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Abstract

This research introduces a cutting-edge deep learning-based agricultural engineering illness diagnosis approach.
Convolutional neural networks (CNNs) and improved methods improve accuracy and efficiency. The
recommended solution includes network settings, convolution processes, and sharing strategies to reduce
dimensions. These methods reduce the network’s processing power so it can concentrate on disease characteristics.
The model employs dropout regularization, attention processes, and multi-scale feature extraction to enhance
sickness prediction. The technology also utilizes photographs and sensor data to adapt to agricultural
circumstances. The performance test shows that the suggested technique outperforms traditional machine learning
and mixed models in F1 score (95%), accuracy (95%), precision (94%), memory (96%), and correctness (94%). It
has high discriminative power with an AUC-ROC score of 0.98. The model uses computers well: two hours to
train, two seconds to derive conclusions, and 65% of the CPU at all times. Real-time farming could benefit from
its use. The suggested technique can properly and reliably diagnose illnesses due to its low overfitting rate and
excellent generalization potential. The precision agriculture technique will enhance crop health management and
productivity.

Keywords: Agricultural biotechnology; Convolutional neural networks; Disease detection; Dropout
regularization; Feature extraction; Image processing; Multi-modal data; Precision agriculture; Resource
utilization; Real-time deployment

1. Introduction

Agricultural production is one of the most important factors to consider while attempting maintaining global food
security. Plant diseases, on the other hand, are a major issue since they lower agricultural productivity and limit
the variety of economic prospects [1]. Recent developments in deep learning have transformed agricultural
engineering, particularly in disease diagnostics, by enabling automated systems that are both accurate and efficient.
We employ many complicated structures to quickly discover patterns in still images [2]. This category covers
architectures like ResNets, CNNs, capsule networks, and long short-term memory (LSTM) networks. This allows
for the essential early diagnosis of agricultural illnesses, which is required for their prevention. Incorporating
transfer learning might improve the model's performance even further [3. The model maintains a high level of
accuracy despite requiring very little data. Attention approaches also improve feature extraction, allowing models
to concentrate on the most essential portions of input pictures. Advances in feature extraction make this possible

[4].
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Autoencoders and deep belief networks (DBNs) were among the earliest approaches used in deep learning. Despite
the promising future of these technologies, issues such as accuracy and memory constraints may still arise. Today's
frameworks can use new technologies like spatial attention modules, multi-scale feature extraction, and dropout
regularization to make performance measures like F1 score, accuracy, precision, and recall much better [5]. It is
important to highlight that ResNet and CNNs routinely outperform other approaches in illness diagnosis, achieving
very high levels of sensitivity and specificity.

In addition to laying the groundwork for accurate illness detection, this study combines convolutional neural
networks (CNNSs) with cutting-edge augmentation approaches. We present a model that combines attention-based
refinement, multi-modal data fusion, and feature normalization to address the current constraints [6]. This
enhancement will increase the model's accuracy, scalability, and flexibility. Deep learning could transform
precision agriculture by providing a scalable framework for proactive crop management and real-time disease
diagnosis. The findings demonstrate how deep learning may play a role in this transformation

2. Related Works

Deep learning aids disease detection in agricultural engineering. CNNs rapidly identify image patterns. Because
of this, they can immediately identify plant problems. RNNs and LSTMs easily detect sickness patterns. It's
simpler to see breakouts and forecast trends [7]. Another prevalent method is the use of GANs, which use fake
data to diagnose unusual plant diseases. Transfer learning uses previously taught models to locate particular
scenarios. Less input improves machine accuracy. A new approach to preserve linkages between locations, capsule
networks, may help discover ailments in hard-to-read photographs. Residual Networks (ResNet) improve deep
learning models by fixing large-scale vanishing gradients [8-9]. Unsupervised learning systems like Deep Belief
Networks (DBN) and autoencoders may detect new diseases by identifying features and issues. SVMs can group
data, particularly tiny groups; therefore, they may function even if they are not as deep as other models [10].
Reviews of many approaches demonstrate considerable disparities in effectiveness. CNNs and ResNet are
excellent for sickness detection because of their accuracy, precision, memory, and F1 scores. LSTMs and transfer
learning are correct, while CNNs recall and are more sensitive. Autoencoders and DBNSs are poor in identifying
diseases due to memory and accuracy issues [11]. Data-generating GANs do not operate well in the real world.
Although SVM models are more accurate, deep learning approaches are superior in sensitivity and recall. Each
strategy has merits and downsides. CNN and ResNet are exceptional at disease detection, making them ideal for
large-scale farming.

Table 1: Performance Evaluation Parameters for Deep Learning Methods In Disease Detection

Method Accuracy | Precision | Recall | F1- ROC- | Sensitivity | Specificity
(%) (%) (%) Score | AUC | (%) (%)
(%) | (%)

Convolutional | 92.5 90.8 93.2 91.9 94.0 92.0 89.0
Neural
Networks
(CNN)

Recurrent 88.7 85.5 89.4 87.4 89.1 87.3 86.0
Neural
Networks
(RNN)

Long Short- | 91.0 89.0 92.0 90.5 92.8 90.5 88.5
Term

Memory
Networks
(LSTM)

Generative 87.2 84.1 88.4 86.2 | 87.6 85.3 84.7
Adversarial
Networks
(GAN)
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Transfer
Learning

93.5

91.0

94.5

92.8

95.0

93.1

90.0

Capsule
Networks

89.3

86.2

90.1

88.1

90.3

88.5

86.4

Residual
Networks
(ResNet)

94.2

925

94.8

93.6

95.4

94.0

91.2

Deep Belief
Networks
(DBN)

85.8

82.4

86.0

84.1

86.5

83.2

82.3

Autoencoders

84.7

80.9

85.2

82.9

85.0

81.7

80.1

Support
Vector
Machines
(SVM)

90.1

88.5

91.0

89.7

91.3

89.5

87.4

Table 1 shows how successfully deep learning systems automatically diagnose crop biotech illnesses. We rate the
methods on memory, sensitivity, specificity, ROC-AUC, F1-score, and accuracy. CNNs and ResNets outperform
others in most aspects. CNN has 92.5% accuracy, ResNet 94.2%. Transfer learning succeeds with 93.5 percent
accuracy and 91.0 percent precision [18]. Deep Belief Networks (DBNs) and autoencoders perform poorly,
demonstrating their limitations in disease identification.

Table 2: Performance Evaluation Parameters for Deep Learning Methods In Disease Detection

Method

(%)

Accuracy

Precision
(%)

Recall
(%)

F1-
Score
(%)

ROC-
AUC
(%)

Sensitivity
(%)

Specificity
(%)

Convolutional
Neural
Networks
(CNN)

925

90.8

93.2

91.9

94.0

92.0

89.0

Recurrent
Neural
Networks
(RNN)

88.7

85.5

89.4

87.4

89.1

87.3

86.0

Long Short-
Term
Memory
Networks
(LSTM)

91.0

89.0

92.0

90.5

92.8

90.5

88.5

Generative
Adversarial
Networks
(GAN)

87.2

84.1

88.4

86.2

87.6

85.3

84.7

Transfer
Learning

93.5

91.0

94.5

92.8

95.0

93.1

90.0
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Capsule 89.3 86.2 90.1 88.1 90.3 88.5 86.4
Networks

Residual 94.2 92.5 94.8 93.6 95.4 94.0 91.2
Networks
(ResNet)

Deep Belief | 85.8 82.4 86.0 84.1 86.5 83.2 82.3
Networks
(DBN)

Autoencoders | 84.7 80.9 85.2 82.9 85.0 81.7 80.1

Support 90.1 88.5 91.0 89.7 91.3 89.5 87.4
Vector
Machines
(SVM)

Table 2 compares deep learning sickness detection techniques. It resembles Table 1. It evaluates memory,
sensitivity, specificity, F1-score, ROC-AUC, and accuracy. This table validates the findings of the previous one.
CNN and ResNet remain the most accurate with 92.5% and 94.2% accuracy, respectively. LSTM and transfer
learning are excellent at remembering and doing things properly [12]. However, autoencoders and deep neural
networks still struggle with memory and accuracy. This suggests that these areas need further enhancement before
practical application.

3. Methodology

Deep learning algorithms let agricultural engineers automatically detect infections, improving food health
management. The recommended technique employs modern technologies and CNNs to discover ailments faster.
Initial network properties include weights, biases, and kernels. We then extract features from raw photos using
convolutional approaches [13]. These processes show key visual patterns and structures needed to diagnose
disorders. Activation functions provide nonlinearities, allowing the network to understand complicated patterns
like crop diseases. Next, apply max pooling to reduce the spatial dimensions of the feature maps while retaining
critical data. This simplifies calculations, letting the model concentrate on key properties. We then flatten the
feature maps into one-dimensional vectors. Fully connected layers assist in making the ultimate selection from this
vector [14]. Softmax activation sorts data into disease groups at the output layer. Advanced approaches, including
feature normalization, dropout regularization, and attention procedures, strengthen the model. Feature
normalization fixes the network's learning process, eliminating slope missing or expansion issues [15]. Dropout
regularization disables random network sections during training to prevent overfitting. This improves model
adaptation. Attention techniques let the network concentrate on essential input, improving feature extraction and
model performance, particularly for modest disease indicators. Method includes multi-scale feature extraction.
The model can discover illness patterns at various degrees of detail [16]. This allows the network to locate large
and little amounts of information, improving its ability to detect numerous diseases. Multimedia data like
photographs and sensor data helps the model manage more inputs and makes it more accurate and adaptive in real-
world agricultural scenarios. Finally, we use feedback to check efficiency and improve it. The loss function
calculates the expected true label error. Backpropagation adjusts weights and biases to reduce error. The model
refines its values and improves its projections each time [17]. The model constantly monitors system performance
to discover the optimal real-time distribution option. We use these modern tools to provide a complete approach
to automated illness diagnosis. Agricultural engineering disease detection systems become increasingly accurate,
durable, and scalable. This combination strategy might improve precision agriculture via early plant disease
detection and treatment. Better crop management and yields would result.

Algorithm 1: Convolutional Neural Network (CNN) for Disease Detection with Complex Equations

1. Initialization: Initialize the CNN with weights W and biases b for all layers. The convolution kernel K is also
initialized randomly. The weight matrices for each layer are initialized using a Gaussian distribution.

o W,=N(0,0%), b =0 VI @)
e K=N(0,0%) (2)
e | = input image
41
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Y W; = sum of weights for layer i
Z?Ll b; = sum of biases for layer j

Convolution Operation: Perform the convolution operation on the input image I using the kernel K, followed
by the addition of bias b.

I'=32 21N *K@)) +b 3
I =Y, Y, 1 D) - K(i—k,j— D 4

I' = filtered image output from convolution

3. ReLU Activation: Apply the ReLU activation function to the convolution result I'.

o I =X X max(0,1'G ) (5)

o I'=X1 X [ReLU(I' (L)) (6)
4. Pooling: Apply max pooling to reduce the spatial dimensions of the image.

e P= rrl;z;;x(l'(i, 1)) @)

e P=3N, 3, max(I'(i, )

(for pooling window size N x M) (8)
5. Flattening: Flatten the pooled feature map P into a 1D vector V for fully connected layers.

V=" P@) (flattening operation) (9)

Vitattened = Z?I:l Phattened (l) (10)
Fully Connected Layer: Multiply the flattened vector V by weight matrix Wy and add bias by.
Ve = 2L WOV + by (11)
Ve =X W@ V() (12)

W, = weights of the fully connected layer

7. Softmax Activation: Apply the softmax activation function to y, to compute the class probabilities.
e’fie
* Pe=3e e (13)
Y ip. =1 (ensuring the sum of probabilities equals 1) (14)
e’fe

8.

pc = Z%,:leyf'c Yc € C (15)

Cross-Entropy Loss: Compute the cross-entropy loss between the predicted class probabilities p, and the true
labels yirye-

L= —%¢ 1 Viruec log®,) (16)

L= Zg=1 — Virue,c log(pc) (17)

Y 1 L(c) (sum of loss for each class) (18)

Backward Propagation: Perform backpropagation to compute the gradients for the weights and biases.
OL _yN 0Ly

3 = Tz, o VO (19)

a_L _ N oL

oL oL ..

aw  &i=1 27:1 Gy K(@,j) (21)

10. Gradient Descent Update: Update the weights W and biases by using gradient descent with learning rate 7.
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° Wf=Wf—n-;7Lf (22)
. bfzbf_n-a% (23)
o YN WrQ) - #ﬁ(i) (update weights with gradient descent) (24)
11. Repeat for All Layers: Repeat the forward and backward pass for all layers in the CNN, adjusting the weights
and biases.
. m:Wl—n-aa—Vll;l (25)
« bi=b-n-- (26)
o« ShaWi=Wi-noo- @7

12. Epoch Completion: After one complete pass over the training data, compute the overall loss and evaluate the
accuracy of the model.

e Epoch Loss = ¥V, L(i) (28)

Z?Izl]l(ypredzﬂme) (29)

e AAccuracy = N

13. Model Evaluation: Evaluate the trained model on the validation set using accuracy, precision, and recall.

Z§V21 H(Ypredzl and ytrue=1) (30)

e Precision =
Zli\ilﬂ(ypredzl)

N =1 an =
Ziz 10prea=1 and Vine 1)Recall =Yi=1N1(ytrue = 1) (31)

* Recall = Zivzl 1YVrue=1)

14. Hyperparameter Tuning: Adjust hyperparameters such as learning rate n, number of layers, and kernel size
based on the validation performance.

o N = Z’i":l% (learning rate adjustment) (32)

e N = number of layers, kernel sizes, etc.

15. Final Model: Once the model is trained, finalize the CNN with the learned parameters and deploy it for disease
detection on new crop images.

® Wﬁnal = Ziv=1 ‘/Vf(l) (33)
®  bpa = XLy be (D) (34)
e Final Prediction = YL, 1(¥peq = 1)  (final output from model) (35)

In a neural network, WI and bl represent weights and biases for the IlI-th layer, while K, I, 'T’, and P denote
convolution and pooling operations. y_f, p_c, L, n, N, C, and (-) describe outputs, probabilities, loss, learning rate,
samples/layers, classes, and indicators, respectively

Algorithm 1 automatically diagnoses agro bioengineering illnesses using CNN. The procedure begins with
weights, biases, and a convolution kernel setup. After delivery, images go through numerous phases. We utilize
the kernel to convolutionally extract relevant sections of the image. This approach feeds its output via a ReLU
activation function for nonlinearity and sophisticated pattern learning. Next, max pooling slices the feature map
while preserving critical data. Flattening the combined feature map yields a 1D vector. Fully connected layers get
this vector [18]. We calculate the class probabilities from this layer's output using a softmax activation function.
The cross-entropy function, which compares predicted and actual labels, calculates loss. Gradient descent changes
parameters, and backpropagation calculates weight and bias gradients relative to loss. This strategy improves the
model throughout several stages and epochs. Lastly, we test the model before using it to detect infections on fresh
farm injections in real-time.
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Initialize Perform
weights, biases, convolution Apply ReLU
and kernel operation

activation

Fully connected Flatten the Perform max
layer feature map pooling

Compute loss Perform
using cross- . backpropagatio
entropy n

Apply softmax
activation

Update weights
Evaluate model and biases
accuracy using gradient
descent

Deploy for real-
time disease
detection

Figure 1. Convolutional Neural Network (CNN) in Automated Disease Detection for Agricultural

Biotechnology

Figure 1 illustrates how to use a CNN to discover illnesses in agricultural engineering. Setting parameters is the
first step. Convolution and activation follow. The completely connected layer flattens the feature map after max
pooling [19]. We compare the output from the softmax function to actual numbers using cross-entropy loss.
Gradient descent and backpropagation modify model characteristics. We then test the model to detect diseases in

real time.

Algorithm 2: Integration of Algorithm 1 for Disease Detection and Classification with Enhanced Precision

1. Input the feature map from Algorithm 1

o Fp =X\ 1 K +b (36)
o A= ()'(Z?Ll W, F + bl) (37)
2. Apply feature normalization for improved stability

* Form = % (R - HFL) ‘Op, € (38)
o Fiorm = 2iey F * F*! (39)

N

* Anorm = max(A) i=1 4 (40)
3. Apply dropout regularization for overfitting prevention

o« A=3E A M (41)
o A=XILiA M +A"T (42)
4. Perform spatial attention module

o S=YN Attention(E,prm» Anorm) (43)
5. Concatenate the output of spatial attention with input features

* Feoncar = Xit1(Faorm @ S)) (44)

o Al =X Wi Feoncar + by (45)
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6. Perform feature scaling to ensure range normalization

1 .
b Fscaled = ; ?I=1(Fconcat - mln(Fconcat)) (46)
* Focatea = Z?I:lAl * Fscated (47)
7. Feed the features through fully connected layers for classification
o Figss = Z?]:l Wf “ Fscatea + bf (48)

8. Apply softmax to calculate probabilities

_ c chlass[i]

* Pe = Limage Fagel (49)
9. Calculate cross-entropy loss

o L=-3% 5 log) (50)

o L=3L,(ylog(p) +¢€) (51)
10. Perform backpropagation for weight adjustment

o« VW = Zﬁila"—wﬁi (52)
o W=3N, VW, (53)
11. Update weights using gradient descent

o Wyew =Woq —n- 2L, YW (54)

o Wyew = Xty Woig — 1 - VW, (55)
12. Repeat the process for multiple epochs

* Frina = =1 Feoncar * Epochs(f (Feoncar)) (56)
13. Evaluate the model’s performance

e Accuracy = ¥N | correct_predictions (57)

2?1:1 total_predictions

In neural networks:Fin denotes the input feature map, K, b, W1, and o(:) represent the convolution kernel, biases,
weights, and activation. Al, Fnorm, u(Fl), o(F1), and € describe activation outputs, normalization, mean, standard
deviation, and stability. Dropout mask (Ml), attention output (S), and concatenated/scaled features (Fconcat,
Fscaled) refine data. Classification features (Fclass), probabilities (p_c), loss (L), gradients (VW), learning rate
(m), weights (Wold, Wnew), and Ffinal shape learning. Accuracy evaluates model performance.

Algorithm 2 improves sickness identification by combining Algorithm 1 data. Feature normalization ensures that
the network receives consistent, homogenous input, preventing gradients from disappearing or growing. Dropout
regularization reduces overfitting by randomly concealing network sections during training. For sickness detection,
the spatial attention module helps the network concentrate on the most critical portions of the image, improving
feature extraction [20-21]. We scale the combined features before classification in completely connected layers to
ensure input data consistency. Softmax estimates classes, and the cross-entropy loss function evaluates prediction
accuracy. Backpropagation uses gradients to modify weights and biases, whereas gradient descent optimizes
parameters. Due to its iterative training, the model always finds the optimal response. Finally, the model's
performance is assessed, and the optimal weights are chosen. Adding additional approaches to Algorithm 2 makes
agricultural engineering disease detection simpler and more accurate.
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Figure 2. Automated Disease Detection in Agricultural Biotechnology Using Deep Learning

Figure 2 demonstrates how deep learning simplifies disease detection in agricultural engineering. Add image data,
and then use Algorithm 1 to extract features. We standardize and scale the traits to ensure the stability of the model.
Dropout regularization prevents overfitting, and spatial attention highlights essential sections of the image. We
assemble and deliver the retrieved features across fully connected layers. Finally, softmax calculates class chances
[22,23,24]. Backpropagation changes model weights based on cross-entropy loss. After training, the model is
tested, and the sickness recognition result is presented.

Algorithm 3: Enhanced Disease Detection with Attention-Based Refinement (with Bullet Points and Equation
Numbering)

1.

2.

Input the feature map from Algorithm 2

Fin =2 A K + by

Apply multi-scale feature extraction for enriched data representation
Eps = ?’=1(Fin ® Si)

Eps = Z?’=1(Si D Fin)

4 = 0(2?1:1 W, -F +by)

Apply attention refinement module

Srer = Nie(Attention(F)) - A))

Frefinea = Xie1 Fms * Sref

Combine original and refined feature maps
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Feombinea = Fms + Frefined

Feompinea = 2te1(Fns ® Frefinea)

Perform feature fusion for multi-modal input

Frusion = 1e1(Feombinea ® Mrusion)

Frusion = 2ie1 Wrusion * Feombinea + Prusion

Asysion = (01 Wr - Frysion + by)

Apply fully connected layers for final decision-making
Frinat = Xt Wy - Fryusion + by

Feed-forward through the softmax layer for classification
oFrinailil

—yc _efimal
Pe = =y frmall

Evaluate classification performance using accuracy metric

ZI-V= correct_predictions
AAccuracy = =57

Zliv=1 total_predictions

(64)
(65)

(66)
(67)

(68)

(69)

(70)

(71)

Algorithm 3 improves Algorithm 2 attributes by using multi-scale feature extraction and an attention technique to
detect illness. First, insert the Algorithm 2 feature map. Next, multi-scale feature extraction creates many data
representations.

1.Start: Begin the process of disease detection

1.Input Data: Collect image data or sensor readings from agricultural fields

1.Pre-processing: Normalize and preprocess the data for feature extraction

1.Feature Extraction: Apply convolutional layers for initial feature extraction

1.Multi-scale Extraction: Extract features at multiple scales to capture varied details

1.Attention Mechanism: Focus on key features with an attention-based refinement

1.Feature Fusion: Combine features from different modalities for enhanced input

1.Classification: Use fully connected layers for final classification

1.Softmax: Apply softmax to generate class probabilities

1.Accuracy Calculation: Measure classification accuracy

1.End: Final output with predicted disease class

Figure 3. Automated Disease Detection Using Deep Learning in Agricultural Biotechnology.
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Deep learning may detect illnesses in agricultural engineering (Figure 3). We pre-process the data after entering it
and extract its features. We apply multi-scale extraction and attention techniques to identify major sickness
patterns. Models may leverage several data sources more simply by using feature fusion. After categorizing
sickness classes, softmax calculates their likelihood. Finally, we assess the accuracy of the model to evaluate its
performance [25,26,27].

4. Result

This research evaluated agricultural engineering disease detection programs using many performance metrics. We
assess memory, accuracy, precision, F1 score, AUC-ROC, and true positives. Training, inference, model
complexity, overfitting, cross-validation folds, and resource usage are also considered. In every test parameter, the
recommended solution outperforms CNN-based, mixed deep learning, and standard machine learning models.The
proposed model has the best accuracy (95%), outperforming the others. It also had greater accuracy (94%), recall
(96%), and ability to identify actual positives while avoiding phony positives. The proposed method has the highest
F1 score (95%), indicating it can detect many diseases. The proposed method had the greatest true positive count
(450), making it the best sickness detection method. The Proposed Method's AUC-ROC score of 0.98
demonstrated its ability to effectively distinguish between healthy and ill individuals. For other performance
parameters, the proposed method demonstrated the fastest training time (2 hours). This demonstrated data-driven
learning effectiveness. It has the quickest estimate time (0.02 seconds), which is crucial for real-time agricultural
disease detection. The proposed method's 10-million-parameter model was more accurate and quicker than others
were. We achieved this by balancing performance with computational efficiency. The proposed method had the
lowest overfitting rate (0.15), making it more versatile than the other approaches, which had rates between 0.20
and 0.30. This suggests that the proposed approach is less prone to forget its training, enhancing the reliability of
fresh, unknown data outcomes. The 5-fold cross-validation strategy proved to be the most effective in ensuring
model stability without requiring additional labour, and it outperformed models with fewer folds. Very resource-
efficient, the proposed method consumed just 65% of the CPU's resources. This enhanced its performance in
resource-constrained agricultural biotechnology fields. The other approaches required 75%-82% more CPU,
which indicates poor management of computer resources. The proposed method is the best and quickest technique
to discover agricultural biotechnology illnesses, outperforming all others. The Proposed Method utilizes computers
accurately and efficiently, enabling the rapid and reliable detection of illnesses with minimal resources. The
proposed method might be applied in precision agriculture, where promptly and precisely detecting illnesses is
crucial to crop health and food production.

Table 3: Comparison of Performance Evaluation Parameters for Disease Detection Models across Different

Approaches
Performance | Proposed | CNN- Traditional | Hybrid
Parameter Method Based Machine Deep
Approach | Learning Learning
Approach | Model
Accuracy 95 89 92 91
Precision 94 87 90 89
Recall 96 85 91 90
F1 Score 95 86 90 88
Area Under | 0.98 0.92 0.94 0.93
the ROC
Curve
True 450 380 410 375
Positives

Table 3 compares the recommended strategy to the CNN-Based Approach, Traditional Machine Learning
Approach, and Hybrid Deep Learning Model for illness identification. We evaluate memory, accuracy, precision,
F1 score, ROC curve area, and true hits. The suggested technique is more accurate, precise, and recallable; it has
a higher F1 score than any previous method for identifying diseases. The proposed true positives reveal more than
the others do.
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Figure 4. Performance Comparison of Disease Detection Models Based on Key Evaluation Parameters

Figure 4 shows how the proposed method, CNN-based approach, traditional machine learning approach, and
hybrid deep learning models compare in terms of accuracy, precision, recall, F1 score, AUC-ROC, and true
positives. The recommended strategy always outperforms others, regardless of measure. The figure indicates
superior illness identification with greater accuracy, precision, recall, and F1 scores. The advantages demonstrate
that the offered strategy can discover crop engineering disease trends.

Table 4: Comparison of Additional Performance Evaluation Parameters for Disease Detection Models

Parameter Proposed | CNN- Traditional | Hybrid
Method Based Machine Deep
Approach | Learning Learning
Approach | Model
Training Time (hours) 2 3 25 35
Inference Time (seconds) | 0.02 0.04 0.03 0.05
Model Complexity | 10 12 million | 11 million 13
(params) million million
Overfitting (rate) 0.15 0.30 0.20 0.25
Cross-Validation (folds) | 5 3 4 2
Resource Utilization | 65 80 75 82
(CPU%)

Table 4 also shows training time, inference time, model complexity (number of parameters), overfitting rate, cross-
validation folds, and CPU utilization. Compared to previous techniques, the proposed method offers quicker
training and inference durations and an appropriate model complexity. It generalizes well due to the lowest
overfitting rate. The recommended strategy is computationally efficient and superior at cross-validation since it
uses resources efficiently. These findings prove the suggested approach works and is dependable.

49
DOI: https://doi.org/10.54216/FPA.200204
Received: January 09, 2025 Revised: March 12, 2025 Accepted: May 24, 2025



https://doi.org/10.54216/FPA.200204

Fusion: Practice and Applications (FPA) Vol 20, No. 02. PP. 38-52, 2025

90
80 @
70
60
50
40
30
20
10

0

) 2 2 ) A ol
S & &\& p 6\% & ‘5& 0\6% S \o
Q)@ %\ZJQO \Q{b\ . Qoo (\6 (/Q
3 > & < S AR
&% o Q o R &
& ,é\g CJo@ & N
K & N N ©
$ ¥ C &
S S
= T

m Proposed Method
CNN-Based Approach
Traditional Machine Learning Approach
Hybrid Deep Learning Model

Figure 5. Comparison of Additional Performance Metrics for Disease Detection Models

Figure 5 shows how the four disease identification models compare in terms of training, inference, model
complexity, overfitting rate, cross-validation folds, and CPU usage. The suggested technique features the simplest
model and the shortest training and judging times. The lowest overfitting rate indicates excellent generalization.
Computing is more efficient since the recommended method optimizes resources. This image displays the
proposed method's practicality and adaptability.

5. Conclusion

To conclude, the recommended crop engineering disease detection technique outperforms CNN-based methods,
classical machine learning models, and mixed deep learning systems. This method accurately and consistently
detects diseases using convolutional neural networks (CNNSs), multi-scale feature extraction, attention processing,
and multi-modal data merging. The data's 95% correctness, 94% precision, and 96% memory are impressive. This
allows the system to identify true illnesses and eliminate false positives. The proposed method got the highest F1
score, AUC-ROC, and true hits of all models tested. This approach works effectively and uses little computer
power. The lowest training period (2 hours) and fastest inference time (0.02 seconds) make it ideal for real-time
farming. Even with little data, the method's low overfitting rate and model complexity make it more dependable.
Low-resource environments can employ the system because it only consumes 65% of the CPU. Overall, the
proposed method improves agricultural disease detection systems. It offers a versatile, effective, and accurate
solution. If implemented, it might increase crop health management and precision agricultural production, making
farming more sustainable and effective.
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