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(" Abstract )
Early and accurate identification of maize leaf diseases is essential for timely crop management and yield protection. However,
conventional deep learning models based on fixed convolutional sampling may have limited capability to represent the irregular
shapes, varying sizes, and multi-scale characteristics of disease symptoms, while irrelevant background regions can further affect
feature learning. To address these challenges, this study aims to develop an adaptive deep learning framework for robust maize
leaf disease classification. A Deformable Residual Deep Convolutional Neural Network (Deformable Res-DCNN) integrated with
Spatial Pyramid Pooling (SPP) and an Attention Mechanism is proposed. Deformable convolution enables adaptive spatial sampling
for capturing irregular disease structures, while residual connections facilitate effective deep feature propagation. SPP extracts
multi-scale feature representations, and the attention mechanism emphasizes disease-relevant features while reducing the
influence of irrelevant regions. The proposed model is evaluated using the maize leaf subset of the PlantVillage dataset, comprising
Gray Leaf Spot, Northern Corn Leaf Blight, Southern Corn Leaf Blight, Maize Dwarf Mosaic Virus, and Healthy leaf classes.
Experimental results demonstrate that the proposed model achieves 98.60% accuracy, 98.10% recall, and 97.25% F1-score,
outperforming the considered baseline models. The findings demonstrate the effectiveness of the proposed framework for
automated maize leaf disease classification and its potential application in precision agriculture.

Keywords: Deformable Residual Deep Convolutional Neural Network, Spatial Pyramid Pooling, Attention Mechanism, Maize leaf
\disease detection, Precision Agriculture, Deep Learning in Agriculture, Plant Disease Classification
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1.Introduction

Maize is an economically important crop whose productivity is strongly influenced by the health condition
of its leaves. Foliar diseases can progressively damage leaf tissues, reduce the photosynthetic capacity of
plants, and ultimately affect crop development and yield [1]. Among the major diseases affecting maize are
Gray Leaf Spot, Northern Corn Leaf Blight, Southern Corn Leaf Blight, and Maize Dwarf Mosaic Virus. Since
the visual symptoms of these diseases may vary according to their stage of development and can exhibit
overlapping patterns, reliable disease identification remains a challenging task.

Traditional disease identification generally depends on field inspection and expert-based visual
assessment. Such diagnosis can become difficult when large agricultural areas have to be monitored or
when symptoms appear at an early stage [2]. Image-based artificial intelligence has therefore become an
attractive alternative because leaf images can be analyzed automatically and disease-specific visual
characteristics can be learned from large collections of samples[3].

The development of deep learning, particularly convolutional neural networks (CNNs), has substantially
advanced automated plant disease recognition [4]. CNNs can learn hierarchical representations involving
color, texture, shape, and spatial characteristics directly from images. Recent maize studies have explored
conventional CNNs, pretrained architectures, lightweight networks, and object-detection models. For
example, mobile-oriented systems have investigated YOLO-based architectures for maize disease
recognition, while VGG16 and ResNet-derived architectures have been employed for classification and
mobile deployment [5].

Despite these advances, several challenges remain. Conventional convolution uses fixed sampling
positions, which may not adequately represent the irregular boundaries and varying shapes of disease
lesions. Furthermore, disease symptoms may occur at different spatial scales, ranging from small spots to
large infected regions [6]. A model that focuses only on a fixed receptive field may therefore lose important
discriminative information. Recent research has also emphasized the importance of lightweight
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architectures and robust feature extraction when maize disease recognition is intended for practical
agricultural applications.

To address these challenges, this study develops a Deformable Residual Deep Convolutional Neural
Network (Deformable Res-DCNN) for maize leaf disease classification. The architecture combines
deformable convolution, residual learning, Spatial Pyramid Pooling (SPP), and an attention mechanism.
Deformable convolution allows the sampling locations to adapt to the spatial structure of disease
symptoms. Residual learning improves the flow of feature information through the network, while SPP
provides multi-scale feature representations. The attention mechanism further emphasizes informative
disease-related features and suppresses less relevant information.

The proposed framework is evaluated for distinguishing diseased and healthy maize leaves. The objective
is not only to obtain high classification performance but also to develop a feature-learning architecture
capable of representing the complex spatial characteristics of maize disease symptoms. The resulting
system can provide an automated image-based approach for maize disease assessment and may contribute
to faster crop-health monitoring in precision agriculture.

2. Related Work

Qian et al. (2022) [7] developed a self-attention-based deep learning approach for maize leaf disease
identification. The study demonstrated that attention mechanisms can emphasize disease-related features
and improve classification performance. However, the framework relies on conventional convolutional
operations with fixed spatial sampling, which may restrict its representation of irregular disease lesions.
Osouli et al. (2022) [8] proposed a maize disease recognition framework using pretrained MobileNetV2
and Inception networks with transfer learning and image augmentation. The approach achieved
approximately 97% accuracy, demonstrating the effectiveness of pretrained CNN features for maize
disease classification. Nevertheless, conventional convolutional kernels may not sufficiently adapt to
variations in the shape and spatial distribution of disease symptoms.

Ji et al. (2024) [11] proposed ICS-ResNet, a lightweight ResNet50-based architecture incorporating
attention and efficient residual structures for maize leaf disease classification. The model achieved 98.87%
accuracy while addressing computational complexity and environmental variations. However, the
architecture primarily relies on fixed convolutional sampling and does not explicitly incorporate multi-
scale spatial feature aggregation.

Javaid et al. (2024) [12] developed a hybrid maize disease identification model by integrating ResNet50
with an attention mechanism. The framework considered Gray Leaf Spot, Common Rust, and Tar Spot and
enhanced disease-specific feature representation through attention. Although attention improves the
selection of informative features, the framework does not provide adaptive spatial sampling or explicit
multi-scale feature extraction.

Askale et al. (2025) [9] developed a mobile-based deep CNN framework for maize leaf disease detection
and classification using VGG16, AlexNet, and ResNet50. The study emphasized computationally accessible
disease diagnosis suitable for mobile agricultural applications. However, the investigated architectures
primarily focus on efficient classification and do not explicitly model the irregular spatial characteristics of
disease lesions.

Parashar et al. (2025) [10] proposed MaizeNet, a residual-attention deep neural network for maize leaf
disease classification. The model achieved 95.95% accuracy, with an F1-score of 0.9509 and recall of
0.9497, demonstrating the benefit of combining residual learning and attention. The architecture, however,
does not integrate deformable convolution with multi-scale Spatial Pyramid Pooling.

Meng et al. (2025) [13] proposed YOLO-MSM for rapid and precise maize leaf disease detection. The
framework emphasizes disease-region localization and rapid detection, making it suitable for practical
agricultural monitoring. Since the approach is primarily detection-oriented, its feature-learning strategy
differs from a specialized classification architecture designed to capture detailed disease characteristics.
Alpsalaz et al (2025) [14] investigated an efficient and interpretable CNN for classifying Healthy, Gray Leaf
Spot, Common Rust, and Northern Leaf Blight. The model achieved 94.97% accuracy and a micro-average
AUC of 0.99 while incorporating LIME and SHAP for model interpretation. The emphasis on computational
efficiency and interpretability leaves scope for further improvement in adaptive spatial and multi-scale
feature representation.

Dai et al. (2017) [15] introduced Deformable Convolutional Networks, where learnable offsets modify the
conventional fixed convolutional sampling grid. This allows convolutional features to adapt to geometric
variations and irregular structures, making the concept particularly relevant to disease lesions with
varying shapes and boundaries. However, deformable convolution alone does not provide residual feature
propagation, multi-scale pooling, or attention-based feature refinement. He et al. (2015) [16] introduced
Spatial Pyramid Pooling (SPP) to aggregate feature information at multiple spatial scales. The approach
enables CNNs to generate representations that capture both local and global spatial characteristics.
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Although SPP provides effective multi-scale representation, it does not itself adapt convolutional sampling
locations or selectively emphasize disease-specific features.

He et al. (2016) [17] introduced ResNet using residual connections to facilitate the optimization of deep
neural networks and improve feature propagation. Residual learning has subsequently been widely
adopted in image classification and plant disease recognition. Nevertheless, standard ResNet architectures
employ fixed convolutional sampling and therefore may not optimally capture highly irregular disease
patterns.

The existing studies demonstrate the effectiveness of CNNs, transfer learning, residual learning, attention
mechanisms, lightweight architectures, deformable convolution, and multi-scale feature extraction for
image-based recognition. However, these techniques have largely been investigated independently or in
limited combinations, leaving scope for a unified architecture that can simultaneously adapt to irregular
disease structures, preserve deep feature information, capture multi-scale characteristics, and emphasize
disease-relevant regions.

To address this gap, the proposed Deformable Res-DCNN with SPP and Attention integrates deformable
convolution for adaptive spatial sampling, residual blocks for effective feature propagation, Spatial
Pyramid Pooling for multi-scale representation, and attention for disease-relevant feature enhancement.

3. Proposed Methodology

The proposed framework, termed Deformable Residual Deep Convolutional Neural Network (Deformable
Res-DCNN), is designed for automated maize leaf disease classification. The architecture combines
deformable convolution for adaptive spatial feature extraction, residual learning for effective deep feature
propagation, Spatial Pyramid Pooling (SPP) for multi-scale representation, and an attention mechanism for
emphasizing disease-relevant features. The overall processing pipeline consists of image input,
preprocessing, initial convolution, deformable convolution, residual feature extraction, SPP, attention-
based refinement, fully connected classification, and Softmax prediction.

3.1 Overall Architecture

The input maize leaf image is first normalized and resized to a fixed spatial dimension. The pre-processed
image is passed through an initial convolution layer to obtain low-level representations such as edges,
textures, and color variations. These features are subsequently processed using deformable convolution
layers, which learn spatial offsets to adapt the receptive field according to the structure of disease
symptoms. The resulting features are passed through residual blocks to improve feature propagation and
enable deeper representation learning. Spatial Pyramid Pooling is then applied to obtain feature
representations at multiple spatial scales. The resulting multi-scale features are processed by an attention
mechanism, which assigns higher weights to informative disease-related features and reduces the
contribution of irrelevant regions. Finally, the refined feature representation is flattened and passed
through fully connected layers, followed by Softmax classification.

Spatial
Image Preprocessing Convolution Residual Py ramid Attention
Bloek Pooling Mechanism Classification
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Figure Overall Architecture of the proposed

3.2 Input Image and Preprocessing
Let the input maize leaf image be represented as

I € RHXWXC
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where H represents image height, W represents image width, and C represents the number of image
channels.
Each image is resized to a fixed input dimension and normalized before being provided to the network.
Data augmentation can be applied during training using transformations such as rotation, horizontal
flipping, scaling, and translation to improve model generalization.
The normalized input is represented as

I - Imin

n
Imax - Imin

where I,;;pand I, 4, represent the minimum and maximum pixel values.

3.3 Initial Convolution Layer
The first convolutional layer extracts basic visual characteristics from the maize leaf image, including edges,
color transitions, textures, and simple lesion patterns.
The initial feature representation is calculated as
F1l=0(W1x*In+ bl)
where W1 denotes the convolution kernel, r blepresents the bias, * represents the convolution operation,
and o denotes the ReLU activation function.
The ReLU function is defined as
ReLU(x) = max(0,x)

3.4 Deformable Convolution

Conventional convolution samples feature from fixed spatial positions. Since maize disease symptoms can
have irregular shapes and boundaries, fixed sampling may not adequately represent the disease structure.
Therefore, deformable convolution is incorporated into the proposed architecture.

For a conventional convolution, the output at location can be expressed as

y(@,) = Zwkx(po + i)
k=1

where p,represents the predefined sampling locations and w;, denotes the corresponding kernel weights.
In deformable convolution, learnable offsets are introduced:

K
y(®0) = z wix(Po + P + Apr)
k=1
Where,
Ap,, represents the learned spatial offset.
The resulting feature representation is

K
F_2 = ReLU( WkFl(p + 4pg) + b2>
k=1
The learned offsets allow the receptive field to adapt to irregular disease lesions rather than being
restricted to a fixed convolutional grid.

3.5 Residual Feature Extraction
The deformable features are subsequently processed through residual blocks. Residual learning allows the
network to learn additional feature transformations while maintaining a direct pathway for the original
feature representation.
For an input feature F,, the residual transformation is represented as

Fres = Fy + F(Fy, W)
where F (.) represents the residual convolutional transformation.
More explicitly,

Fres = Fy + Wyesy ¥ ReLU(Wyesy * Fo + bres1) + bresz

The residual connection helps preserve useful information and facilitates gradient propagation through
deeper layers.

3.6 Spatial Pyramid Pooling

Disease symptoms may appear at different sizes within maize leaves. To capture these multi-scale
characteristics, Spatial Pyramid Pooling (SPP) is applied to the residual feature map.

The SPP representation can be expressed as
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Fspp = CONCAt[P(1x1)(Fres) P(2x2)(Fres) Plaxa) (Fres)]

where P(151) (Fres)r P (2x2) (Fres)r P (ax4)(Fyp TEPTESENE pooling operations at different spatial scales.
The concatenation operation produces
F_SPP = [Fixq Il Faxz Il Fyxal
where || denotes feature concatenation.
SPP therefore provides both local and global information and improves the representation of disease
symptoms appearing at different spatial scales.

3.7 Attention Mechanism
Although SPP provides multi-scale features, not all extracted features are equally important for disease
classification. An attention mechanism is therefore employed to emphasize disease-relevant features.
The attention scores are calculated as
A = softmax(W,Fspp + bg)

Where W, and b, represent the learnable attention parameters.
The attention-refined representation is then obtained as

F_att = A O F_SPP

Where O represents element-wise multiplication.
The attention mechanism enables the network to assign greater importance to informative disease
characteristics while suppressing less relevant background information.

3.8 Fully Connected Classification
The attention-enhanced feature map is flattened into a one-dimensional feature vector:
Friqr = Flatten(Fgy)

The flattened representation is passed through a fully connected layer:

F_FC = ReLU(WgcFiar + brc)
The resulting representation contains the high-level features required for distinguishing the different
maize leaf disease classes.

3.9 Softmax Classification
The final classification layer generates the probability of each disease class using Softmax:

Py =clx) = exp(z_c)/(X_( = D"C exp(z.)))

y = argmax_c P(y = c|x)
Here, z_c represents the classification score of class c and C represents the total number of classes. For the
proposed system, C = 5: Gray Leaf Spot, Northern Corn Leaf Blight, Southern Corn Leaf Blight, Maize Dwarf
Mosaic Virus, and Healthy.

3.10 Loss Function
The model is trained using categorical cross-entropy loss:
c

L= =) ylog@o)
c=1

Here, y_c represents the actual class label and §_c represents the predicted probability for class c.

Minimizing this loss encourages the network to assign high probability to the correct disease class.
N

c
1
Lavg = - (ﬁ) Z Z Yic log(¥ic)
c=1

i=1
where y;. is the actual class label and ;. is the predicted probability for class C.

3.11 Model Optimization
The network parameters are optimized using the Adam optimizer. The general parameter update can be
represented as
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where 6, represents the model parameters, 7 is the learning rate, 71, is the bias-corrected first moment
estimate, U, is the bias-corrected second moment estimate, and ¢ is a small constant.
The optimization process continues until the training objective converges.

Algorithm: Deformable Res-DCNN for Maize Leaf Disease Classification
Input: Maize leafimage I € R"(H X W X (). Output: Predicted disease class §.
Step 1: Input Image
I € RMNHXW XC)
Step 2: Initial Convolution
F1 = ReLUW, I + by)
Step 3: Deformable Convolution
AP = @(F41)
F2(po) = ReLU(Zxwy F1(po + px + 4pi) + b2)
Step 4: Residual Learning
F_res = F(F;,W_res) + F,
Step 5: Spatial Pyramid Pooling
F_SPP = Concat[P1 X 1(F_res),Py X z(F_res), ..., Pn X n(F_res)]
Step 6: Attention Mechanism
S_att = W_att = F_SPP + b_att
a; = exp(S_att, i) / Xjexp(S_att, j)
F att = a ® F_SPP
Step 7: Fully Connected Layer
F_flat = Flatten(F_att)
F_fc = ReLU(W _fc F_flat + b_fc)
Step 8: Softmax Classification
z =W_.oF_fc+ bo
P(y = k|I) = exp(z_k) / Zj-+" exp(2_))
y = argmaxy P(y = k|1I)
Step 9: Cross-Entropy Loss
L = —Z%y klog(P_k)
L_batch = _(1/N) Zi=1N Zk=1K YVik lOg(Pik)
Step 10: Adam Weight Optimization
gt=VoLt
mt = pm(t—1) + (1-B1)g-t
vt = Bv (t—1) + (1-B2)g.t?
mt =mt/(1-p")
vt =vt/(1-PBY
0t =0_(t—1) —nm_t/(ot + ¢
Final Output
y = argmaxy P(y = k|I)

4. Data Collection

The disease model dataset of sick maize includes Common Rust, Gray Leaf Spot, Northern Corn Leaf Blight
(NCLB), Southern Corn Leaf Blight (SCLB), Maize Dwarf Mosaic Virus and healthy leaves images with the
size 1,000. There are 1,306 images for Common Rust in the dataset, 574 images for Gray Leaf Spot, 985
images for Northern Corn Leaf Blight, 789 images for Southern Corn Leaf Blight, 600 images for Maize
Dwarf Mosaic Virus and maize healthy leaves have a total of 1040 number of image. Data is organized into
several folders for each disease based on the conditions of the leaves. Such an organization provides good
training for machine learning algorithms on automatic detection and classification of maize leaf disease.
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Figure 1 Sample Maize Leaf Image Dataset
5. Result and discussion
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Figure 2 Detection of Cercospora Leaf Spot with Accuracy

The image depicts a graphical user interface (GUI) designed for detecting diseases in plants, specifically
those inflicting damage on maize leaves. The GUI has functions that include loading an image, adjusting
contrast, and segmenting the region of interest (ROI). In the example pictured above, a maize leaf image has
beenloaded, and the diseased plant was identified as Cercospora Leaf Spot, which is a fungal infection found
on maize. The image analysis process starts with the image of the maize leaf being loaded, then subjecting

it to a contrast adjustment to facilitate clear visibility of diseased spots. Based on this, the diseased spots of
the leaf were cut out from the healthy parts.
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The GUI will also display calculated features that are essential for the detection and classification in disease
detection. They include the mean, standard deviation (S.D.), and entropy, among other metrics. Thus, they
are mean: 49.2243; S.D.: 70.5015; and entropy: 4.62496. They also measure the RMS at 10.4017, variance
of 4415.15, and kurtosis of 3.56633. The classification works say that the leaf is infected with Cercospora
Leaf Spot, covering an area of 15.0185% of the leaf. Furthermore, the user may have access to the
classification accuracy once the model has completed its analysis. This proposed method is essential in
enabling farmers to undertake fast and correct actions to control disease outbreaks and enhance output.

Sample Input Image Enhanced Image Segmented Image Detected Disease (Result)

1 Gray Leaf Spot
(GLS)
2 Northern Corn
Leaf Blight
(NCLB)
3 Southern Corn
Leaf Blight
(SCLB)
4 Maize Dwarf
Mosaic Virus
(MDMV)
5 Healthy Leaf

Figure 3: Sample results - Maize leaf Disease Detection

Figure Visualization of maize leaf disease detection showing input, enhanced, and segmented images with
the corresponding classification results for Northern Corn Leaf Blight, Southern Corn Leaf Blight, Gray Leaf
Spot, Maize Dwarf Mosaic Virus, and healthy maize leaves

6. Evaluation Metrics

True Positives (TP) - These are the correctly predicted positive values which mean that the value of
the actual class is yes and the value of the predicted class is also yes

True Negatives (TN) - These are the correctly predicted negative values which means that the value of
the actual class is no and value of the predicted class is also no.

False positives and false negatives, these values occur when the actual class contradicts with the
predicted class.

False Positives (FP) - When actual class is no and predicted class is yes.

False Negatives (FN) - When actual class is yes, but predicted class is no.

Based on these four parameters, Accuracy, Precision, Recall and F1 score values are calculated
6.1Precision

Precision is the ratio of correctly predicted positive observations of the total predicted positive
observations.

Precision = TP/TP+FP
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Figure 4 Comparison of Precision Values

Comparing Precision between the proposed Deformable Res-DCNN and other existing methods provides
evidence of the proposed model's success in classifying or segmenting data satisfactorily, especially applied
to image analysis within the arena of soil. Precision, as a critical measure of how well a model can recognize
relevant instances without inclusion of too many false positives, plays an important role in image analysis.
In the figure 4 Deformable Res-DCNN had the highest Precision score of 0.92, which means that this specific
model is beneficial in identifying true positive samples while minimizing false positives-aspects of great
importance in image analysis, since the reduction of false-positives leads to better predictions and less
misclassifications of the extracted features.

The traditional model CNN with GLCM Features achieves 0.85 for Precision, indicating that, while the model
is reasonably efficient, it allows more false positives than the Deformable Res-DCNN. ResNet-50 scored 0.88
in Precision, a minor gain over the previous, but still lower compared to the proposed method, indicating
that the model, while benefiting from the capability of deep learning, found itself having less accuracy under
this condition than a Deformable Res-DCNN.

MobileNetV2, mainly acknowledged for mobile and embedded applications, yielded a score of 0.87 for
Precision, indicating a reasonable compromise between reach and execution, but still was short of the
proposed Deformable Res-DCNN, implying that that this model offers a better proposition in high-precision
dependent tasks.

The performance of the proposed Deformable Res-DCNN outstrips that of the rest of the models in
precision, thus providing a far more reliable choice in the pursuit of image feature extraction where a high
degree of accuracy in classification is of paramount importance.

6.2Recall
Therecallis the ratio of correctly predicted positive observations to all observations in actual class is yes.
Recall = TP/TP+FN

0.9
0.9
0.88 0.86

0.86 0.84
0.84 0.82

0.82
0.8

Recall

(4 r
0.78

Deformable CNN + GLCM ResNet-50 MobileNetV2
Res-DCNN Features

Figure 5 Comparison of recall values

Difficulties such as determining how many relevant positive instances in the dataset have been correctly
identified by the model arise when comparing Recall between the proposed Deformable Res-DCNN and any
other existing methods. The Recall metric is most important in applications where minimizing the false
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negatives is paramount, such as soil image analysis and medical diagnostics.

Deformable Res-DCNN is the best of the models with a 90% Recall, with the Deformable Res-DCNN being
highly effective in discovering true positive samples with very few false negatives. Such properties make
the proposed method specifically beneficial for application areas where the identification of positive
instances should not be missed, like subtle soil property variations.

So the Recall of 0.82 for CNN + GLCM Features indicates that it performs much lower than the proposed
model and seems to be more likely to miss positive instances. Recall of 0.86 by ResNet-50, while indeed
lower than the outcome of CNN with GLCM Features, still compares poorly against the Deformable Res-
DCNN in identifying relevant positive samples. MobileNetV2 attracted Recall scores of 0.84, with
reasonable performance still not preferable to the proposed method. The Deformable Res-DCNN reports
the highest Recall among the models used, and thus it provides the best finding therein positive instances,
which in essence is basic for applications where concentration should be value high in all areas or
dimensions.

6.3F1-Score

F1 score is the weighted average of Precision and Recall. Therefore, this score takes both false positives
and false negatives into account.

F1 Score = 2*(Recall * Precision) / (Recall + Precision)

0.91
0.92

0.9

0.87
0.88

0.85
0.86

0.83
0.84

F1-Score

0.82

0.8
[ 4 ”
0.78

Deformable GLCM Features ResNet-50 MobileNetV2
Res-DCNN

Figure 6 Comparison of F1 Score

Figure 6 shows the comparison of proposed method with existing methods. The proposed method scored
highest F1 Score values than other method.

6.4Accuracy

Accuracy is the most intuitive performance measure, and it is simply a ratio of correctly predicted
observation to the total observations.

Accuracy = TP+TN/TP+FP+FN+TN

0.98

0.95 0.9
0.9 0.86

0.85 0.82

0.8

Accuracy(%)

0.75

4 >
0.7

Deformable CNN + GLCM ResNet-50 MobileNetV2
Res-DCNN Features

Figure 7 Comparison of Accuracy
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Table Ablation Study of Maize Leaf Disease Detection

Model Configuration Accuracy | Recall | F1-Score
Base CNN 0.82 0.78 0.79
CNN + Deformable Convolution 0.89 0.83 0.84
CNN + Deformable Convolution + Residual Block | 0.93 0.86 0.87
+ Spatial Pyramid Pooling 0.96 0.88 0.89
+ Attention Mechanism (Proposed) 0.98 0.90 0.91

The Deformable Res-DCNN achieves the best overall performance, with an accuracy of 0.98, recall of 0.90,
and F1-score of 0.91. Compared with the other models, the proposed architecture provides improved
disease recognition by effectively learning the irregular spatial patterns and disease-specific features
present in maize leaves.

7. Conclusion

In this research, we wish to present a novel deep learning approach for maize plant disease detection that
combines the power of Deformable Residual Deep Convolutional Neural Networks (Res-DCNN), Spatial
Pyramid Pooling (SPP), and Attention Mechanism. The proposed model captures multi-scale spatial
features while varying the image scales so as to maximize the identification and classification of maize plant
diseases, including rust, blight, and leaf spot. The use of Attention Mechanism further refines the model by
focusing on critical disease-related areas to enhance both accuracy and interpretability. The race to the top
of performance for all existing models would now focus on detection accuracy, F1-score, and computational
efficiency by further optimizing, expanding the dataset, and deploying the interventions in our field-based
systems for enhanced practicability in precision agriculture.
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