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Abstract

Image-based plant disease recognition plays a pivotal role in smart agricul-
ture, facilitating early detection and effective management of crop diseases.
Existing approaches primarily employ Convolutional Neural Networks (CNNs)
or Vision Transformers (ViTs) to extract discriminative visual features and
perform disease classification, achieving encouraging outcomes. However, these
models often struggle to adequately model long-range spatial dependencies and
sequence-level information while maintaining lightweight architectures suitable
for deployment on mobile or edge devices. In this study, we introduce Plan-
tXMamba, an efficient hybrid model that synergistically integrates CNNs with
a structured State Space Model (SSM), termed Mamba, to simultaneously
capture local and global contextual features. The architecture is designed to
enhance accuracy, interpretability, and computational efficiency. Comprehensive
experiments were conducted on multiple benchmark datasets—including Maize,
Rice, Apple, Embrapa, and PlantVillage—to demonstrate the effectiveness and
generalizability of the proposed approach.

Keywords: plant disease recognition, PlantXMamba, state space model, CNN,
Mamba, smart agriculture, image classification



1 Introduction

The widespread adoption of deep learning techniques over the past decade, particularly
Convolutional Neural Networks (CNNs), has significantly advanced the field of image-
based plant disease recognition [1-9]. CNN-based models such as VGG, ResNet, and
Inception (GoogleNet), as well as more lightweight alternatives like MobileNet, often
augmented with attention mechanisms, have been extensively utilized to detect and
classify disease symptoms in crops like maize and rice [1-4] [5]. These models excel at
learning localized visual patterns, such as necrotic spots, chlorosis, and marginal blight,
which are essential for accurate diagnosis. Despite their effectiveness in capturing
fine-grained visual cues, conventional CNN architectures exhibit inherent limitations
in modeling global contextual dependencies—an important aspect when symptoms
are spatially diffuse or irregularly distributed across the foliar surface. Additionally,
their substantial computational complexity often hinders real-time deployment in field
environments with limited processing capabilities.

To address these challenges, Transformer-based models, especially the Vision
Transformer (ViT) [10-12], have gained traction. By replacing convolutional opera-
tions with self-attention mechanisms, ViTs effectively model long-range dependencies
between image patches and have shown promising results in complex visual recogni-
tion tasks [11, 13-15]. However, their reliance on large-scale training datasets and high
computational cost renders them less suitable for lightweight or real-time agricultural
applications.

Recently, the Mamba architecture, a member of the State Space Model (SSM) fam-
ily [16-21], has emerged as a viable alternative. Mamba leverages selective state-space
transitions to capture temporal and spatial dependencies with linear time complexity,
offering an appealing trade-off between modeling capacity and computational efficiency
[22—-24]. Motivated by the complementary strengths of CNNs and SSMs, this paper
proposes PlantXMamba, a hybrid architecture that unifies hierarchical local feature
extraction and global contextual modeling for enhanced plant disease recognition.

2 Releated work

In recent years, the advancement and consolidation of deep learning tech-
niques—particularly Convolutional Neural Networks (CNNs)—have significantly con-
tributed to the evolution of image-based systems for plant disease diagnosis. CNN
architectures have demonstrated exceptional capability in learning fine-grained local
visual patterns and in accurately identifying pathological symptoms manifested on
foliar surfaces.

Numerous foundational studies have highlighted the effectiveness of CNN-based
models. For instance, Chen et al. [1] [2] developed lightweight CNNs integrated with
attention mechanisms, achieving classification accuracies of approximately 98.5% on
maize and rice datasets. Zhao et al. [3] introduced RIC-Net, a sophisticated archi-
tecture that combines Inception and Residual modules alongside attention layers,
reaching a state-of-the-art accuracy of 99.55%. Similarly, MobileNet-V2, enhanced
with attention mechanisms [4], reported performance in the range of 97.3% to 99.1%
on the PlantVillage dataset [25]. Moreover, transfer learning methods that utilize



deep architectures such as ResNet and DenseNet have achieved high accuracy in
crop-specific disease classification tasks, particularly in rice [26] and maize [27].

Despite these advances, conventional CNNs inherently struggle to capture global
contextual semantics across spatial regions—an essential capability for identifying
symptoms that are spatially diffuse or heterogeneously distributed. To address this
limitation, Vision Transformers (ViTs) [10] have emerged as a transformative archi-
tecture in computer vision. By discarding convolutional inductive biases in favor
of self-attention mechanisms, ViTs effectively model long-range dependencies across
image patches, thus enhancing performance in tasks requiring global perceptual
understanding.

Within the domain of plant disease detection, both pure ViT-based models and
hybrid CNN-ViT architectures have been explored. For example, PlantXViT [13], a
hybrid explainable model, reported classification accuracies ranging from 92.6% to
98.3% across Apple, Maize, Rice, PlantVillage and Embrapa datasets [25, 26, 28, 29].
Other works have leveraged ViTs alongside CNN backbones such as VGG16 and
DenseNet, achieving classification accuracies of 99.24% and 98.0% for apple and maize
leaf diseases, respectively [30]. Additionally, the Data-efficient Image Transformer
(DeiT) has shown superior performance in classifying mango leaf diseases, surpassing
CNN counterparts with comparable parameter budgets by attaining an accuracy of
99.75% [31].

Concurrently, a promising alternative to Transformer-based models has emerged in
the form of State Space Models (SSMs), particularly the Mamba architecture [16] [20]
[32] [21]. Mamba introduces a novel sequential modeling paradigm that utilizes selec-
tive state transitions to capture long-range dependencies with linear computational
complexity. Its efficient design makes it well-suited for spatiotemporal feature modeling
and high-throughput inference on GPU/TPU accelerators. Noteworthy applications
include YOLO-BSMamba [17], an enhanced YOLOv8s model equipped with Mamba
modules for in-field tomato leaf disease detection. By incorporating the HCMamba
variant, the model achieved significant gains in accuracy, recall, and mean average
precision (mAP), with improvements of 3-5% over baseline models [33].

Architectural variants of Mamba have also been explored for plant disease clas-
sification. ConMamba [34] proposed a self-supervised framework utilizing the Vision
Mamba Encoder (VME), which effectively captures global inter-patch dependencies,
outperforming traditional CNNs across benchmark datasets. VMamba [35] further
introduced a Selective Spatial Scanning module (SS2D) tailored for plant leaf disease
recognition, and demonstrated superior predictive accuracy and training efficiency
compared to models such as ResNet-50, ViT, and Swin Transformer.

Motivated by these advancements, the present study introduces PlantXMamba, a
novel hybrid architecture that fuses the hierarchical local feature extraction of CNNs
with the global modeling capabilities of Mamba. The architecture is systematically
evaluated in three configurations:

® VGG16 backbone.
® InceptionNet backbone.
® A composite VGG16 4 InceptionNet backbone.



This hybrid design aims to balance representational richness with architectural
compactness, making it suitable for real-time deployment in resource-constrained
agricultural settings without compromising diagnostic performance.

3 Methodology

N x Mamba Block

Selective SSM

CNN Backbone

224x224x%3

activation o maltiplication

Global Average Pooling 1D
v

. Projection

. [ J

T

‘ Linear projection of flatten patches

{ Number of disease classes (Output) |

Fig. 1: Architecture of PlantXMamba

The process of plant disease recognition from images typically involves three key
stages: image feature extraction, spatial relationship modeling, and disease classifica-
tion. Previous approaches have primarily relied on conventional Convolutional Neural
Networks (CNNs) or Transformer-based architectures for feature learning. However,
these methods often face limitations in effectively modeling long-range dependencies
while maintaining computational efficiency. In this study, we propose PlantXMamba,
a novel architecture that integrates CNNs with a Structured State Space Model
(Mamba) to simultaneously capture both local features and global spatial relation-
ships in leaf images. As illustrated in Figure 1, the proposed model consists of three
main phases: extracting visual features from input images using CNNs, modeling spa-
tial dependencies through Mamba blocks, and classifying leaf diseases based on the
aggregated features.

The PlantXMamba model is designed to handle input images with flexible res-
olutions, depending on the chosen CNN backbone architecture. The backbone is
configurable with various pretrained CNN architectures such as VGG16 or Inception,
allowing adaptation to the characteristics and requirements of different datasets. The
CNN backbone is responsible for reducing the spatial dimensions of the input image
(e.g., from 224 x 224 x 3) to a compressed spatial representation (typically 56 x 56
x 512), which serves as the input to the subsequent patch embedding and Mamba
blocks.



The model retains the ability to process images of varying resolutions, which is
advantageous for deployment in real-world applications. In our experiments, images
are normalized to fixed sizes such as 224 x 224 or 299 x 299. The resulting feature
tensor is then partitioned into 121 patches of size 5 x 5 and linearly projected into a
sequence with shape (121, 16). This sequence is fed into a stack of N Mamba blocks
to extract local features. Specifically, PlantXMamba employs N = 4 stacked Mamba
blocks to perform this task. Finally, a 1D pooling layer and a fully connected layer are
applied to aggregate the features and produce the final classification output.

Here, the loss for all the n samples in a batch was calculated using y; as the actual
label and g; as the predicted value of the i-th sample.

1 n A
Loss ==~ yilog(fi) (1)
i=1

To obtain a comprehensive understanding of the model’s performance, we employed
a set of standard classification evaluation metrics. These metrics assess various aspects
of the model’s predictive capability.

Accuracy: Used as an overall indicator, accuracy measures the proportion of
correct predictions over the entire dataset.

TP+TN
TP+TN+FP+ FN

(2)

Accuracy =

Precision: The ratio of true positive samples to the total number of samples
predicted as positive.

TP
Precision = m (3)

Recall: The ratio of true positive samples to the total number of actual positive
samples.

TP
Recall = m (4)

F1-Score: It relates Precision and Recall by calculating the harmonic mean
between them.

Precision x Recall
F1-S =2 5
core % Precision + Recall (5)

Area Under the Curve (AUC): AUC is the area covered by the receiver char-
acteristic operartor ROC curve. The ROC is calculated using the plot of True Positive
Rate (TPR) against the False Positive Rate (FPR).

TP

TPR =75 N

(6)



FP
FPR = FP+TN @)

Cohen’s Kappa Score: Cohen’s kappa coefficient or score is a probability based
measure where the outcome is the level of agreement parties for classification problems.

Do — De
N 8

Where p, is the relative agreement probability and p, is the hypothetical agreement
probability between the parties.

4 Experimental Results

4.1 Datasets

Table 1: Datasets overview

Dataset # of classes # of images
Apple [29] 4 1821
Embrapa [28] 93 46376
Maize [26] 4 1999
Plant Village [25] 38 54305
Rice [26] 5 560

Experiments were carried out on five publicly available datasets, each representing
different geographical regions and varying in scale, balance, and crop diversity. The
objective was to train and evaluate the proposed model across a broad spectrum
of plant diseases and imaging conditions, thereby assessing its generalizability and
robustness.

The datasets encompass both small, balanced collections (approximately 400-500
images) and large, imbalanced datasets (exceeding 40,000 images). Specifically, the
PlantVillage dataset comprises 54,305 images across 38 disease classes, while the
Embrapa dataset includes 46,376 images categorized into 93 classes—both contain-
ing data from multiple plant species with foliar symptoms. In contrast, the Apple,
Maize, and Rice datasets are single-species collections utilized for targeted evaluation
on specific crop types.

A summary of dataset characteristics is provided in Table 1, and representative
image samples from each dataset are illustrated in Figure 2, depicting a range of
disease manifestations such as apple scab, Embrapa brusone, maize gray leaf spot,
potato early blight, and rice bacterial streak.



Fig. 2: Sample images from all datasets: (a) scab (Apple), (b) brusone (Embrapa), (c)
gray leaf spot (Maize), (d) potato early blight (PlantVillage), (e) bacterial leaf streak
(Rice).

4.2 Experimental Setup

All experiments were carried out in a high performance computational environment
equipped with an NVIDIA A100 GPU (40GB memory), an Intel Xeon processor (32
cores), and 128GB of RAM. The software environment was configured using Python
3.8, PyTorch 1.12, and the CUDA 11.4 acceleration toolkit.

During training, the input images were resized to uniform dimensions (e.g., 224 x
224 or 299 x 299), depending on the configuration of the CNN backbone. The model
was trained using the Adam optimizer with a learning rate of 0.0001 and a batch size
of 16. Training performance was monitored using multi-class cross-entropy loss, with
model selection guided by validation accuracy

4.3 Results and analysis

4.3.1 Performance of Backbone Configurations

A comparative evaluation of PlantXMamba under various CNN backbones is pre-
sented in Table 2. On the large-scale datasets (PlantVillage and Embrapa), the VGG16
backbone consistently yielded superior performance across most evaluation metrics,
including Accuracy, Precision, Recall, F1-Score, and Cohen’s Kappa.

For the smaller datasets, Rice and Maize achieved the highest accuracy with the
InceptionNet backbone, while the Apple dataset exhibited the best overall perfor-
mance when using the combined VGG16 + InceptionNet configuration. These findings
suggest that different backbone configurations offer complementary strengths depend-
ing on the dataset size and complexity. The consistent improvements observed across
multiple evaluation metrics further support the robustness and adaptability of the
PlantXMamba architecture under varying backbone strategies.



Table 2: PlantXMamba’s performance with different backbones (in %)

Backbone Accuracy Precision Recall F1 Score Kappa

PlantVillage Dataset

VGG16 + InceptionNet 98.71% 98.74% 98.71% 98.72% 98.65%

VGG16 98.76% 98.82% 98.76% 98.77% 98.70%

InceptionNet 96.26% 96.49% 96.26% 96.24% 96.08%
Embrapa Dataset

VGG16 + InceptionNet 94.34% 94.34% 94.32% 94.32% 93.26%

VGG16 98.72% 98.72% 98.72% 98.72% 98.68%

InceptionNet 98.65% 98.65% 98.65% 98.65% 98.55%

Apple Dataset
VGG16 + InceptionNet 97.08% 97.43% 97.08% 97.20% 95.81%

VGG16 95.99% 96.58% 95.99% 96.21% 94.25%
InceptionNet 96.35% 96.08% 96.35% 96.15% 94.71%
Rice Dataset
VGG16 + InceptionNet 99.00% 99.05% 99.00% 99.00% 98.74%
VGG16 98.00% 98.17% 98.00% 98.02% 97.48%
InceptionNet 99.00% 99.05% 99.00% 99.00% 98.74%
Maize Dataset
VGG16 + InceptionNet 97.75% 97.69% 97.75% 97.75% 97.00%
VGG16 96.50% 96.60% 96.50% 96.50% 95.33%
InceptionNet 98.50% 98.51% 98.50% 98.50% 98.00%

4.3.2 Compare with other models:

PlantXMamba was compared with five plant disease classification models using CNN
[1-4, 36] and a combination model between CNN and ViT [13]. The models selected
are all modern architectures that integrate attention mechanisms and have a compact
structure. Each model represents a different approach to leaf diseases detection, so
the comparative results are highly reference and directional. Table 3 presents results
comparing the accuracy of the models, with PlantXMamba achieving accuracy of
97.08%, 89.34%, 98.50%, 98.76% and 99.00% on five datasets Apple, Embrapa, Maize,
PlantVillage, and Rice, respectively.

5 Conclusion

In this study, we proposed and developed PlantXMamba — a hybrid architecture
combining Convolutional Neural Networks (CNNs) and Mamba blocks—to address
the problem of plant leaf disease classification. The model leverages the effective local
feature extraction capabilities of CNNs with the capacity of Mamba to model long-
range dependencies within the image space, thereby enhancing accuracy in computer
vision tasks.



Table 3: Comparison of the work with other state-of-the-art

Approach Accuracy Precision Recall F1 Score Kappa

Apple Dataset

Karthik et al. [36] 62.37 62.84 61.83 62.35 0.45
Chen et al. [1] 55.91 56.35 54.84 55.58 0.36
Chen et al. [4] 83.33 83.7 82.8 83.25 0.76
Chen et al. [2] 83.33 85.47 82.26 83.83 0.76
Zhao et al. [3] 88.71 89.62 88.17 88.89 0.84
Thankur et al. [13] 93.55 93.55 93.55 93.55 0.91
PlantXMamba 97.08 97.43 97.08 97.20 95.81

Embrapa Dataset

Karthik et al. [36] 80.29 83.07 78.38 80.6 0.82
Chen et al. [1] 80.95 85.08 76.02 80.3 0.78
Chen et al. [4] 73.63 80.12 67.86 73.48 0.73
Chen et al. [2] 74.88 82.93 66.06 73.18 0.75
Zhao et al. [3] 88.48 89.13 87.14 88.28 0.88
Thankur et al. [13] 89.24 91.17 88.27 89.7 0.89
PlantXMamba 89.34 89.27 89.34 89.05 88.93

Maize Dataset

Karthik et al. [36] 54.32 59.72 53.09 56.21 0.39
Chen et al. [1] 49.38 50.85 37.04 42.86 0.33
Chen et al. [4] 87.65 87.65 87.65 87.65 0.84
Chen et al. [2] 88.89 91.03 87.65 89.31 0.85
Zhao et al. [3] 77.78 78.75 77.78 78.26 0.7
Thankur et al. [13] 92.59 93.67 91.36 92.5 0.9
PlantXMamba 98.50 98.51 98.50 98.50 98.00
PlantVillage Dataset
Karthik et al. [36] 95.83 96.2 95.6 95.89 0.96
Chen et al. [1] 87.94 89.59 86.71 88.07 0.85
Chen et al. [4] 74.63 80.92 69.64 75.03 0.74
Chen et al. [2] 96.68 97.49 95.83 96.64 0.97
Zhao et al. [3] 97.28 97.49 97.06 97.27 97.15
Thankur et al. [13] 98.86 98.9 98.81 98.85 0.99
PlantXMamba 98.76 98.82 98.76 98.77 98.70
Rice Dataset
Karthik et al. [36] 71.67 79.55 58.33 69.31 0.64
Chen et al. [1] 76.67 83.02 73.33 77.87 0.71
Chen et al. [4] 96.67 96.67 96.67 96.67 0.95
Chen et al. [2] 95 96.61 96.61 96.61 0.94
Zhao et al. [3] 91.67 91.67 91.67 91.67 89.27
Thankur et al. [13] 98.33 98.33 98.33 98.33 0.98
PlantXMamba 99.00 99.05 99.00 99.00 98.74

Experimental results on five public datasets demonstrate that PlantXMamba
achieves outstanding performance compared to ViT-based models on small to medium-
sized datasets, including Rice (99.00%), PlantVillage (98.76%), Maize (98.50%), and
Apple (97.08%). Notably, on the more complex and diverse Embrapa dataset, the



model still attained an accuracy of 89.34%, showcasing its stability and practical
application potential.

However, PlantXMamba requires further improvement to enhance its ability to
model complex global-level relationships, particularly in the context of highly imbal-
anced data. The evaluation metrics indicate that PlantXMamba is an effective,
lightweight, and easily deployable approach. Future research directions include: opti-
mizing the architecture to improve performance on larger datasets; applying data
augmentation techniques and weighted loss functions to address class imbalance; and
exploring self-supervised learning to better leverage unlabeled datasets.
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