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 A B S T R A C T

Plant leaf disease detection plays a crucial role in agricultural production and food safety. With the rapid 
development of the Internet of Things (IoT) and advancements in sensor technology, plant leaf disease 
detection has become capable of remote and real-time monitoring, greatly enhancing the efficiency and 
precision of agricultural production. However, current detection methods face issues of insufficient accuracy 
and high model complexity, limiting their effectiveness and scalability in practical applications. To address 
these challenges, this paper proposes a novel network architecture, LeafMamba, which integrates the core 
ideas of the Mamba structure and overcomes the limitations of Transformer in complex scenarios. Through 
the innovatively designed LF-Mamba structure, LeafMamba efficiently captures multi-scale information and 
progressively enhances the spatial resolution of feature maps in the decoder, thereby improving the model’s 
ability to extract complex disease features. Experimental results on the Plant Pathology 2020 - FGVC7 and 
Plant Pathology 2021 - FGVC8 datasets show that LeafMamba achieves performance of 89.5% and 92.5% 
in mAP@0.5, respectively, significantly outperforming existing methods. Furthermore, the model reduces the 
number of parameters substantially, demonstrating higher computational efficiency.
1. Introduction

Plant diseases are one of the major challenges faced in global agri-
cultural production. They not only severely affect crop yield and quality 
but also threaten food security and the sustainable development of the 
agricultural economy [1,2]. Traditional methods of plant disease detec-
tion typically rely on manual observation, which is time-consuming and 
labor-intensive and is easily influenced by the subjective judgment and 
experience level of individuals. With the rapid development of informa-
tion technology, plant disease detection techniques based on computer 
vision have gained widespread attention [3–5]. These techniques can 
quickly and accurately identify different types of diseases by analyzing 
leaf images, significantly improving detection efficiency and accuracy.

In the field of plant leaf disease detection, common diseases include 
Scab, Rust, and Multiple Diseases. Scab is a fungal disease primarily 
manifested by spots and scab-like lesions on the surface of leaves, 
which severely affect the growth of fruit trees and crops. Rust, also 
caused by fungi, typically appears as yellow, orange, or brown spots 
on leaves, leading to early leaf drop and, in severe cases, impacting 
the photosynthesis and yield of the crop. Multiple diseases refer to a 
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single plant being simultaneously affected by multiple diseases, which 
increases the complexity and challenges of disease detection [6,7].

The importance of plant leaf disease detection is self-evident. Firstly, 
accurately identifying these diseases is crucial for crop management 
and disease control. Early detection and identification of diseases allow 
for timely, targeted interventions, reducing the spread of diseases and 
crop losses [8,9]. Secondly, automated disease detection systems can 
significantly reduce dependence on agricultural experts, especially in 
remote areas or regions with limited agricultural resources, providing 
farmers and agricultural workers with timely and convenient diagnostic 
services. Moreover, the introduction of deep learning techniques en-
hances the accuracy and robustness of disease detection systems when 
dealing with complex diseases, such as multiple diseases [10,11].

However, current deep learning-based disease detection algorithms 
still encounter efficiency bottlenecks [12,13]. The increased computa-
tional complexity of these models, coupled with the large volume of 
data, leads to relatively slow detection speeds [14]. This inefficiency 
not only restricts the practical applicability of these models but also 
significantly hampers the deployment of disease detection systems 
in large-scale agricultural environments. To overcome this challenge, 
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further optimization of the algorithm structure and improvements in 
model inference speed are essential to meet the real-time demands of 
practical applications [15,16].

To address the aforementioned limitations, we present the Leaf-
Mamba network, which integrates the core principles of the Mamba 
structure while optimizing the shortcomings of Transformers in com-
plex scenarios. Through the innovative LF-Mamba structure, our model 
effectively captures multi-scale information and progressively refines 
the spatial resolution of feature maps in the decoder, thereby enhanc-
ing its ability to extract intricate disease characteristics. Furthermore, 
LeafMamba not only improves detection accuracy but also enhances 
computational efficiency by reducing the number of model parame-
ters, making it suitable for both laboratory research and large-scale 
deployment in practical agricultural applications.

• This paper presents LeafMamba, a novel network architecture 
tailored for plant leaf disease detection. The model employs a 
multi-level, multi-scale approach to information processing, in-
corporating both internal and external Mamba modules to effi-
ciently capture and represent the visual features of input images. 
This architecture is particularly adept at identifying subtle dis-
ease characteristics, enhancing the model’s sensitivity to early or 
minor signs of plant pathology.

• The paper introduces the LF-Mamba block, which integrates a 
state space model (SSM) with an optimized self-attention mech-
anism. This architecture not only maintains high accuracy but 
also significantly reduces computational complexity. Unlike tra-
ditional self-attention mechanisms, the SSM demonstrates linear 
complexity growth when processing long sequence data, thereby 
greatly enhancing the model’s computational efficiency and mak-
ing it more practical for real-world applications.

• The LeafMamba model presented in this paper outperforms ex-
isting plant leaf disease detection models in experimental evalua-
tions. These exceptional results not only validate the effectiveness 
of the LeafMamba architecture but also pave the way for new 
research and application opportunities in the field of plant disease 
detection.

The following is an outline of the other sections of this paper: 
Section 2 introduces relevant research in the field of plant leaf diseases, 
providing a background and theoretical foundation for this study. 
Section 3 first explains the theoretical framework of State Space Models 
(SSMs), then elaborates on the core concepts and architectural de-
sign of the LeafMamba model. Section 4 is the experimental chapter, 
which primarily introduces the datasets used in this paper and their 
preprocessing methods, and conducts a large number of compara-
tive experiments, followed by an analysis of the results. Section 5 is 
the conclusion of the paper, summarizing the research findings and 
significance of the entire study.

2. Related work

In this section, we will first explore traditional methods of plant 
leaf disease detection, which are primarily based on classical image 
processing techniques and statistical methods. Secondly, we will delve 
into the application of deep learning in plant leaf disease detection, 
specifically examining how concepts from YOLO, Transformer, and 
Mamba can be utilized to enhance the accuracy and efficiency of 
detection.

2.1. Traditional methods in leaf disease detection

Traditional methods for detecting plant leaf diseases typically rely 
on manual observation and expert judgment, where agricultural spe-
cialists visually inspect the leaves of crops to identify the type and 
severity of the disease [17–19]. Although intuitive, this approach is lim-
ited by human subjectivity and is heavily influenced by the observer’s 
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level of experience. Moreover, it is time-consuming and labor-intensive 
to implement in large-scale agricultural environments [20,21]. Addi-
tionally, this method is prone to misdiagnosis or oversight, particularly 
when dealing with the simultaneous presence of multiple diseases or 
complex symptoms [22,23]. To enhance detection efficiency, several 
traditional image processing-based methods have emerged in recent 
years. These methods rely on manually extracted features such as color 
histograms, shape features, texture features, and edge features. Re-
searchers typically use various image processing techniques, including 
thresholding, edge detection, and morphological operations, to extract 
features from the diseased regions in leaf images. These extracted 
features are then classified using conventional machine learning al-
gorithms such as Support Vector Machines (SVM) [24,25], K-Nearest 
Neighbors (K-NN) [26], Naive Bayes classifiers [27], and decision 
trees [28]. These methods can improve the automation of detection 
to some extent, reducing dependence on manual observation. How-
ever, plant disease detection based on traditional methods has several 
significant limitations. Firstly, these methods are highly dependent 
on image quality and environmental conditions, such as variations in 
lighting, background complexity, and noise interference, which can 
affect detection accuracy [29]. Secondly, the representational capacity 
of manually extracted features is limited, failing to capture the complex 
patterns and subtle variations of diseases adequately. Furthermore, 
traditional methods usually only recognize specific types of diseases 
and are significantly less effective at detecting multiple co-occurring 
diseases or new types of diseases [30]. With the rise of deep learning 
technologies, these limitations have prompted researchers to seek more 
intelligent and automated solutions.

2.2. Deep learning for plant leaf disease detection

In recent years, deep learning technology has made significant 
strides in the field of plant leaf disease detection, particularly through 
the use of convolutional neural networks (CNNs) and their enhanced 
models, which excel in image recognition tasks. Detection models based 
on the YOLO (You Only Look Once) series, such as YOLOv8 [31] 
and YOLOv9 [32], have gained widespread application in plant leaf 
disease detection. These models offer end-to-end detection capabilities, 
enabling simultaneous object localization and classification in a single 
forward pass, which greatly enhances both detection efficiency and 
accuracy. YOLOv8 has improved feature extraction and optimized net-
work structures, making it more effective in handling plant leaf disease 
detection tasks, especially in complex backgrounds. YOLOv9 further 
refines the model’s precision and robustness, excelling particularly in 
detecting small objects and handling multi-object scenarios.

At the same time, detection models based on Transformers, such as 
DETR (Detection Transformer) [33] and RT-DETR (Real-Time Detection 
Transformer) [34], have also started to be applied in plant disease 
detection. DETR effectively captures long-range dependencies in images 
through a self-attention mechanism, achieving high detection accu-
racy even under complex backgrounds and occlusion conditions [35]. 
RT-DETR builds on DETR with optimizations that significantly en-
hance real-time detection, making it more suitable for agricultural 
applications that require rapid response.

Additionally, the widely used transfer learning and fine-tuning tech-
niques in glaucoma and COVID-19 detection provide valuable insights 
for plant disease detection [36,37]. In COVID-19 detection, deep learn-
ing models based on ensemble CNN and hybrid LSTM-CNN perform 
excellently, offering rapid and accurate predictions through the anal-
ysis of chest X-ray images. This is similar to plant disease detection, 
where models pre-trained on large-scale datasets and fine-tuned for 
specific agricultural scenarios can significantly enhance the model’s 
adaptability and accuracy.

Despite the significant progress of these deep learning methods in 
plant leaf disease detection, they still have some limitations. One major 
challenge is the slow computational speed. While models like YOLOv8 
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Fig. 1. LeafMamba network architecture.
and YOLOv9 have improved accuracy, their complex network struc-
tures and large number of parameters result in relatively slow inference 
speeds, which do not meet the real-time requirements of large-scale 
agricultural environments [38]. Similarly, although Transformer-based 
models perform well in complex scenarios, their self-attention mech-
anisms have high computational complexity, leading to long infer-
ence times. These computational speed bottlenecks limit the practical 
deployment and use of these algorithms in large-scale agricultural 
applications. Therefore, optimizing model structures to improve com-
putational efficiency while maintaining high accuracy is a key research 
direction for applying deep learning in plant leaf disease detection.

3. Method

In this section, we begin by reviewing the fundamental concepts 
of State Space Models and Vision Mamba. We then introduce the 
LeafMamba network architecture proposed in this paper and provide 
a detailed description of the LF-Mamba block’s composition. Lastly, we 
analyze the complexity of the LeafMamba model.

3.1. Preliminaries

State Space Models. State Space Models (SSMs) [39] map input 
𝑥(𝑡) ∈ R𝐿 to output 𝑦(𝑡) ∈ R𝐿 through internal states ℎ(𝑡) ∈ R𝑁 , 
modeled by linear ordinary differential equations (ODEs). The key 
parameters include the state transition matrix 𝐴, projection vectors 𝐵
and 𝐶, and skip connection 𝐷. 
ℎ′(𝑡) = 𝐴ℎ(𝑡) + 𝐵𝑥(𝑡)

𝑦(𝑡) = 𝐶ℎ(𝑡) +𝐷𝑥(𝑡)
(1)

SSMs due to their continuous-time nature, pose significant chal-
lenges when applied to deep learning scenarios. To effectively integrate 
SSMs, it is often necessary to convert their described ordinary differen-
tial equations (ODEs) into discrete-time form. Eq. (2) demonstrates this 
conversion method. In this form, the discrete-time hidden state ℎ𝑘 is 
updated using the previous time step’s state ℎ𝑘−1 and the current input 
𝑥𝑘. Here, the transformed state transition matrix is 𝐴̄ = 𝑒𝛥𝐴, and the 
input projection matrix is 𝐵̄ = (𝑒𝛥𝐴 − 𝐼)𝐴−1𝐵, where 𝐼 is the identity 
matrix representing the transition from continuous to discrete time 
during discretization. The projection matrix 𝐶̄ = 𝐶 remains unchanged 
and is used to map the hidden state ℎ(𝑡) to the output 𝑦(𝑡). 
ℎ𝑘 = 𝐴̄ℎ𝑘−1 + 𝐵̄𝑥𝑘, 𝑦(𝑡) = 𝐶ℎ(𝑡) +𝐷𝑥(𝑡)
̄ 𝛥𝐴 ̄ 𝛥𝐴 −1 ̄ (2)

𝐴 = 𝑒 , 𝐵 = (𝑒 − 𝐼)𝐴 𝐵, 𝐶 = 𝐶
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During the discretization of state space models, to further simplify 
the representation of the input projection matrix, matrix 𝐵̄ can be 
expanded using a Taylor series, as shown in the equation: 
𝐵̄ = (𝑒𝛥𝐴 − 𝐼)𝐴−1𝐵 = (𝛥𝐴)(𝛥𝐴)−1𝛥𝐵 = 𝛥𝐵 (3)

In Eq.  (3), the matrix 𝑒𝛥𝐴 represents the exponential form of the 
state transition matrix, and 𝐼 is the identity matrix. By re-expressing 
matrix 𝐵̄, we utilize the properties of matrix inversion and multipli-
cation to further simplify 𝐵̄ to 𝛥𝐵. This process effectively simplifies 
the representation of the discretized state space model, making the 
model more efficient in handling the input projection matrix while 
maintaining system stability and accuracy.

Vision Mamba. SSMs have also achieved great success in the field 
of computer vision. A representative work is Vision Mamba [40], 
which, when processing visual tasks, first transforms a two-dimensional 
image 𝑡 ∈ R𝐻×𝑊 ×𝐶 into a flattened 2D patch representation 𝑥𝑝 ∈
R𝐽×(𝑃 2⋅𝐶), where (𝐻,𝑊 ) are the dimensions of the input image, 𝐶 is the 
number of channels, and 𝑃  is the size of each image patch. Next, 𝑥𝑝 is 
linearly projected onto a vector of size 𝐷, and positional embeddings 
𝐸𝑝𝑜𝑠 ∈ R(𝐽+1)×𝐷 are added, as shown below: 

𝐓0 = [𝑡cls, 𝑡1𝑝𝐖, 𝑡2𝑝𝐖,… , 𝑡𝐽𝑝𝐖] + 𝐄pos, (4)

where 𝑡𝑗𝑝 is the 𝑗th patch of 𝑡, and 𝑊 ∈ R(𝑃 2⋅𝐶)×𝐷 is a learnable 
projection matrix. Vision Mamba normalizes the class token 𝑇 𝐿

0  and 
uses a Multi-Layer Perceptron to generate the final prediction 𝑇 𝑃

0 . 
𝐓𝑙 = Vim(𝐓𝑙−1) + 𝐓𝑙−1

𝑓 = Norm(𝐓0
𝐿)

𝑝̂ = MLP(𝑓 )
(5)

where Vim is the Vision Mamba block, 𝐿 is the number of layers, and 
Norm is the normalization layer.

3.2. LeafMamba network

As shown in Fig.  1, the proposed LeafMamba Network adopts a 
multi-scale and hierarchical approach to effectively capture and rep-
resent visual features from input images, aiming for accurate detection 
and classification of plant leaf diseases. The network structure begins 
with an input image of size 3×𝐻×𝑊 , where a series of transformations 
are applied to generate feature embeddings that serve as the foundation 
for subsequent detection and classification tasks.
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Fig. 2. LF-Mamba. (A) This paper introduces the LF-Mamba network, which consists of internal and external Mamba modules; (B) the specific structure of these modules is 
illustrated.
First, the network processes the input image through a Convolu-
tional Stem module to generate ‘‘visual sentences’’ and ‘‘visual words’’. 
These visual tokens are extracted through multiple convolution op-
erations to capture local textures and patterns, which are crucial for 
identifying subtle variations in plant leaf diseases. The core of the 
network consists of four stages of LF-Mamba modules: 𝐿1, 𝐿2, 𝐿3, 
and 𝐿4. Each stage contains multiple Mamba-in-Mamba modules that 
gradually extract deeper and more abstract features from the visual 
embeddings. By focusing on different scales and details of the input 
data, these modules enhance the feature extraction capability and effec-
tively capture complex patterns associated with various plant diseases. 
Between each stage, Patch Merging layers are employed to down-
sample the feature maps, reducing spatial resolution while increasing 
the depth of feature representations, thus learning more compact and 
meaningful features. Before the final prediction, the network uses up-
sampling modules to progressively restore the spatial resolution of the 
feature maps, ensuring that the output retains the necessary details 
for accurate localization. The features output by each stage are further 
refined through Residual Blocks, which use skip connections to retain 
critical information from earlier layers. Subsequently, Patch Expanding 
modules are used to up-sample the feature maps to a higher resolution, 
preserving spatial details for precise disease localization. Finally, the 
interpolated features are fed into the FCN (Fully Convolutional Net-
work) head, which adjusts the output to the original input resolution 
of 1 × 𝐻 × 𝑊 , generating the final locations and classifications of the 
detected diseases.
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The LeafMamba Network ensures comprehensive detection capabil-
ity through multi-scale and multi-level information integration, from 
visual word embedding to full image segmentation. By combining 
LF-Mamba modules, patch merging, and up-sampling modules, the net-
work efficiently and accurately handles various types of leaf diseases, 
even in complex backgrounds.

LF-Mamba. The core of the LF-Mamba Network is a hierarchical 
encoder composed of four stages, each containing a different number 
of tokens. These stages are designed to progressively encode input 
image features into different levels of abstraction. The spatial shape 
of the visual word embeddings is gradually reduced across the stages 
to 𝐻∕2 × 𝑊 ∕2, 𝐻∕4 × 𝑊 ∕4, 𝐻∕8 × 𝑊 ∕8, and 𝐻∕16 × 𝑊 ∕16 to 
effectively capture multi-scale information. Patch merging serves as 
a down-sampling operation between each stage, reducing the spatial 
resolution while increasing the depth of feature representation to better 
extract complex features related to leaf diseases. The visual words 
𝑋𝑖,𝑗 are mapped to a sequence of word embeddings 𝑤𝑖,𝑗 via linear 
projection, expressed as: 
𝑊 𝑖 = [𝑤𝑖,1, 𝑤𝑖,2,… , 𝑤𝑖,𝑚], 𝑤𝑖,𝑗 = 𝐹𝐶(𝑉 𝑒𝑐(𝑥𝑖,𝑗 )) (6)

where 𝑊 𝑖 is the set of word embeddings for the 𝑖th visual word, 𝑤𝑖,𝑗

represents the embedding of the 𝑗th patch in the 𝑖th stage, 𝐹𝐶 denotes 
the fully connected layer, and 𝑉 𝑒𝑐(𝑥𝑖,𝑗 ) is the vectorized representation 
of the 𝑗th patch 𝑥𝑖,𝑗 . As illustrated in Fig.  2(A), the LF-Mamba module 
consists of two main components: one is designed to traverse visual 
sentences, ensuring that global contextual information is fully captured 
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and conveyed throughout the network; the other is responsible for 
managing the visual words within each sentence, allowing for detailed 
extraction of local features. The first component primarily utilizes a 
series of self-attention mechanisms to capture global information within 
the visual sentences, which helps the network understand the overall 
structure and general layout of the image. The second component 
focuses on extracting fine-grained features by processing visual words 
individually, enhancing the understanding and capture of local details, 
such as subtle variations and edge characteristics associated with leaf 
diseases. The formula is expressed as: 
𝑊 𝑖′

𝑙 = 𝑊 𝑖
𝑙−1 +𝑀𝑎𝑚𝑏𝑎(𝐿𝑁(𝑊 𝑖

𝑙−1))

𝑊 𝑖
𝑙 = 𝑊 𝑖′

𝑙 + 𝐶𝑜𝑛𝑣𝐹𝐹𝑁 (𝐿𝑁(𝑊 𝑖′
𝑙 ))

(7)

where 𝑊 𝑖
𝑙  is the output of the 𝑖th visual word at layer 𝑙, 𝑊 𝑖

𝑙−1 represents 
the input from the previous layer, 𝐿𝑁(⋅) denotes the layer normal-
ization operation, 𝑀𝑎𝑚𝑏𝑎(⋅) is the function representing the Mamba 
operation on the normalized input, and 𝐶𝑜𝑛𝑣𝐹𝐹𝑁 (⋅) is the convolutional 
feed-forward network applied to the normalized intermediate output 
𝑊 𝑖′

𝑙 .
Additionally, we generate sentence embedding memory as a storage 

mechanism for information. In Eq.  (8), 𝑆 𝑖
𝑙−1 represents the embedding 

of the 𝑖th sentence at layer 𝑙 − 1, while 𝑊 𝑙
𝑖  denotes the embedding 

of the 𝑖th visual word at layer 𝑙. The visual word embedding 𝑊 𝑙
𝑖  is 

mapped to a vector representation through a fully connected layer 
(FC). After concatenation, this results in a new sentence embedding. 
This sentence embedding memory mechanism allows the network to 
efficiently store and propagate contextual information, enhancing its 
understanding and representation of the complex features associated 
with plant leaf diseases.

𝑆 𝑖
𝑙−1 = 𝑆 𝑖

𝑙−1 + 𝐹𝐶(𝑉 𝑒𝑐(𝑊 𝑙
𝑖 )), 𝑙 = 1, 2,… , 𝐿 (8)

To further enhance word-level features, we employ the Outer
Mamba module. This module strengthens the representation of local 
features by further processing visual word embeddings at each layer. 
The formula is: 
𝑆′
𝑙 = 𝑆𝑙−1 +𝑀𝑎𝑚𝑏𝑎(𝐿𝑁(𝑆𝑙−1))

𝑆𝑙 = 𝑆′
𝑙 + 𝐶𝑜𝑛𝑣𝐹𝐹𝑁 (𝐿𝑁(𝑆′

𝑙 ))
(9)

In the LF-Mamba block, both the inner and Outer Mamba blocks 
adopt the structural design of the Vision Mamba block and are closely 
integrated with a Convolutional Feed-Forward Network after each Vi-
sion Mamba block, as illustrated in Fig.  2(B). Specifically, the Vision 
Mamba blocks combines various operational units, including Layer Nor-
malization, Linear Transformation, activation function (SiLU), Depth-
wise Separable Convolution, and Space-to-Depth Convolution . These 
units sequentially extract and enhance the representation of input 
features, improving the network’s ability to capture and understand 
complex image patterns. The Convolutional Feed-Forward Network fur-
ther optimizes the depth and breadth of feature processing, consisting 
of 1 × 1 convolutions, 3 × 3 Depthwise Separable Convolutions, Batch 
Normalization, and the GELU activation function. This design effec-
tively captures multi-scale and multi-dimensional information while 
maintaining computational efficiency and the lightweight characteris-
tics of the model, thereby significantly enhancing the inference speed 
while ensuring high detection accuracy.

Decoder Structure. In the decoder structure, a patch expanding 
layer is used for the up-sampling operation. This layer gradually in-
creases the spatial resolution of the feature maps, allowing the network 
to recover fine details lost during down-sampling in the earlier layers. 
The output of the decoder is combined with the expanded feature 
set, effectively integrating high-level semantic information with low-
level spatial details. Finally, these fused features are further processed 
through a fully connected network layer, and an interpolation opera-
tion adjusts the output to match the resolution of the original input, 
ensuring accurate localization and classification of plant leaf diseases.
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3.3. Complexity analysis

For a visual sequence 𝑇 ∈ R1×𝑛×𝑑 , the computational complexity 
of the SSMs is given by 128𝑛𝑑, where 𝑁 denotes the dimension of the 
SSM, typically set to 16, and 𝐸 = 2𝑑. In contrast, the self-attention 
mechanism has a complexity of 4𝑛𝑑2 +2𝑛2𝑑. Clearly, the complexity of 
self-attention grows quadratically with the sequence length 𝑛, whereas 
the SSM maintains a linear growth rate.

In this paper, the FLOPs for all Inner Mamba blocks and the Outer 
Mamba blocks within the LF-Mamba blocks are calculated as 128𝑚𝑛𝑐 +
3𝑚𝑛𝑐2 and 128𝑛𝑑 + 3𝑛𝑑2, respectively, where 𝑚 is the number of visual 
words in a visual sentence, and 𝑐 represents the word embedding 
dimension. Thus, the total FLOPs for the LF-Mamba block, denoted as 
𝐹𝐿𝑂𝑃𝑠𝑀𝑖𝑀 , sum up to 128𝑚𝑛𝑐 + 128𝑛𝑑 + 3𝑚𝑛𝑐2 + 3𝑛𝑑2, maintaining 
an overall linear complexity. This efficiency is achieved despite the po-
tentially large number of parameters, ensuring scalability for practical 
applications across various domains.

4. Experiments

4.1. Experimental setup

Training Data. We utilized two publicly available plant pathology 
datasets: Plant Pathology 2020 - FGVC7 [41] and Plant Pathology 2021 
- FGVC8 [42]. The Plant Pathology 2020 - FGVC7 dataset comprises 
3644 high-quality annotated RGB images, while the dataset from the 
Plant Pathology 2021 - FGVC8 competition contains 3651 RGB images, 
primarily used for identifying diseases on apple leaves. Specifically, 
these images exhibit typical symptoms of cedar apple rust (Fig.  3A) 
and apple scab (Fig.  3B). Additionally, the datasets include images of 
leaves showing complex disease symptoms (i.e., more than one disease 
present on the same leaf; Fig.  3C) and healthy apple leaves (Fig.  3D).

In our study, we divided the datasets into training and testing sets 
with a ratio of 7:3. The training set was used to train the model 
to learn the characteristics of different diseases, while the testing set 
was employed to evaluate the model’s performance and verify its 
generalization ability on unseen data. This approach ensures that the 
model achieves high accuracy and robustness when handling new data 
in real-world applications.

Data Preprocessing. To enhance the model’s generalization abil-
ity and prevent overfitting, we employed various data augmentation 
techniques in this study. The primary augmentation methods include 
horizontal flipping, vertical flipping, and image blurring. Fig.  4 displays 
two different flipping operations: Image A and Image B respectively 
show the effects of vertical and horizontal flips on the Plant Pathology 
2020 - FGVC7 and Plant Pathology 2021 - FGVC8 datasets. Fig.  5 then 
demonstrates the outcomes of image blurring applied to these datasets.

As shown in Eq.  (10), suppose an image is represented as a matrix 
𝐴𝑖𝑗𝑘, where 𝑖 and 𝑗 denote the rows and columns of the image, respec-
tively, and 𝑘 represents the number of channels. The horizontal flip 
operation reverses each row of the image from left to right, specifically 
mapping the matrix element 𝐴𝑖𝑗𝑘 to 𝐴𝑖(𝑛+1−𝑗)𝑘, where 𝑛 is the width of 
the image. Similarly, the vertical flip operation reverses each column 
of the image from top to bottom, mapping the matrix element 𝐴𝑖𝑗𝑘 to 
𝐴(𝑚+1−𝑖)𝑗𝑘, where 𝑚 is the height of the image. 

Image = 𝐴𝑖𝑗𝑘

Horizontal flip ∶ 𝐴𝑖𝑗𝑘 → 𝐴𝑖(𝑛+1−𝑗)𝑘

Vertical flip ∶ 𝐴𝑖𝑗𝑘 → 𝐴(𝑚+1−𝑖)𝑗𝑘

(10)

For the blurring method, we apply a Gaussian filter to the image 
to smooth out details and reduce noise. This process is defined as con-
volving the image 𝐴𝑖𝑗𝑘 with a Gaussian kernel 𝐺𝜎 , where 𝜎 represents 
the standard deviation of the Gaussian distribution. The blurred image 
is then represented as: 
Blurring ∶ 𝐴𝑖𝑗𝑘 → (𝐴 ∗ 𝐺𝜎 )𝑖𝑗𝑘 (11)
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Fig. 3. The sample images in the dataset show: (A) Cedar apple rust (B) Apple scab (C) Multiple diseases on a single leaf (D) Healthy leaf.
Fig. 4. Data augmentation techniques demonstrated on leaf images. Panel (A) shows the original image, vertical flip, and horizontal flip applied to a leaf from the Plant Pathology 
2020 - FGVC7 dataset. Panel (B) illustrates the same set of transformations on a leaf afflicted with spots, sourced from the Plant Pathology 2021 - FGVC8 dataset. These 
transformations are typical augmentation methods used to enhance the robustness and generalization of machine learning models in plant disease detection.
Through flipping and blurring the data, we significantly increased 
the diversity of the samples, thereby enhancing the model’s generaliza-
tion capability. Specifically, after these data augmentation processes, 
the training set of Plant Pathology 2020 - FGVC7 includes a total 
of 7890 images, while the test set comprises 3450 images. Similarly, 
the training set for Plant Pathology 2021 - FGVC8 expanded to 8230 
images, with the test set containing 4520 images. These data aug-
mentation strategies ensure the robustness of the model under various 
conditions and changes, helping to improve diagnostic accuracy and 
reliability.

Experimental Environment. This study was conducted in a high-
performance computing environment to ensure the efficiency and ef-
fectiveness of model training and evaluation. The experiments were 
executed on a computing platform with the following configuration: 
the operating system was Ubuntu 20.04 LTS, with an Intel Xeon Gold 
6248R CPU @ 3.00 GHz, equipped with 48 physical cores, and 256 GB 
of RAM. The Graphics Processing Unit (GPU) used was the NVIDIA 
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Tesla V100 32 GB, supporting CUDA 11.2 and cuDNN 8.1, to accelerate 
the computation of deep learning models. The primary frameworks 
used for development and experimentation were Python 3.8.10 and 
PyTorch 1.9.0, with data preprocessing, model training, and result 
analysis performed through Jupyter Notebook.

To ensure the reproducibility of our experiments, we set a fixed ran-
dom seed (42) for both training and testing, guaranteeing consistency 
in data splitting and model initialization. The training process utilized 
the Adam optimizer with an initial learning rate of 0.001, which was 
progressively reduced using a cosine annealing scheduler to facilitate 
smooth convergence. A batch size of 32 was employed, and the model 
was trained for 100 epochs to ensure comprehensive learning from 
the dataset. To mitigate overfitting, early stopping and weight decay 
regularization were implemented, with the weight decay factor set to 
1e−5.

Evaluation metrics. In this study, we employ several key metrics 
to quantify model performance, including Precision, Recall, and mean 
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Fig. 5. Illustration of image blurring as a data augmentation technique for leaf disease detection. Panel (A) demonstrates the effects of image blurring on a sample from the Plant 
Pathology 2020 - FGVC7 dataset. Panel (B) shows the blurring effects on a sample from the Plant Pathology 2021 - FGVC8 dataset.
Table 1
Comparison of model performance on Plant Pathology 2020 - FGVC7.
 Models mAP@0.5% mAP@0.5-0.95% Parameters Model size/MB FLOPs/G FPS  
 RetinaNet [43] 68.3% 28.7% 4,570,023 9.1 14.4 126.6 
 EfficientDet [44] 71.7% 31.8% 5,852,863 10.5 13.1 144.9 
 M2Det [45] 73.5% 32.3% 4,863,463 9.7 12.1 137.9 
 SSD [46] 80.4% 35.8% 4,781,031 9.5 11.9 136.2 
 Cascade RCNN [47] 78.5% 26.8% 5,524,356 10.8 11.9 127.6 
 Faster RCNN [48] 82.1% 32.1% 4,872,579 9.2 11.9 127.3 
 YOLOv5s [49] 86.7% 37.8% 7,037,095 13.8 15.8 156.9 
 YOLOv5n [50] 84.5% 28.5% 2,772,695 7.7 6.2 142.3 
 YOLOv8s [51] 89.1% 35.8% 7,879,630 14.5 14.6 156.3 
 YOLOv8n [31] 88.7% 38.7% 3,152,334 6.6 8.5 142.5 
 Vision Mamba [40] 84.3% 39.5% 1,125,471 4.4 7.8 175.3 
 Mamba-in-Mamba [39] 85.4% 38.7% 1,387,524 4.3 6.4 165.8 
 Ours 89.5% 41.5% 994,478 3.8 5.3 178.3 
Average Precision (mAP) at an Intersection over Union (IoU) threshold 
of 0.5. Here are detailed explanations of these metrics:

Precision (P%): Precision measures the proportion of correctly pre-
dicted positive observations to the total predicted positives. The for-
mula for precision is: 

Precision = TP
TP + FP (12)

where TP stands for true positives, the number of correct positive 
predictions, and FP stands for false positives, the number of incorrect 
predictions as positive.

Recall (R%): Recall measures the proportion of actual positives 
correctly identified by the model. The formula for recall is: 

Recall = TP
TP + FN (13)

where FN stands for false negatives, the number of actual positives that 
were not detected by the model.

4.2. Comparisons with state-of-the-art detection methods

Performance Analysis on Plant Pathology 2020 - FGVC7 dataset
Table  1 provides a comprehensive performance comparison of our 
model against other leading models on the Plant Pathology 2020 
- FGVC7 dataset. Our model achieves leading scores of 89.5% and 
41.5% on key performance metrics mAP@0.5% and mAP@0.5–0.95%, 
respectively, surpassing YOLOv8s by 0.4% and 5.7%, and YOLOv5s 
by 2.8% and 3.7%. This improvement demonstrates our model’s effi-
cient capability in accurately recognizing a variety of plant diseases, 
421 
particularly its significant lead on the more stringent mAP@0.5–0.95% 
metric, showcasing its ability to capture subtle features. Compared to 
other models such as EfficientDet and SSD, which also perform well on 
mAP@0.5% with scores of 71.7% and 80.4% respectively, our model 
still exhibits superior performance on mAP@0.5–0.95%. Additionally, 
from a technical implementation perspective, our model has the opti-
mal number of parameters and model size among all listed models, at 
994,478 and 3.8 MB respectively, which significantly reduces resource 
consumption compared to larger models like YOLOv8s and YOLOv5s. 
In terms of frames per second (FPS), although our model’s 178.3 FPS is 
slightly lower than YOLOv5s’s 156.9 FPS and YOLOv8s’s 156.3 FPS, its 
superior accuracy and lower resource demands make it highly feasible 
and efficient for practical applications. Particularly in resource-limited 
environments, the lower number of parameters and smaller model size 
make our model more suitable for deployment.

Performance Analysis on Plant Pathology 2021 - FGVC8. As 
demonstrated in Table  2, our model exhibits significant superiority 
on the Plant Pathology 2021 - FGVC8 dataset, particularly in the 
mAP@0.5–0.95% metric. Achieving a score of 44.5%, our model out-
performs all other competitors, including the industry benchmark 
YOLOv8s, which attains 40.8% on the same metric. This result high-
lights our model’s enhanced precision and adaptability in handling 
diverse disease types and complex image backgrounds. Furthermore, 
compared to YOLOv5s, which achieves an mAP@0.5% of 89.7%, our 
model surpasses it by 4.9 percentage points on the more rigorous 
mAP@0.5–0.95% metric. This performance advantage underscores our 
model’s ability to accurately distinguish various plant diseases, partic-
ularly in identifying early-stage or minor infections. Against models 
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Table 2
Comparison of model performance on Plant Pathology 2021 - FGVC8.
 Models mAP@0.5% mAP@0.5-0.95% Parameters Model size/MB FLOPs/G FPS  
 RetinaNet [43] 78.4% 35.7% 4,570,023 9.1 14.4 138.5 
 EfficientDet [44] 75.6% 37.8% 5,852,863 10.5 13.1 144.9 
 M2Det [45] 83.4% 37.3% 4,863,463 9.7 12.1 137.9 
 SSD [46] 85.7% 34.8% 4,781,031 9.5 11.9 136.2 
 Cascade RCNN [47] 88.6% 36.8% 5,524,356 10.8 11.9 157.4 
 Faster RCNN [48] 82.1% 38.1% 4,872,579 9.2 11.9 137.5 
 YOLOv5s [49] 89.7% 39.6% 7,037,095 13.8 15.8 176.9 
 YOLOv5n [50] 85.4% 37.5% 2,772,695 7.7 6.2 152.3 
 YOLOv8s [51] 84.8% 40.8% 7,879,630 14.5 14.6 166.3 
 YOLOv8n [31] 90.7% 37.7% 3,152,334 6.6 8.5 143.5 
 Vision Mamba [40] 88.3% 39.2% 1,125,471 4.4 7.8 185.1 
 Mamba-in-Mamba [39] 87.4% 37.7% 1,387,524 4.3 6.4 178.3 
 Ours 92.5% 44.5% 994,478 3.8 5.3 187.5 
Fig. 6. Leaf disease detection results display. (A) The image shows healthy leaves, (B) detects scab disease, and (C) identifies apple rust.
such as Cascade RCNN and M2Det, which perform well under certain 
conditions, our model demonstrates a substantial lead of 7.7% and 
7.2%, respectively, in the mAP@0.5–0.95% metric, further confirming 
its overall superiority. This performance gain is attributed to the 
deep feature extraction and optimization strategies embedded in our 
model, enabling it to maintain high efficiency and accuracy across 
a broader range of scenarios. The results on the FGVC8 dataset not 
only statistically outperform existing models but also demonstrate our 
model’s exceptional generalization capability and processing efficiency 
in real-world, complex conditions. These findings underscore the ad-
vanced architectural design of our model and its immense potential 
for practical applications, particularly in agricultural disease detection, 
where high accuracy and rapid response are essential.

4.3. Qualitative comparison

Fig.  6 shows the leaf disease detection results of the LeafMamba 
model on a dataset. Panel A identifies healthy leaves, Panel B detects 
scab disease, and Panel C identifies apple rust. The figure demonstrates 
that our model exhibits high accuracy and reliability under various 
disease conditions. In Panel A, the LeafMamba model successfully 
recognizes and marks all healthy leaves, with no false positives. Pan-
els B and C display the model’s effectiveness in detecting complex 
conditions such as scab and apple rust diseases. Even in cases where 
the diseased areas on the leaves are small or the symptoms are not 
pronounced, LeafMamba accurately locates and identifies these areas, 
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proving its high sensitivity and diagnostic ability for different types of 
leaf diseases. These results not only demonstrate the model’s efficiency 
but also highlight its potential in practical agricultural applications, 
offering farmers a powerful tool to reduce crop loss and enhance the 
precision of crop management.

4.4. Limitations and future work

Although this study has made notable progress in the field of plant 
pathology, the limitations of the dataset remain a significant challenge. 
While the current dataset covers various types of plant diseases, it pri-
marily focuses on specific regions and plant species, failing to represent 
the full global diversity of plant diseases. This limitation may hinder 
the model’s generalizability and applicability, making it challenging to 
adapt to different regions or previously unseen types of plant diseases.

To address these limitations and further improve the model, future 
work will focus on the following areas:

1. We aim to expand the dataset by collecting and integrating plant 
disease data from a broader geographical range, with an empha-
sis on underrepresented regions and plant types. Increasing the 
diversity of the dataset will significantly enhance the model’s 
robustness and adaptability, thus improving its utility in global 
agricultural production.

2. With the continued advancement of smart agriculture technolo-
gies, integrating our disease detection model with IoT devices 
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will be a key area of future research. Specifically, developing 
lightweight models optimized for edge computing will facilitate 
real-time monitoring and data analysis in the field, enabling 
farmers to receive immediate disease management recommen-
dations.

3. Given the need for continuous optimization and adaptive learn-
ing, we plan to explore advanced machine learning techniques, 
including transfer learning, federated learning, and reinforce-
ment learning. These approaches will enable the model to learn 
effectively with limited labeled data while improving its perfor-
mance in complex and dynamic environments.

Another notable limitation is the model’s sensitivity to environmen-
tal changes. While it performs well in controlled testing environments, 
factors such as varying lighting conditions, weather fluctuations, and 
background noise in real-world applications can compromise its accu-
racy. This sensitivity hinders the model’s generalizability and reliability 
across diverse agricultural settings.

To address this challenge, future research should aim to enhance the 
model’s adaptability to diverse environmental conditions. Incorporat-
ing advanced data augmentation techniques — such as the introduction 
of random noise, lighting variations, and simulated weather condi-
tions — along with the development of novel algorithms to improve 
robustness against these dynamic factors, could significantly enhance 
the model’s performance and reliability in real-world applications. 
Furthermore, integrating scene recognition technology to inform dis-
ease detection will allow the model to adjust its diagnostic strategies 
based on varying environmental contexts, thereby improving its overall 
effectiveness and dependability in practical settings.

5. Conclusion

In this paper, we introduce the LeafMamba Network, which signif-
icantly improves upon the traditional Transformer model’s inefficien-
cies and high resource consumption when processing long sequence 
data. By integrating the design philosophy of Mamba, the LeafMamba 
Network not only enhances the depth and breadth of information 
processing but also significantly reduces dependency on computational 
resources and increases data processing speed through its innovative 
structure. This enables the network to handle long sequence images 
more efficiently, accurately extracting key features from complex back-
grounds, and demonstrating its strong capabilities in practical ap-
plications. Experimental results show that the LeafMamba Network 
performs excellently on multiple standard datasets, especially in pro-
cessing high-resolution plant images with complex backgrounds, where 
it can precisely locate and identify different types of plant diseases. 
This not only demonstrates its superior performance in traditional tasks 
but also validates its potential and practicality in real agricultural 
applications. Moreover, we plan to further expand the application 
scope of the LeafMamba Network, exploring its effectiveness in broader 
agricultural and ecological environment monitoring fields. Through 
these continued efforts, we hope that the LeafMamba Network will 
make a greater contribution to global plant disease management and 
sustainable agricultural development in the future.
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