understanding of soil characteristics associated
with each pH range.

comee | —

Figure 4. Environmental Factors Variation across Crop Types
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3.1.Pre-processing

In the preprocessing phase for the Crop recommendation D e e ————
dataset, handling missing values is crucial. Employing mean

imputation, where Missing Values (MV) for a specific feature —0——

(F) are replaced by the mean (F) of the non-missing values,

ensures data completeness [12: e ’
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Figure 6. Exploring Categorical Distributions of pH across Nutrient
Levels (N, P, K)

Figure 6 illustrates the categorical distributions of soil pH levels
across varying nutrient concentrations (N, P, K). The boxplots
provide insights into how different soil types, categorized by
pH, correlate with nutrient levels in the Crop_recommendation
dataset.

3.4 Classification

The classification methodology employed in this study
integrates advanced deep learning algorithms, including
Convolutional Neural Networks (CNNs), Capsule Networks
(CapsNets), Gated Recurrent Units (GRUs), and Long Short-
Term Memory (LSTM) networks, along with an innovative
AdaBoostClassifier integrated with GRU. These algorithms are
applied to a comprehensive dataset collected from 10T sensors,
capturing crucial agricultural parameters such as soil moisture,
temperature, pH levels, and nutrient content [15].

Convolutional Neural Networks (CNNs):
CNNs initiate the process by employing convolutional layers to
apply filters to input features, including N, P, K, temperature,
humidity, pH, and rainfall, thereby detecting spatial patterns
and learning relevant features from the data.

cy) = | n Z(I(X +iLy+)).KG0,))+b

i=0 J=
Where C(x,y) is the output of the convolutional layer at position
(x,y), | is the input, K is the filter (kernel), and b is the
bias.Following convolution, the model introduces non-linearity
through an activation function like ReLU, which is applied
element-wise to the output of the convolutional layer.

ReLU(x) = max (0, x)
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Max pooling is employed to downsample spatial dimensions,
preserving crucial features and simultaneously reducing
computational complexity. The pooled output is flattened into a
one-dimensional vector, preparing it for the fully connected
layers.

Flatten(pooledoutput) = pooledy¢put- reshape(—1)

Fully connected layers establish connections between each
neuron and the flattened input, facilitating the learning of
intricate relationships through weighted sums, biases, and
activation functions.

ZW = wli A=t 4 plu
Al = ReLU(AZWY

Where W is the weight matrix, A "1 is the input from the
previous layer, bl is the bias, and Al is the output after
activation.The final layer utilizes the learned features to
generate predictions.

Softmax(x) .x
i=

je*i

This algorithm enables CNNs to automatically identify and
extract relevant features from agricultural data, facilitating
precise crop recommendations based on nutrient levels, climatic
conditions, and other parameters [16].

Capsule Network (CapsNet):

The CapsNet architecture comprises three layers such as the
convolutional layer, PrimaryCaps layer, and DigitCaps layer.
The convolution layer uses 256 kernels (9 X 9 size, stride 1,
ReLU activation), feeding into the PrimaryCaps layer. With
32x8 convolution kernels (9x9 size, stride 2), the
PrimaryCaps layer generates 1152 capsules (dimension 8).
These capsules serve as low-level inputs for the DigitCaps
layer, which, through dynamic routing, produces 10 capsules
(dimension 16) as the final classification result. The correctly
predicted capsule undergoes reconstruction via a three-layer
fully connected neural network.Dynamic routing is crucial,
maintaining spatial information through vector operations. The
process involves multiplying input capsules by a weight matrix
to obtain predicted capsules, mathematically expressed as:

Ujli=wy w

The weighted summation of predicted capsules and coupling
coefficients yields deep feature capsules. These capsules
undergo a nonlinear squeezing activation function, generating
the output capsules:
Uj=Squash(cl—ij1—|i)
I-11?

Squash(.) = T+1IIE

The iterative dynamic routing process updates coupling
coefficients based on the correlation between output capsules
and predicted capsules:
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¢j = softmax(bij)
bij = bU + uiU.bvj

Gated Recurrent Units (GRUSs):

GRUs are a type of recurrent neural network (RNN) designed
to capture and utilize sequential information effectively. The
algorithm takes sequential input data (such as N, P, K,
temperature, humidity, pH, and rainfall) for each time
step.GRUs utilize update and reset gates to control the flow of
information through the network. These gates are sigmoid-
activated, determining which information to discard or update.

7y = o(W,. [he_g, x.])
1y = oW [he—1, X¢])

Where z; is the update gate output, rt is the reset gate output, h;—
is the previous hidden state,x: is the input at time t, and o is the
sigmoid activation function.The hidden state is updated based
on the update and reset gates.

he~ = tanh(W. [hy_q, x;] )
hy = (1 - Zt)eht—1+zt)®ht~)

Where h; is the new proposed state, © denotes element-wise
multiplication, andW is the weight matrix.The final output is
obtained based on the hidden state, which captures sequential
dependencies.

Output, = SomeFunction (h;)

These steps allow GRUs to effectively model sequential
patterns in the input data, making them suitable for time-series
and sequential data such as crop-related environmental factors
[18].

Long Short-Term Memory (LSTM)

The LSTM architecture serves as an enhanced solution for
traditional Recurrent Neural Networks (RNNSs) in the context of
crop recommendation systems. In this framework, LSTM
addresses challenges related to vanishing and exploding
gradients by implementing memory blocks with adaptive
multiplicative gates. Unlike conventional RNN units, these
memory blocks incorporate input, output, and forget gates,
alongside a self-recurrent connection. The memory cell within
the block acts as a repository for storing past information across
different time steps, crucial for capturing long-term temporal
dependencies in the input features, including N, P, K,
temperature, humidity, pH, and rainfall.

During  the training  process, LSTM leverages
BackpropagationThrough Time (BPTT) to continuously update
the values of three multiplicative units—input (i), output (y),
and forget gate (f) on a memory cell (m). This iteration occurs
from the initial time step (t = 1) to the final time step (T). The
LSTM recurrent hidden layer function is expressed through a
set of equations:
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i, = o(wx;x, + whihe_, + we;me_q + by)
fe = o(Wxex, + whehe_y + wmem,_q + by)
m; = f;Om;_; + i; © tanh (Wx,,x; + why,h_; + by,)
ye = o(wxyx, + whyh,_y + wmy,m, + b,)

h; = y.Otanh (m,)

4. PROPOSED METHOD

AdaBoost Classifier - GRUs

The integration of AdaBoostClassifier with GRUs in the crop
recommendation system optimizes predictions for N, P, K,
temperature, humidity, pH, and rainfall. AdaBoost, functioning
as a boosting algorithm, collaborates with GRUs to exploit their
temporal dynamics and sequential dependency learning
capabilities. This synergy aims to enhance crop
recommendation accuracy by combining ensemble learning
with recurrent neural network features.AdaBoost, renowned for
its ensemble technique, merges weak learner predictions, often
decision trees, to form a robust model. In the proposed system,
GRUs excel in sequential data learning, especially in time-
series analysis, making them valuable for capturing temporal
patterns

Weighted Error of GRU (Weak Learner): The weighted
error ¢ of the t-th GRU is computed as the sum of weights of
misclassified samples divided by the total weight:

_ i=1iWir - 1(he (%) # ¥i)
=
i=A1]Wi,t

Where:
e N is the number of training samples.
e wi,tis the weight of the i-th sample for the t-th GRU.
e ht(x i) is the prediction of the t-th GRU for the i-th
sample.
e yi isthe true label of the i-th sample.
e 1(-) is the indicator function.

GRU Weight in Ensemble: The weight a; assigned to the tt"
GRU based on its weighted error is computed as:

1 —Et
€t

Qp— 5 In

Update Sample Weights: The weights of the training samples
are updated based on whether they were correctly or incorrectly
classified by the t" GRU:

Witrr = Wi exp(—az.he (). ;)
This update increases the weights of misclassified samples,

making them more likely to be selected by subsequent weak
learners.

Final Ensemble Prediction: The final prediction of the
ensemble for a given sample is obtained by combining the
individual predictions of all GRUs:
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F(x) = sign Te—q ;. hy(x)

Where sign (-) is the sign function.These equations encapsulate
the AdaBoost with GRU integration, emphasizing how the
ensemble adapts its weights based on the performance of each
GRU in predicting the crop recommendation.

Proposed Algorithm:
Input:
Training data: {(x1, y1), (x2, y2)... (XN, yN)}
Where xi is the feature vector (N, P, K, temperature,
humidity, pH, rainfall) and yi is the true label
Number of GRU weak learners: T
Initialize:
Set initial weights wi,1 =1/Nforalli=1,..,N
Fort=1to T do:
1. Train GRU ht on the weighted training data {(xi, yi,
wi,t)}
2. Predict:
For each sample i, obtain prediction ht(xi)
3. Compute weighted error &t:
gt = (sum of weights of misclassified samples) / (sum of all
weights)
gt= (X wi,t * 1(ht(xi) # yi)) / (X wi,t)
4.Compute GRU weight at:
at=0.5 *In((1 - t) / &t)
5.Update sample weights wi, t+1:
For each sample i,
ifht(xi) = yi then
wi,t+1 = wi,t * exp(-at)
else
wi,t+1 = wit * exp(at)
6.Normalize weights:
For each sample i,
wi,t+1 = wi,t+1 / (T wi,t+1)
7.Final Ensemble Prediction:
For a given sample x:
H(x) =sign(X at * ht(x) fort=1to T)

=5, RESULTS AND DISCUSSION

This section presents the outcomes and analyses derived from
the crop recommendation model. The model selection process
involved several algorithms, namely CNNs, CapsNets, GRUs,
LSTM networks, and an innovative AdaBoostClassifier
integrated with GRU. The implementation was conducted in
Python, and performance evaluation metrics were scrutinized to
assess the effectiveness of the algorithms. This section offers
insights into the model's performance and its implications for
the crop recommendation system. The prediction experiments
were executed using Python 3.8 on a system equipped with an
i5 Processor and 4 GB RAM, ensuring the efficient processing
of all necessary tasks.

5.1.Unveiling Crop-Type Relationships

Figure 7 illustrates the relationships between variables in the
dataset through a pair plot. This visual representation employs
scatter plots and Kernel Density Estimation (KDE) plots,
providing a comprehensive view of the interdependencies
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among different attributes. The primary objective is to discern
patterns and distinctions among the various "crop-type" classes
present in the data. Each scatter plot visually depicts the
distribution of data points, while the accompanying KDE plots
offer insights into the data distribution for individual attributes.
This visualization serves as a valuable tool for data exploration,
aiding in the identification of correlations and patterns within
the dataset.

5.2 Performance Analysis

The performance analysis encompasses advanced algorithms,
including CNNs, CapsNets, GRUs, LSTM networks, and an
innovative  AdaBoostClassifier integrated with GRU
(AdaGRUBOoost). Through a rigorous evaluation using diverse
performance metrics, the study gauges the effectiveness of these
models in the crop recommendation system. CNNSs are assessed
for spatial feature extraction, CapsNets for handling
hierarchical relationships, and GRUs/LSTMs for capturing
sequential dependencies. The hybrid AdaGRUBOoost introduces
a novel approach, integrating boosting with temporal
understanding. This in-depth analysis informs algorithmic
choices, crucially influencing the overall robustness and
efficiency of the crop recommendation model. The below
metrics provide a comprehensive evaluation of a classification
model's performance, capturing aspects like overall correctness,
precision, recall, and the trade-off between precision and recall
(F1 score) [19].

Figure 7. Exploring Features: Insights from a Pair Plot Analysis on
Crop-Type Classes

Table 3. Performance Metrics

Metric Equation

Accuracy (ACC): Accuracy
measures the overall
correctness of predictions.

True Positives

True Negatives + Total Prediction

Precision: Precision True Positives
quantifies the accuracy of

positive predictions.

True Positives + False Negatives
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Recall  (Sensitivity):Recall True Positives
assesses the ability to capture

positive instances.

True Positives + False Positives

F1 Score: F1 Score is the
harmonic mean of precision
and recall, providing a F1=2x
balanced measure.

Precision X Recall
Precision + Recall

Specificity (True Negative True Negatives
Rate): Specificity gauges the
ability to correctly identify

negative instances.

True Negatives + False Positives

These metrics collectively provide a comprehensive evaluation
of a classification model's performance, considering aspects
such as overall correctness, accuracy in positive predictions,
ability to capture positive instances, balance between precision
and recall, and accuracy in negative predictions.
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Figure 8. Testing and testing accuracy for each Epochs (a) CNN (b)
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Figure 8 illustrates the evaluation of CNN, CapsNets, GRU,
LSTM, and proposed model across epochs. CNN showed
consistent improvement, reaching a peak test accuracy of
94.32%. CapsNets captured hierarchical relationships with a
test accuracy of 92.05%. GRU rapidly converged to an
impressive 95.00% accuracy within 10 epochs. LSTM
displayed robust performance with a test accuracy of 94.77%.
The proposed model excelled in extended training, achieving a
Training Accuracy of 100.00% and an outstanding Testing
Accuracy of 98.86%. This highlights its ability to learn intricate
patterns and generalize effectively, making it stand out among
the architectures.
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Figure 9. Confusion Matrix (a) CNN (b) CapsNets(c) GRU (d) LSTM
(e) Proposed

The confusion matrix in figure 9 visually captures the model
performance, emphasizing the proposed model's superiority in
crop classification. The classification reports provide a detailed
assessment of the performance of each model such as CNN,
CapsNets, GRU, LSTM, and the proposed model across various
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crop categories. CNN demonstrates robustness with an
accuracy of 94%, excelling in recognizing crops like apple,
banana, and coconut. CapsNets, although slightly less accurate
at 92%, displays strength in identifying banana and coconut.
GRU achieves an impressive accuracy of 95%, particularly
excelling in recognizing coffee, grapes, and watermelon. LSTM
performs well with an accuracy of 95%, illustrating strength in
recognizing apple, banana, and coconut. The proposed model
outshines them all with an outstanding accuracy of 99%,

demonstrating remarkable proficiency across all crop
categories.
Table.4. Performance Metrics Comparison of DL
Algorithms
Algorithm Accuracy Precision Recall F1-Score

CNN 0.94 0.94 0.95 0.94

CapsNets 0.92 0.93 0.92 0.91

GRU 0.95 0.95 0.95 0.95

LSTM 0.95 0.95 0.95 0.94

Proposed 0.99 0.99 0.99 0.99

The table 4 and figure 10 provides a comparison of four
different DL algorithms (CNN, CapsNets, GRU, and LSTM)
along with a proposed algorithm across various performance
metrics, including Accuracy, Precision, Recall, and F1-Score.
For the proposed algorithm, it achieves exceptionally high
scores across all metrics, with an accuracy of 0.99, precision of
0.99, recall of 0.99, and F1-Score of 0.99. These outstanding
results suggest that the proposed algorithm exhibits superior
performance in classification tasks compared to the other
existing algorithms.
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Figure 10. Performance Metrics Comparison of DL Algorithms

6. CONCLUSION

This research explores the integration of advanced deep
learning algorithms, including CNNs, CapsNets, GRUSs,
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LSTMs, and an innovative AdaBoostClassifier with GRU, for
precision agriculture applications such as crop recommendation
and soil analysis using 10T sensor data. The proposed algorithm
achieves exceptional performance with a 99% accuracy across
various metrics, outperforming other models. The deep learning
architectures address specific aspects of spatial, hierarchical,
and temporal features, collectively enhancing the robustness of
the crop recommendation system. The findings highlight the
transformative potential of these technologies in empowering
farmers with accurate, personalized crop suggestions based on
intricate soil conditions, promoting increased agricultural
productivity and sustainability in the loT-driven era.
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