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ABSTRACT
Soil quality is essential for sustainable agriculture. Nonetheless, inadequate irrigation methods,
improper fertilizer use, and over-cultivation reduce soil quality, thereby decreasing soil fertility.
Precise soil quality prediction is crucial for improving agricultural practices. Conventional deep
learning models often encounter problems related to superfluous features, high computational
demands, and inaccurate predictions. In this work, an innovative deep learning architecture
integrating optimal feature selection was proposed to address these challenges. Initially, the
Adaptive Parrot Optimization (AdPo) method was used to identify the most relevant features
from pre-processed soil data. The Extended Cross Stage Pyramid Network (ExCSP_Net) was
introduced to improve soil quality prediction. This network integrates a gated recurrent unit
(GRU)-based attention module into the main pathway of the Cross Stage Partial (CSP) model to
capture long-range dependencies and emphasize relevant information. In addition, a stacked
autoencoder was incorporated before the feature-sharing stage in the short path of the CSP
model to reduce dimensionality and generate meaningful representations. The AdPo+ExCSP_
Net model demonstrated outstanding performance, achieving an accuracy of 98.58 %, recall
of 98.09 %, precision of 98.32 %, F1-score of 98.15 %, Mean Absolute Error (MAE) of 0.53, Root
Mean Square Error (RMSE) of 0.65, and coefficient of determination (R?) of 0.99. These findings
highlight the effectiveness of the proposed methodology for accurate soil quality prediction and

the promotion of sustainable agricultural practices.

Keywords: adaptive weighting, missing data imputation, cross stage pyramid network, optimal

feature selection, soil quality.
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INTRODUCTION
Agricultural management is essential for ensuring the productivity and sustainability
of farming systems. It involves the control, monitoring, and planning of agricultural
activities, including resource allocation, irrigation, pest management, livestock care,
and crop production (Li et al., 2025). Effective agricultural management is necessary
to meet the growing demand for food, address environmental transformation, and
protect natural resources (Song et al., 2024). Agricultural yields can be enhanced by
optimizing farming practices while minimizing costs and environmental impacts
(Safaie et al., 2023).
One of the most important aspects of agricultural management is soil quality
management. Soil is a fundamental component of productive agriculture because it
provides essential nutrients that support crop production (Barathkumar et al., 2025).
Soil with higher organic matter content and an appropriate nutrient composition
promotes the development of healthier plants, thereby improving crop productivity.
In contrast, poor-quality soil limits crop productivity due to nutrient deficiencies and
increases crop susceptibility to pests and diseases (Huang et al., 2023).
Soil quality is also critical for the long-term sustainability of farming. Poor irrigation
management, excessive fertilizer use, and over-farming negatively affect soil quality
through fertility loss, erosion, and soil degradation (Raza et al., 2023). Practices such
as reduced tillage, cover cropping, organic farming, and crop rotation contribute
to improved agricultural management by preserving and enhancing soil health
(Omondiagbe et al., 2023). Effective agricultural management helps maintain soil
fertility, enhance production, reduce the need for chemical inputs, and support
sustainable agricultural productivity (Ghani et al., 2024).
Traditional soil evaluation methods involve the manual collection of soil samples from
various locations, followed by chemical and physical analyses in laboratories to assess
soil health based on the obtained results (Chaudhry et al., 2024). Accordingly, traditional
soil quality forecasting relies on field observations, laboratory testing, physical soil
sampling, historical data analysis, geographic surveys, and soil mapping to evaluate
soil characteristics such as moisture levels, nutrient content, and pH levels, as well as to
predict soil quality across larger areas (Suwardi et al., 2023; Pant et al., 2024). However,
these methods face major challenges because they are expensive, labor-intensive, and
time-consuming, particularly when large geographical areas are considered (Parewai
and Koppen, 2024). In addition, soil properties can vary considerably over short
distances, making it difficult to accurately capture soil characteristics across different
regions (El Behairy et al., 2024). Spatial variability and the lack of real-time data further
reduce the efficiency of traditional soil quality forecasting methods for continuous soil
monitoring and agricultural management (Divya et al., 2024).
Deep learning-based methods for predicting soil quality provide an effective solution
to many of the challenges associated with conventional techniques by using advanced
algorithms and large datasets to achieve greater speed and accuracy (Chen et al., 2023).
Using historical records, remote sensing data, and satellite imagery, deep learning
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approaches can analyze complex soil characteristics without requiring extensive
manual sampling (Selvanarayanan et al., 2024). In addition, these models are highly
scalable, enabling more efficient soil quality assessment across large geographical
regions (Shahzad et al., 2024). However, certain limitations remain. The accuracy of
deep learning models depends heavily on the availability and quality of the training
data (Shahare et al., 2024). Poor-quality or limited datasets may result in unreliable
predictions, thereby increasing the complexity of agricultural management (Kalyani
and Kolla, 2024). To address these limitations, a deep learning-based framework for
forecasting soil quality with optimal feature selection was proposed in this study
(Sumathi et al., 2023).

The primary objective of this research was to develop an efficient framework for
forecasting soil quality that can improve prediction accuracy and convergence
performance. For this purpose, the Adaptive Parrot Optimization (AdPo) algorithm
was designed for feature selection to enhance the convergence rate in identifying the
global optimal solution. In this approach, adaptive weighting was incorporated into
the exploration stage of the parrot optimization algorithm to improve convergence
efficiency during the search process. Furthermore, soil quality forecasting was
performed using the proposed Extended Cross Stage Pyramid Network (ExCSP_Net)
to improve forecasting accuracy. In the ExCSP_Net architecture, a gated recurrent
unit (GRU)-based attention module was integrated into the main path of the Cross
Stage Partial (CSP) model to capture important feature dependencies, while a stacked
autoencoder was incorporated before the feature-sharing stage in the short path of the
CSP model to reduce feature dimensionality and generate meaningful representations.

MATERIALS AND METHODS
Soil quality forecasting using optimal feature selection and deep learning-based
prediction was introduced in this study (Figure 1). Initially, the soil data were acquired
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Figure 1. General workflow of the proposed soil quality forecasting framework.
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from a publicly available dataset and pre-processed using missing data imputation
and normalization techniques. Subsequently, significant features were selected from
the preprocessed data using the Adaptive Parrot Optimization (AdPo) algorithm.
Finally, soil quality prediction was performed using the Extended Cross Stage Pyramid
Network (ExCSP_Net). For the development of ExCSP_Net, a gated recurrent unit
(GRU)-based attention module was incorporated into the main path of the Cross Stage
Partial (CSP) model, and a stacked autoencoder was integrated before the feature-
sharing stage in the short path of the CSP model to minimize feature dimensionality.

Data acquisition

The input data for the proposed soil quality forecasting framework were obtained from
the publicly available Soil Fertility Dataset available on Kaggle (https://www.kaggle.
com/datasets/rahuljaiswalonkaggle/soil-fertility-dataset). The dataset contained
38 600 soil samples with multiple numerical attributes, including pH, nitrogen
(N), phosphorus (P), potassium (K), organic carbon, moisture content, electrical
conductivity, and other fertility-related indicators, resulting in a total of N predictor
variables (Oukhattar et al., 2025). The response variable corresponded to soil fertility
status, representing the soil quality class indicating soil suitability for crop growth
(Ziyadullaev et al., 2024).

The proposed Adaptive Parrot Optimization with Extended Cross Stage Pyramid
Network (AdPo+ExCSP_Net) model was implemented in the Python programming
language on a Windows 10 operating system with 8 GB RAM. Conventional
approaches, including Artificial Neural Network (ANN), Extreme Gradient Boosting
(XGBoost), Random Forest (RF), Improved Soil Quality Prediction-Deep Learning
(ISQP-DL), and the proposed model without AdPo, were used for comparative
analysis. Model performance was evaluated using Mean Absolute Error (MAE), Root
Mean Square Error (RMSE), coefficient of determination (R?), processing time, F-score,
recall, precision, and accuracy.

Pre-processing
Pre-processing based on missing data imputation and normalization was applied in
the proposed soil quality forecasting model. Missing data imputation was performed
to enable the effective use of incomplete datasets by estimating missing values while
preserving the overall structure and richness of the data, preventing information loss
and improving prediction accuracy. Missing values were estimated using the K-Nearest
Neighbors (KNN)-based imputation method, in which predictions were generated
from the values of the nearest neighbors in the dataset. The KNN-based approach
considered the relationships among features and provided accurate imputation for
soil data. The steps involved in KNN-based missing data imputation were as follows.
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Step 1: The Euclidean distance between data points was calculated as:

D(Xu'Xv) =

where the data points are represented as X, and X, respectively, the total number of

data points is represented as S, and the distance between them is denoted as D(X ,X)).

W

The S nearest neighbors were selected based on the calculated distance.

Step 2: Missing data imputation was performed by estimating the mean of the selected
S data points. Following missing data imputation, normalization was performed to
transform the data into a standard form.

Normalization
Z-score-based normalization was applied to standardize the data and was expressed
as:

[ = x — Avg

Z7SD

where I_represents the normalized output, Avg is the average value, SD is the standard
deviation, and x is the input value. Significant feature selection was subsequently
performed from the preprocessed data using the proposed AdPo algorithm.

Feature selection

AdPo-based feature selection was used to identify the optimal feature subset from
the pre-processed data. The proposed AdPo algorithm was designed to improve the
convergence rate of the optimization process in identifying the global optimal solution.
In this approach, adaptive weighting was incorporated into the exploration stage
of the parrot optimization algorithm to enhance convergence efficiency during the
search process. Forecasting accuracy was considered a fitness function for selecting the
optimal feature subset. The population size, represented by L, denotes the number of
parrots (solutions) in the swarm, whereas Ymax is the maximum number of iterations
used to update the positions of the solutions.

The initial position of the parrot was calculated as:

P =D +u(0,1)- (X — D)

where D and X are the lower and upper boundaries of the search space, respectively.
The term u(0,1) is a continuous uniform random variable within the interval (0,1),
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which introduces randomness during initialization, and Pr(’ represents the initial
position of the rth parrot.

The position updating process was expressed as:

y
y Z.Ymax
PrY+1 = (PrY = Ppese) - Q(m) +u(0,1) - <1 - ) ’ P)llvg

Ymax

where P represents the current position of the rth parrot, P ™" is the updated
position after iteration, and P, , indicates the best position identified by the swarm,
corresponding to the optimal solution obtained thus far. The term Q(n) represents the
Lévy flight distribution, which enables long exploratory movements during the search
process and facilitates the identification of new solution regions. The variable u(0,1)
is a continuous uniform random variable within the interval (0,1), y represents the
current iteration, and Y, indicates the maximum number of iterations. In addition,

A
according to the general movement trend of the swarm.

p, " is the average position of the swarm population, which guided the solutions

The solution updating mechanism of the proposed AdPo algorithm consisted of two

major stages, namely exploration and exploitation, represented by (B’ — Ppes) - Q(1)
y

y )ZT

Ymax

and u(0,1) - (1 - - PJ,q, respectively.

The average position of the swarm at iteration Y was calculated as:

L
v 1
PAvg = ZZ PdY
d=1

where L is the total population size and P, is the position of the dth parrot at iteration
Y.

Lévy flight

This approach was used as a random walk mechanism in which most movements
were small, while occasional large jumps allowed extensive exploration of the search
space. The Lévy flight distribution was defined as:

0-¢€
Q(n)=|—
sl

where 0~N (0,n) and s~N (0,n) represent normally distributed random variables, and
€ was calculated as:
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r(1+2) - sin (”T’l) *

RET R

where A represents the parameter controlling the shape of the distribution and was set
to 1.5. Lévy flights were effective for both local and global search processes, thereby
enabling the optimization algorithm to explore both nearby and distant regions of the
solution space.

To improve the foraging behavior of the parrots, an adaptive weighting strategy was
incorporated and expressed as:

Adw = Pry+1 +F ((Pry)good - (Pry))

where Ad  represents the adaptive weighting factor, P " denotes the solution
obtained in the current iteration, and P is the solution obtained by the parrot search
agent in the previous iteration. The term (P.¥) , indicates the best solution identified
in the previous iteration, while F is the controlling parameter.

After incorporating adaptive weighting, the updated solution of the proposed AdPo
algorithm was formulated as:

(Pry+1)AdPo = Ad,, * (Pry+1)parrot

Substituting the adaptive weighting expression into the position updating process
yielded:

(P"*Y aapo = [Pry+1 +F ((Pry)good - (PTY))] *

y
y Z‘Ymax
(Pry - Pbest) ’ Q(n) + u(O,l) : <1 - Y ) ' Png

max

The modified solution enhanced the exploration capability of the optimization process
while improving convergence speed for identifying the global optimal solution.

Staying behavior. This represents the tendency of parrots to temporarily remain near
their owner after movement. This behavior was modeled as a sudden movement
toward the owner followed by a stationary phase and was expressed as:
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Pry+1 = Pry + Ppest - Q(n) +u(0,1) - ones(1,n)

where P ™" represents the updated position of the rth parrot, P * denotes the current
position of the rth parrot, and P, , - Q(n) is the movement toward the owner modeled
using the Lévy distribution. The term u(0,1) - ones(1,n) represents the random stopping
behavior near the owner.

Communicating behavior. This approach was used to model the natural social
interactions of parrots, which are highly social animals. This allows individual
parrots to exchange information and update their positions according to interactions
within the swarm, thereby improving optimization performance. The communication
process, either through movement toward the flock or through remote interaction,
was modeled as:

0.2 -u(0,1) - (1 - ) (B = Pyy) ifQ<05
Pry+1 — Ymax
y .
0.2-u(0,1) - ex <—> i > 0.5
) P u(0,1) ' Ymax f Q

where P ™" represents the updated position of the rth parrot at iteration Y+1, and
P Y is the current position of the rth parrot at iteration Y. The term u(0,1) generates
a random number between 0 and 1 to introduce variability and randomness into
the communication process. In addition, Q is a random value between 0 and 1 that
determines whether the parrot moved toward the flock or communicated without
movement.

Fear of strangers. This behavior was incorporated to simulate the natural tendency of
parrots to avoid unfamiliar environments and remain close to safe regions. It ensures
that the optimization process avoided unknown or less optimal regions of the search
space and moved toward safer and more optimal solutions. The fear of strangers
behavior was expressed as:

2
BY*1 =pBY +u(0,1) - cos (0.571 . ) “(PY = Ppest)

Y ) —cos(u(0,1) - m) - (Yy

max max

where u(0,1) - cos <O.57r — ) describes the movement of the parrot toward a safe

max
region. The term cos(u(0,1) - m) - (Yy

max

2
) - (PY = Pyest) models the avoidance of
unfamiliar or unfavorable regions in the search space. The variable u(0,1) represents a

random value within the interval [0,1], P, , is the best position identified by the swarm,
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y is the current iteration, Y _is the maximum number of iterations, and P " indicates
the current position of the rth parrot.

Feasibility estimation
The feasibility of the proposed AdPo algorithm was evaluated based on forecasting
accuracy and was calculated as:

TP+ TN

Rt = TN T FP+ FN

where Fit represents the fitness value, TP denotes the true positives, TN the true
negatives, FP the false positives, and FN the false negatives.

Termination
The algorithm terminated when the global optimal solution was achieved or when
the maximum number of iterations was completed. Based on the solution obtained
using the AdPo algorithm (Algorithm 1), the optimal feature subset was selected to
eliminate redundant features.

Algorithm 1. Pseudo-code of the proposed Adaptive Parrot Optimization (AdPo)
algorithm for optimal feature selection.

Start

Initialize the parameters

Initialize the position of parrot search agent
Estimate the fitness for parrot search agent
Sort and update the solutions

Choose the strategy randomly

{

Update the solution based on foraging behavior
(B aapo = [PI** + F (B gooa — (BN | +

bV
[(P! ~ Paes) - Q) +u(0,1) - (1= 2—) PAY”“’]

max
Update the solution based on staying behavior
PY* = BY + Pyese - Q(n) +u(0,1) - ones(1,n)
Update the solution based on communicating behavior
0.2 u(0,1) - (1 . ) (P = Pug) ifQ <05

Ymax

Y+1
PY*l =

0.2-u(0,1) - exp( if Q>05

D7)
u(O,l) ' Ymax
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Algorithm 1. Continued

Update the solution based on fear of strangers

4 ) —cos(u(0,1) - m) - (Yy

max max

2
Pt =P +u(0,1) - cos (0.57r . ) *(BY = Pyest)

}

Check the feasibility
Check y > ymax
Y=y++

Return the best solution
end

Extended cross stage pyramid network-based soil quality forecasting

Soil quality forecasting was performed using ExCSP_Net to improve forecasting
accuracy (Figure 2). For the development of ExCSP_Net, a GRU-based attention
module was incorporated into the main path of the CSP model, and a stacked
autoencoder was integrated before the feature-sharing stage in the short path of
the CSP model to minimize feature dimensionality. The CSP network improved the
learning efficiency of deep neural networks by reducing computational complexity
and enhancing gradient flow. The CSP model operated by dividing feature maps
into two parts across different stages and subsequently merging them within the
network to improve feature representation learning. In addition, it combined pyramid
structures with cross-stage feature fusion to process multiple scales in the input data
for soil quality forecasting.

Main P[ath
=
9
= =
2 ) 3
—> § > & —>» £
= 1T} &
= -
- Z 1
=
¢ = s ¥ | |3
= 4 = <
g K E 2
Input Features from & & A £ 5 Forecasted
q T —>| —>| >
AdPo Algorithm % % E S & Outcome
= 2 g =
= \ =
& g : g g
L o
N L)
L 9
% =
& =
< |
Short Path

Figure 2. Architecture of the proposed Extended Cross Stage Pyramid Network (ExCSP_Net) for soil
quality forecasting.
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The features selected by the AdPo algorithm E were input into the ExCSP_Net model’s
input layer and the feature extraction module designed with both main and short
paths. Initially, the features were split to facilitate their passage through these main
and short paths. The splitting of features was expressed as:

where EM represents the features forwarded to the main path, and ES represents the
features provided to the short path of the ExCSP_Net model.

The main path of the EXCSP_Net model consisted of multiple residual blocks for
extracting complex features. In the proposed architecture, a GRU_Attn layer was
integrated with the residual blocks to extract spatial and temporal features for
improving forecasting accuracy. Initially, the features from the main path were
provided to the residual block for spatial feature extraction. The residual block utilized
residual connections to address the vanishing gradient problem and enabled effective
training of very deep neural networks. The residual block was defined as:

B(e) =C(e,{D,}) +e

where B(e) represents the output of the residual block, C(e,{D}) is the output of
the convolutional layers within the block corresponding to the learned residual
representation, and e is the input feature map provided through the skip connection.
The extracted features were then sent to the activation layer, which introduced non-
linearity into the learned representations. The use of residual connections allowed
these features to propagate through deeper layers without losing the original spatial
information. As a result, the residual blocks enabled the network to maintain fine-
grained spatial structures from earlier layers while also learning higher-level feature
abstractions.

The deep features extracted through the residual block were subsequently provided
to the GRU module for temporal feature extraction, enabling the acquisition of long-
term dependent features. In soil quality prediction, temporal feature extraction
using GRU facilitated the modeling of temporal relationships among measurements
collected over time, making it suitable for applications in which soil quality changed
dynamically (Babu et al., 2024). Thus, efficient temporal features were extracted with
minimal computational complexity using the proposed ExCSP_Net model.

The output generated from the residual block was provided to the input layer of the
GRU. The input sequence was represented as

L={l,1...1;}
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where [, represents the input at time step f. During sequence processing, the GRU
computed the hidden state Y, at each time step. The hidden state estimation was
performed through the processing of the reset gate, update gate, and candidate state.
The reset gate controlled the retention of relevant information by eliminating
unnecessary features and was expressed as:

Gy = e(Bg - [Yp-1, 1))

where B_ represents the weight associated with the reset gate, [ is the bias associated
with the reset gate, and ¢ is the sigmoid activation function.
The output of the update gate was calculated as:

Zy = e(Bz - [Y;1,1])

where B, is the weight associated with the update gate and [, is the bias associated
with the update gate.

Subsequently, the candidate state was estimated as:
Yf = tanh(By N [GY o Yf—l' ly] + Qy)

where B is the weight associated with the candidate activation, ° denotes element-
wise multiplication, [, is the bias associated with the candidate activation, and Q,
indicates the additional learnable parameter (Genova et al., 2024).

The hidden state of the GRU was then updated as:
Ve =Hy oYy + (1 - Hy)¥

where Y, represents the updated hidden state, H, is the update control parameter, Y,

is the previous hidden state, and ¥; corresponds to the candidate hidden state.

The GRU allowed the proposed model to capture both short-term and long-
term dependencies within soil quality data while maintaining low computational
complexity. In addition, it mitigated the vanishing gradient problem and allowed the
model to learn from long soil data sequences without losing important information.

Following temporal feature extraction, an attention mechanism was incorporated
to assign weights to significant features for improving soil quality forecasting
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performance. The attention score for the extracted features from the hidden layer of
the GRU was calculated as:

pr=q- tanh(ByYf + Qy)

where g is the learnable vector, B, and Q, denote the weight and bias parameters,
respectively, and p, represent the attention score.

After computing the attention scores, the weights ) were assigned using the SoftMax
function and expressed as:

, =)
T Y exn(®a)

The feature vector generated from the main path of the proposed ExCSP_Net model

was defined as:

F
n= Z r¥s
=1

where 71 is the combined feature representation obtained from all input sequences.
Thus, the output of the main path of the proposed ExCSP_Net model consisted of the
most relevant features extracted with minimal computational complexity.

The short path of the ExXCSP_Net model utilized the output of the stacked autoencoder
for further processing to extract significant features with reduced dimensionality. The
encoder compressed the input data into a lower-dimensional representation through
multiple fully connected layers. The output of each encoder layer was expressed as:

K@) =R(S(r) -K(r—1) +v(r))

where K(r) is the output of the rth encoder layer, S(r) denotes the weight matrix, v(r)
represents the bias term, R indicates the activation function, and K(r—1) corresponds to
the output of the previous layer.

At the center of the stacked autoencoder, a latent representation containing the most
salient soil features was generated as:

x = R(S(x) -K(r) + v(x))

where x represents the latent feature vector, while S(x) and v(x) are the associated
weights and bias parameters, respectively.
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The decoder reconstructed the input data from the latent representation while
preserving the significant features of the original input. The decoder output was
expressed as:

K'(r) = R(S(r) -K'(r—1)+ v(r))

where K'(r) represents the output of the rth decoder layer, and K’(r—1) denotes the
output of the previous decoder layer.

The dimensionality-reduced features obtained using the stacked autoencoder were
subsequently forwarded through the short path of the ExCSP_Net model. Cross-stage
fusion was then performed on the features generated from both the main and short
paths of the proposed ExCSP_Net model. The cross-stage fusion mechanism ensured
that gradient information from both paths contributed to weight updating while
reducing redundant gradients. The output of the fusion layer was expressed as:

Efused = Concat(EM, ES)

where E fused is the merged feature representation, and Concat(:) is the concatenation
function.

Subsequently, pyramid pooling was performed to process multi-scale feature
representations. The pyramid pooling operation was formulated as:

E, = Concat (Pool(Efused,yl), Pool(Efused,yz),...Pool(Efused,yZ))

where E represents the output of the pyramid pooling layer, and y,y,...,y. are
different pooling kernel sizes used for multi-scale feature extraction.

After the pooling operation, a fully connected network was used for soil quality
prediction. The fully connected network consisted of multiple convolution layers, and
its output corresponded to the predicted soil quality based on the input soil data. The
output of the fully connected layer was formulated as:

Out = Conv(Ep, S)

where Out represents the predicted output, E is the output obtained from pyramid
pooling, Conv(-) is the convolution operation, and S indicates the weight parameters.
Thus, the proposed ExCSP_Net model enabled more accurate soil quality prediction.
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RESULTS AND DISCUSSION

The pre-processing techniques, including missing data imputation and normalization,
improved the quality of the input data by reducing noise and inconsistencies,
contributing to higher prediction accuracy (Figure 3). The AdPo algorithm ensured
that only the most relevant features were selected, which improved the decision-
making capability of the model and further enhanced prediction accuracy. In
addition, the ExCSP_Net architecture, incorporating GRU-based attention and stacked
autoencoders, captured complex patterns in soil data more effectively, improving the
overall prediction performance.

The stacked autoencoder incorporated within the ExCSP_Net model performed
dimensionality reduction without losing critical information, minimizing overall
prediction errors and reducing MAE and RMSE values. In addition, the combination

100
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- 9“ -
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= 80
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~
75
70
EEE Proposed ANN N Proposed ANN
I Proposed without AdPo N XGBoost 65 I Proposed without AdPo N XGBoost
B ISQP-DL Random Forest B ISQP-DL Random Forest
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60 70 80 90 60 70 80 90
Training percentage Training percentage
100
g
£
]
1
%
B
BN Proposed ANN BN Proposed ANN
BN Proposed without AdPo W XGBoost BN Proposed without AdPo BN XGBoost
B 1SQP-DL Random Forest s 1SQP-DL Random Forest
60 70 80 90 60 70 80 99

Training percentage

Training percentage

Figure 3. Performance evaluation of soil quality forecasting models based on A: accuracy; B: recall; C:
precision; D: F-score.
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of AdPo-based feature selection and ExCSP_Net-based soil quality forecasting enabled
the model to capture complex relationships between input features and soil quality
more effectively, resulting in a higher R? value (Figure 4).
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K-fold validation was performed to demonstrate the generalization capability of the
proposed AdPo + ExCSP_Net model (Figure 5). In this approach, the dataset was
partitioned into K mutually exclusive and equally sized folds. During each iteration,
K-1 folds were used for training the model, while the remaining fold was utilized
for validation. The proposed model demonstrated improved performance across all
K-folds.

Confusion matrix analysis was performed to quantitatively evaluate the predictive
performance of the proposed soil quality forecasting model (Figure 6). The confusion
matrix metrics reflected the capability of the model to accurately identify soil quality
classes while minimizing incorrect predictions, validating the effectiveness of the
AdPo-based feature selection approach and the ExCSP_Net architecture.

SHapley Additive exPlanations (SHAP) analysis was performed (Figure 7) to
demonstrate the interpretability of the model by quantifying the contribution of each
soil feature selected by the AdPo algorithm to soil quality prediction.
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Figure 5. K-fold cross-validation performance of the proposed Adaptive Parrot Optimization
with Extended Cross Stage Pyramid Network (AdPo + ExCSP_Net) soil quality forecasting

model.

Figure 6. Confusion matrix of the proposed Adaptive Parrot Optimization with Extended Cross
Stage Pyramid Network (AdPo+ExCSP_Net) model for soil quality forecasting.
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Figure 7. SHapley Additive exPlanations (SHAP)-based analysis of feature contributions in
the proposed Adaptive Parrot Optimization with Extended Cross Stage Pyramid Network
(AdPo+ExCSP_Net) model.

The proposed AdPo+ExCSP_Net model achieved an accuracy of 98.58 %, which was
2.61, 3.56, 6.78, 7.23, and 0.72 % higher than those obtained using the ISQP-DL, ANN,
XGBoost, Random Forest, and proposed model without AdPo methods, respectively
(Table 1). Similarly, the proposed method demonstrated improved performance across
all evaluation metrics. Thus, the analysis portrays the superiority of the proposed
AdPo-based feature selection and ExCSP_Net-based soil quality forecasting.

Table 1. Comparative performance evaluation of soil quality forecasting models based on the best
obtained results.

Metrics/ Random Proposedmodel  Proposed
Methods I5QP-DL ANN XGBoost Forest wiglout AdPo mgdel
Accuracy 96.01 95.07 91.89 91.45 97.87 98.58
Recall 94.45 92.95 89.94 89.00 96.71 98.09
Precision 94.44 92.89 91.07 90.43 97.65 98.32
F-score 94.53 92.89 89.79 89.00 97.07 98.15
MAE 1.05 1.18 1.25 1.30 0.83 0.53
RMSE 1.11 1.38 1.50 1.83 0.98 0.65
R? 0.93 0.94 0.93 0.92 0.96 0.99

ISQP-DL: improved soil quality prediction-deep learning; ANN: artificial neural network; XGBoost:
extreme gradient boosting; MAE: mean absolute error; RMSE: root mean square error; R?: coefficient
of determination.
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CONCLUSIONS
This research introduced a new model for forecasting soil quality based on optimal
feature selection and deep learning. The proposed Adaptive Parrot Optimization
(AdPo) algorithm was designed to perform optimal feature selection from the
preprocessed data. The AdPo algorithm enhanced the convergence rate for identifying
the global optimal solution through the incorporation of an adaptive weighting
strategy, obtaining efficient and non-redundant features.
Soil quality forecasting was performed using the proposed Extended Cross Stage
Pyramid Network (ExCSP_Net) model. The developed framework improved
forecasting performance through enhanced short and main paths capable of extracting
spatial-temporal features with reduced computational complexity. The integration of
AdPo with ExCSP_Net demonstrated the effectiveness of combining optimal feature
selection with deep learning for accurate soil quality forecasting and sustainable
agricultural management. Despite the promising performance of the proposed
framework, the computational burden remains a limitation. Therefore, future
research will focus on the development of a lightweight model to further improve
computational efficiency and practical applicability.
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