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Abstract 
Timely and accurate detection of plant diseases is crucial for sustainable smart 
farming and precision agriculture. However, existing deep learning techniques 
generally use single-stream feature extraction or static feature fusion strategies 
that limit their capability of effectively utilizing complementary visual patterns 
and maintaining computational efficiency. To overcome these limitations, in 
this paper, we propose a new framework named MAF-NET (Multi-Stream At-
tention Fusion Network) for tomato leaf disease classification. The proposed 
architecture presents a collaborative feature learning strategy where four com-
plementary feature streams, namely texture, color, multi-scale spatial, and 
morphological representations, interact through a Collaborative Cross-Atten-
tion Fusion Module (CCAFM). In contrast to conventional feature concate-
nation methods, the proposed mechanism enables adaptive information ex-
change and feature refinement among heterogeneous representations, leading 
to a more discriminative feature representation for disease recognition. The 
proposed framework was evaluated using Tomato Leaf Disease Dataset con-
sisting of large number of labelled images covering ten tomato leaf categories. 
The experimental results demonstrate the overall classification accuracy of 
MAF-NET reaches 97.6%, superior to the representative deep learning models 
such as ResNet50 (75.0%), MobileNetV2 (78.0%), EfficientNetB0 (81.2%) and 
Vision Transformer (93.4%). The proposed framework also balances the ac-
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curacy and computational efficiency well with only 6.84 million parameters 
and 0.72 GFLOPs, which is suitable for resource-constrained agricultural ap-
plications. Moreover, statistical analysis and ablation experiments are con-
ducted to verify the effectiveness of the proposed collaborative multi-stream 
learning strategy and attention-based fusion mechanism. The obtained results 
demonstrate that MAF-NET is an accurate, lightweight and computationally 
efficient solution for intelligent tomato disease diagnosis and has a strong po-
tential to be used in the future for precision agriculture and edge-based plant 
health monitoring systems. 
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Tomato Leaf Disease Classification, Multi-Stream Feature Learning,  
Cross-Attention Fusion, Collaborative Attention, Lightweight Deep 
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1. Introduction 

Plant diseases are a major challenge to agricultural productivity, crop quality, and 
food security. Early and accurate disease diagnosis is essential for reducing yield 
losses, minimizing unnecessary pesticide application, and supporting sustainable 
precision agriculture. Tomato (Solanum lycopersicum) is an economically im-
portant crop that is affected by numerous fungal, bacterial, viral, and pest-related 
diseases, including Early blight, Late blight, Bacterial spot, Leaf mould, Septoria 
leaf spot, Mosaic virus, Target spot, Spider mites, and Yellow leaf curl virus. The 
similarity of symptoms among several diseases, particularly during early infection 
stages, makes reliable automated diagnosis a challenging computer-vision prob-
lem [1]. Recent advances in artificial intelligence (AI), machine learning (ML), 
and deep learning have significantly improved automated plant disease recogni-
tion. Unlike conventional approaches that depend on handcrafted color, texture, 
and shape descriptors, deep-learning models automatically learn hierarchical rep-
resentations directly from images [2] [3]. Convolutional neural networks (CNNs) 
have demonstrated strong feature-extraction and classification capabilities across 
different agricultural applications [4]. Transfer-learning architectures such as 
ResNet, EfficientNet, DenseNet, and Inception have also been investigated for 
plant disease classification, demonstrating different trade-offs between accuracy 
and computational complexity [5] [6]. EfficientNet architectures, in particular, 
have shown promising results for crop disease classification while maintaining 
relatively efficient model structures [7]. 

The computational requirements of deep-learning models have encouraged the 
development of lightweight architectures suitable for mobile and edge devices. 
Depthwise separable convolution can substantially reduce computational com-
plexity, while channel-attention mechanisms can enhance informative feature 
representations. Such combinations have been successfully investigated for grape 
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disease detection [8] and real-time plant disease recognition [9]. Lightweight at-
tention mechanisms have also been applied to tomato disease detection on edge 
devices, demonstrating the importance of balancing accuracy and computational 
efficiency [10]. Attention-augmented CNNs have further improved recognition 
under complex field conditions by emphasizing disease-relevant features while re-
ducing the influence of background information [11]. Transformer-based meth-
ods provide another direction by modelling long-range dependencies through 
self-attention. Their application to plant disease recognition has demonstrated the 
potential of transformer-based cross-modal fusion for integrating complementary 
representations [12]. More generally, feature fusion has become an important 
strategy because plant diseases can produce complementary visual patterns in 
color, texture, shape, spatial distribution, and morphology. Dual-modality fusion, 
for example, has demonstrated that combining complementary leaf and fruit in-
formation can improve disease classification [13]. Texture-guided attention fu-
sion has similarly shown that emphasizing disease-specific texture patterns can 
improve crop leaf disease detection [14]. 

Multi-scale learning is also important because disease symptoms may vary con-
siderably in size and spatial distribution. Multi-scale feature-attention networks 
have therefore been developed to improve plant disease detection in uncontrolled 
environments [15]. Attention-based dual-branch architectures have additionally 
been investigated for cross-crop disease generalization [16]. For real-time agricul-
tural applications, multi-scale feature fusion combined with attention guidance 
has been explored for tomato disease detection in greenhouse environments [17]. 

Alternative imaging modalities can provide additional information beyond 
conventional RGB images. The fusion of RGB and hyperspectral images has been 
investigated for early tomato late-blight detection [18], while deep feature extrac-
tion from hyperspectral images has also been explored for tomato fungal disease 
classification [19]. In parallel, multi-dataset deep-learning approaches have em-
phasized the importance of model robustness across different datasets, crops, and 
disease conditions [20]. Environmental factors such as illumination can further 
affect disease recognition; therefore, AI-based methods have been investigated for 
plant disease detection under low-light conditions [21]. Ensemble learning repre-
sents another strategy for improving robustness by combining multiple deep-
learning architectures or predictions. Recent ensemble approaches have demon-
strated improved plant disease detection performance by exploiting complemen-
tary model characteristics [22]. Attention-based CNNs have also been used spe-
cifically for tomato disease recognition under complex field conditions [23], while 
multi-scale attention networks have improved feature representation by combin-
ing information from different spatial levels [24]. Transformer-based cross-modal 
fusion has further demonstrated the potential of learning relationships among 
heterogeneous representations [25]. At the same time, lightweight attention mech-
anisms remain important for deploying disease-recognition models on resource-
constrained edge devices [26]. 
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Despite these advances, several limitations remain. Many existing CNN-based 
methods rely on a single feature-extraction pathway and therefore attempt to 
learn texture, color, spatial, and morphological characteristics within one unified 
representation. Other approaches employ multiple branches but frequently per-
form feature fusion through simple concatenation or static aggregation, limiting 
interaction among heterogeneous representations. Furthermore, high-perform-
ing models may introduce considerable computational and memory require-
ments, restricting their use in real-time and resource-constrained agricultural en-
vironments. The limited availability of samples for rare diseases also remains a 
challenge, motivating research into transfer learning and few-shot learning ap-
proaches [27]. Recent architectural developments have attempted to improve this 
accuracy-efficiency trade-off. Depthwise over-parameterized convolution com-
bined with squeeze-and-excitation blocks has been investigated for maize disease 
classification [28]. Dual-branch attention-fusion architectures have also been pro-
posed to improve cross-crop disease generalization [29], while multi-scale atten-
tion-guided fusion networks have targeted real-time tomato disease detection in 
greenhouse environments [30]. Publicly available agricultural image datasets, in-
cluding Kaggle resources, have further supported the development and reproduc-
ible evaluation of plant disease recognition models [31]. 

Although these studies have demonstrated substantial progress, a clear research 
gap remains in the collaborative learning and adaptive fusion of heterogeneous 
disease features within a lightweight architecture. Existing methods generally fo-
cus on individual improvements such as attention, multi-scale learning, multi-
modal fusion, transformer architectures, or lightweight convolution. However, 
the complementary relationships among texture, color, spatial, and morphologi-
cal information are not fully exploited during feature learning. Therefore, an ar-
chitecture that can jointly learn these complementary representations, explicitly 
model their interactions, and maintain computational efficiency is still required. 

To address this gap, this study proposes MAF-NET (Multi-stream Adaptive Fu-
sion Network), a lightweight collaborative framework for tomato leaf disease clas-
sification. MAF-NET employs a shared lightweight backbone followed by four 
specialized streams for learning texture, color, multi-scale spatial, and morpho-
logical features. Unlike conventional independent branches, the proposed streams 
interact during feature learning. A Collaborative Cross-Attention Feature Fusion 
Module (CCAFM) is introduced to model dependencies among heterogeneous 
feature streams and adaptively integrate their complementary information. An 
Adaptive Feature Refinement Module (AFRM) subsequently recalibrates the fused 
representation through adaptive feature weighting and residual enhancement. 
Through these components, MAF-NET aims to achieve an effective balance be-
tween classification accuracy, feature diversity, and computational efficiency. 

The main contributions of this work are: 
1) A lightweight collaborative multi-stream architecture that jointly learns 

complementary texture, color, multi-scale spatial, and morphological representa-
tions from a shared backbone. 
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2) A Collaborative Cross-Attention Feature Fusion Module (CCAFM) that ex-
plicitly models relationships among heterogeneous feature streams and performs 
adaptive feature fusion. 

3) An Adaptive Feature Refinement Module (AFRM) that recalibrates and en-
hances the fused representation before classification. 

4) Comprehensive experimental evaluation against representative CNN-based, 
lightweight, attention-based, and transformer-based models to demonstrate the 
effectiveness and computational efficiency of MAF-NET. 

The rest of this paper is organized as follows. Section 2 describes the recent 
advances in deep learning-based plant disease classification and identifies the ex-
isting research gaps. The mathematical formulation and proposed MAF-NET ar-
chitecture are presented in Section 3. In Section 4, we explain the experimental 
setup, dataset, implementation details and evaluation metrics. The experimental 
results and comparison are discussed in Section 5. Section 6 concludes the paper 
and presents directions for future research. 

2. Related Work 

Recent advances in deep learning have significantly transformed automatic plant 
disease diagnosis by enabling end-to-end learning of discriminative visual repre-
sentations directly from plant images. Existing studies can generally be catego-
rized into four major research directions: conventional convolutional neural net-
works, lightweight deep learning models, attention-based feature learning, and 
multi-stream feature fusion architectures. 

2.1. Convolutional Neural Network-Based Plant Disease  
Classification 

Convolutional neural networks (CNNs) have been the dominant technique for 
plant disease identification due to their ability to automatically learn hierarchical 
visual features from raw images. CNN-based architectures have been shown to 
outperform traditional machine learning methods based on handcrafted descriptors 
in several studies. For example, Ashurov AY et al. [4] proposed an improved CNN 
model with squeeze-and-excitation blocks and residual skip connections, which 
achieved better disease recognition while maintaining computational efficiency. 
The efficiency of deep CNNs for different crop disease datasets was also verified 
by comparing ResNet50, EfficientNet, DenseNet and Inception architectures [11] 
[13] [14]. However, the typical CNN architecture utilises a single feature extrac-
tion stream, which makes the network learn texture, color, lesion shape, and spa-
tial information at the same time. Consequently, subtle disease traits can be un-
der-represented, particularly when diseases with similar visual appearances share 
common appearance patterns. 

2.2. Lightweight Deep Learning Architectures 

Recent research has focused on the development of lightweight neural networks 
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that can reduce computational complexity without significantly reducing classifi-
cation accuracy to facilitate their deployment in real agricultural environments. 
Mobile and embedded devices have demonstrated encouraging performance of 
lightweight CNNs with depth wise separable convolutions, channel attention and 
efficient feature reuse [12] [16] [26]. Such models are particularly attractive for 
edge computing applications because they require fewer trainable parameters and 
have lower inference latency than conventional deep CNNs. The lightweight ar-
chitectures reduce the computational burden but usually adhere to the traditional 
single-stream learning paradigm, which restricts their capacity of exploiting com-
plementary disease characteristics from different visual domains. 

2.3. Attention-Based Feature Learning 

Recently, attention mechanisms have emerged as one of the most effective ways 
to improve visual representation learning. Attention modules can greatly improve 
the disease localization and classification performance by adaptively highlighting 
the informative regions and suppressing the irrelevant responses. To improve dis-
ease recognition in difficult imaging conditions, some researchers have proposed 
channel attention, spatial attention, squeeze-and-excitation blocks and attention-
guided convolutions within CNN architectures [2] [16] [23]. Recently, the ability 
of the self-attention mechanism to model long-range dependencies has been ex-
ploited by Vision Transformer (ViT) models which have demonstrated improved 
global contextual understanding [25]. However, transformer-based models typi-
cally require much larger computational resources and training datasets, which 
make them impractical for lightweight agricultural applications. Attention mech-
anisms can improve feature representation effectively, however most existing 
methods learn attention only in one feature stream. Therefore, interactions be-
tween heterogeneous disease representations are still limited. 

2.4. Multi-Stream and Feature Fusion Networks 

To tackle the limitations of single-stream architectures, numerous studies have 
explored multi-stream learning and feature fusion approaches. Dual-modality fu-
sion approaches combining leaf and fruit images have shown that complementary 
information can significantly enhance the accuracy of disease classification [1]. 
Similarly, the texture-guided attention fusion methods have shown that the fusion 
of heterogeneous visual features can help to improve the discriminative represen-
tation learning [2]. Recently, multi-scale attention architectures like MFANet 
[24], dual-branch attention fusion networks [29] and multi-scale feature fusion 
networks [30] further demonstrated the effectiveness of the fusion of features 
extracted in different spatial resolutions. These methods usually perform better 
than conventional CNNs by using complementary information from multiple 
feature branches. However, current fusion methods generally extract features 
independently and then integrate them through concatenation, summation or 
static attention mechanisms. Consequently, the feature streams interact only in 
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the final stage, restricting the collaborative information exchange in the course of 
feature learning. Also, few studies explicitly model the relationships among tex-
ture, color, morphology and multi-scale spatial representations in a unified light-
weight architecture. 

2.5. Research Gap and Motivation 

The literature review highlights several important research gaps. Most of the ex-
isting CNN-based methods only exploit a single feature extraction path, which 
restricts the ability to capture diverse disease features simultaneously [4] [11] [13]. 
Second, although attention mechanisms improve feature representation, they are 
typically applied to individual feature streams without modelling collaborative in-
teractions among heterogeneous representations [16] [23] [25]. Third, the exist-
ing multi-stream architectures mainly adopt static feature fusion strategies such 
as concatenation or simple attention, with limited use of the complementary in-
formation among different feature domains [1] [2] [24] [29] [30]. Finally, many 
of the high-performing architectures require significant computational resources 
that limit their applicability in resource-constrained agricultural systems [12] 
[26]. These limitations motivate us to propose MAF-NET, a lightweight collabo-
rative multi-stream framework which learns complementary texture, color, multi-
scale spatial and morphological representations with a shared backbone network. 
Unlike the traditional fusion methods, the proposed Collaborative Cross-Atten-
tion Feature Fusion Module (CCAFM) models the inter-stream dependencies ex-
plicitly before feature integration and the Adaptive Feature Refinement Module 
(AFRM) further improves the discriminative feature representation before classi-
fication. The cooperative learning approach can efficiently utilize the complemen-
tary features of diseases, and make the computation efficient for the intelligent 
agriculture applications. 

 
Table 1. Comparison of representative deep learning methods for plant disease classification. 

Methods CNN Attention Multi-Scale Multi-Stream Cross-Attention Collaborative Fusion Lightweight 

Mohsin M et al. [1] ✓ ✓ ✗ ✓ ✗ ✗ ✗ 

Sudheer et al. [2] ✓ ✓ ✗ ✗ ✗ ✗ ✓ 

Ashurov AY et al. [4] ✓ ✗ ✗ ✗ ✗ ✗ ✓ 

Sharma S et al. [24] ✓ ✓ ✓ ✓ ✗ ✗ ✗ 

Jianwu Lin et al. [29] ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Kang F et al. [30] ✓ ✓ ✓ ✓ ✓ ✗ ✗ 

Proposed MAF-NET ✓ ✓ ✓ ✓ ✓ ✓ ✓ 

 
As shown in Table 1, the proposed MAF-NET is the only framework that can 

achieve the complementary multi-stream feature extraction, adaptive cross-atten-
tion, collaborative feature interaction and lightweight architecture at the same 
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time. These features provide the motivation for the proposed system which is de-
scribed in detail in the next section. 

3. Proposed System 

In this section, we propose the Multi-stream Adaptive Fusion Network (MAF-
NET) for classification of tomato leaf disease. Unlike conventional deep learning 
models that rely on a single feature extraction pathway, MAF-NET is able to learn 
multiple complementary disease characteristics through collaborative feature 
learning and adaptive attention-guided feature fusion. The proposed framework 
contains six sequential modules: (1) Image Preprocessing, (2) Shared Lightweight 
Backbone for Low-level Feature Extraction, (3) Collaborative Multi-stream Fea-
ture Learning, (4) The Proposed Collaborative Cross-Attention Feature Fusion 
Module (CCAFM), (5) The Adaptive Feature Refinement Module (AFRM), and 
(6) The Disease Classification Head. The general architecture of the proposed 
framework is depicted in Figure 1. 

3.1. Overall Architecture 

The general architecture of MAF-NET is built upon the observation that plant 
diseases cannot be represented sufficiently by a single visual descriptor. Disease 
symptoms are usually characterized by the combination of degradation of texture, 
variations of color, morphology of lesions and spatial distribution patterns. The 
learning of these heterogeneous characteristics from a single feature extraction 
pathway often leads to highly correlated representations and reduces the discrim-
inative power of the classifier, especially for diseases having similar visual appear-
ances. To address this limitation, the proposed framework utilizes a collaborative 
multi-stream learning approach. The input RGB image is resized to 224 × 224 
pixels and normalized, and then it is fed into a lightweight shared backbone net-
work. The backbone first learns generic low-level representations containing edge, 
color, contour and texture information common to all disease categories, instead 
of learning complete features independently in each branch. The backbone shar-
ing tremendously reduces the computational redundancy and provides a common 
feature representation for all subsequent processing stages. Then the extracted 
backbone feature maps are fed into four specialized feature learning streams sim-
ultaneously. Each stream is designed to highlight a different visual characteristic 
of tomato leaf diseases. In particular, the Texture Stream focuses on local surface 
irregularities and lesion textures, the Color Stream enhances chromatic variations 
caused by infection, the Multi-scale Spatial Stream captures disease patterns at 
different spatial scales, and the Morphology Stream highlights lesion boundaries, 
geometric structures and shape-related features. All streams are learned from the 
same backbone representation, thus they learn complementary, rather than re-
dundant, information. Unlike the conventional multi-branch architectures with 
independent branches until the last concatenation stage, the proposed framework 
allows collaboration among the feature streams before feature fusion. This collab-
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orative learning strategy allows the information extracted by one stream to opti-
mize the rest of the streams and thus, strengthens complementary feature learning 
and improves the representation of visually similar disease classes. We propose a 
Collaborative Cross-Attention Feature Fusion Module (CCAFM) to efficiently 
fuse the complementary representations. Instead of just concatenation of feature 
maps, CCAFM explicitly models inter-stream dependencies via adaptive cross-
attention operations. The feature streams exchange information with the remain-
ing streams dynamically, which allows to reinforce informative responses while 
suppressing redundant or inconsistent activations. Therefore, the fusion repre-
sentation contains more semantic information than the traditional static fusion 
methods. While the collaborative fusion stage greatly enhances the feature diver-
sity, the fused representation may contain redundant responses from multiple fea-
ture streams. For this purpose, an Adaptive Feature Refinement Module (AFRM) 
is used after feature fusion to adaptively weight and enhance residual to recalibrate 
channel responses. This refinement process heightens the highly discriminative 
disease characteristics and dampens the less informative responses, leading to a 
compact and robust feature representation for classification. The last step is to 
compress the refined feature maps into a one-dimensional feature vector via the 
Global Average Pooling (GAP) operation, and then use a fully connected classifi-
cation layer with SoftMax activation to predict the posterior probability of each 
tomato disease category. The disease class with the highest probability is selected 
as the final prediction. In summary, the proposed MAF-NET framework is dis-
tinct from existing CNN-based and attention-based architectures in three im-
portant aspects. First, it employs collaborative multi-stream representation learn-
ing instead of traditional single-stream feature extraction. Second, it introduces a 
new Collaborative Cross-Attention Feature Fusion Module (CCAFM) to explic-
itly model the interactions of heterogeneous feature representations rather than 
using static concatenation. Third, the proposed Adaptive Feature Refinement 
Module (AFRM) further improves the feature discrimination before classification 
with lightweight computational complexity, which is suitable for intelligent agri-
cultural applications. 

The entire processing pipeline of MAF-NET can be summarized as: 
1) Pre-processing and Normalization of the input image. 
2) Lightweight shared backbone for low-level feature extraction. 
3) Parallel extraction of texture, color, multi-scale spatial and morphology rep-

resentations. 
4) Collaborative feature interaction with the proposed CCAFM. 
5) Adaptive refinement of fused feature representation based on AFRM. 
6) Disease prediction using Global Average Pooling and SoftMax Classifier. 
The sequential processing strategy allows MAF-NET to exploit complementary 

disease characteristics simultaneously while maintaining computational efficiency. 
Thus, a lightweight yet highly discriminative framework for automatic classifica-
tion of tomato leaf diseases is realized. 
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Figure 1. Overall architecture of MAF-NET. A shared lightweight backbone extracts common visual representations that are pro-
cessed by four complementary feature streams. The Collaborative Cross-Attention Fusion Module (CCAFM) enables adaptive in-
formation exchange among all streams to construct a unified collaborative feature representation before disease classification. 
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3.2. Shared Lightweight Backbone 

The first stage of MAF-NET is a shared lightweight backbone which extracts low-
level visual representations from input tomato leaf images for collaborative fea-
ture learning. Instead of letting each feature stream learn the basic visual patterns 
independently, a shared backbone is used to provide a unified feature representa-
tion that all the following streams are applied to. Such a design significantly re-
duces computational redundancy, reduces the number of trainable parameters, 
and guarantees that all feature streams are from the same semantic representation. 
The backbone consists of a sequence of lightweight convolutional blocks aimed at 
efficiently capturing basic image features such as edges, color transitions, local 
textures and lesion boundaries. A convolutional block consists of a convolution 
layer, a batch normalization and a Rectified Linear Unit (ReLU) activation func-
tion. Batch normalization solves the problem of internal covariate shift and stabi-
lizes the learning process. ReLU adds non-linearity and allows the network to 
learn complex patterns of disease. 

Given an input tomato leaf RGB image 
3H WI R × ×∈                        (1) 

where: 
I = input RGB image;  
H = image height;  
W = image width;  
3 = RGB color channels;  

3H WR × ×  = real-valued image tensor. 
The backbone extracts hierarchical feature representations by successive con-

volution operations. The feature map output of the (l^th) convolutional layer is 
computed as 

( )( )1l l l lF BN W F bσ −∗= +                   (2) 

where: 

lF  = output feature map at layer l;  

1lF −  = input feature map from the previous layer;  

lW  = convolution kernel (weights);  

lb  = bias term;  
( )BN ⋅  = Batch Normalization;  

( )σ ⋅  = activation function (e.g., ReLU);  
* = convolution operation. 
With the increasing depth of the network, the extracted representations gradu-

ally change from low-level visual primitives to more discriminative semantic fea-
tures. The early convolutional layers mainly learn edges, corners, and color gradi-
ents, while the deeper layers learn lesion structures, disease patterns, and contex-
tual information. These hierarchical representations provide an informative basis 
for subsequent collaborative feature learning. Unlike conventional CNN architec-
tures that directly forward the backbone output to a classifier, the proposed frame-
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work distributes the extracted feature maps to multiple specialized learning streams. 
Let 

H W C
bF R ×′ ′×∈                         (3) 

where: 

bF  = backbone feature map;  
H ′  = feature map height;  
W ′  = feature map width;  
C  = number of feature channels;  

H W CR ′× ′×  = real-valued feature tensor space. 
denote the final feature representation generated by the backbone. This shared 

representation is simultaneously delivered to four collaborative feature extraction 
branches: 

{ }, , ,b T C S MF F F F F→                      (4) 

This indicates that the backbone feature map bF  is split into four feature 
streams: 

TF : Texture stream;  

CF : Color stream;  

SF : Shape stream;  

MF : Multi-scale (or Morphological) stream, depending on your paper’s defini-
tion. 

Using a shared backbone offers two major advantages. First, computational cost 
is significantly reduced because low-level feature extraction is performed only 
once rather than being repeated in every branch. Second, all collaborative streams 
receive identical initial representations, enabling them to learn complementary 
disease characteristics instead of redundant information. This shared feature 
learning strategy establishes a common semantic foundation that facilitates the 
subsequent cross-attention fusion process. Consequently, the backbone not only 
acts as an efficient feature extractor but also serves as the collaborative represen-
tation generator upon which the remaining components of MAF-NET are con-
structed. 

3.3. Collaborative Multi-Stream Feature Learning 

Different from traditional convolutional neural networks that learn a single fea-
ture representation through one processing stream, the proposed MAF-NET 
adopts a collaborative multi-stream learning strategy to explicitly capture hetero-
geneous disease characteristics. The motivation for this design is that tomato leaf 
diseases have multiple complementary visual patterns that cannot be sufficiently 
represented by a single feature descriptor. For example, some diseases are mainly 
characterized by texture irregularities while others are better differentiated by 
color variations, lesion morphology or spatial distribution. To exploit these com-
plementary characteristics, the shared backbone feature representation is simul-
taneously propagated to four specialized feature extraction streams. Although all 
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streams receive the same input feature map, each branch is optimized to empha-
size a specific visual property while suppressing irrelevant responses. Conse-
quently, the generated feature representations become complementary rather 
than redundant, allowing the subsequent fusion module to construct a richer se-
mantic representation. 

Let the shared backbone feature map be denoted as 
H W C

bF R × ×∈                         (5) 

where: 

bF  = backbone feature map;  
H ′  = feature map height;  
W ′  = feature map width;  
C  = number of feature channels;  

H W CR ′× ′×  = real-valued feature tensor space. 
Each collaborative stream performs an independent nonlinear transformation 

on the shared representation 

( )i i bF Fφ=                          (6) 

where 

{ }, , ,i T C S M∈  

TF  represents texture features; 

CF  represents color features; 

SF  represents multi-scale spatial features; 

MF  represents morphological features. 
While ( )iφ ⋅  denotes the feature transformation function associated with each 

stream. 
Unlike independent multi-branch architectures, the proposed framework 

does not treat these feature streams as isolated representations. Instead, each 
stream is designed to learn complementary disease information that will later 
interact with the remaining streams through the proposed Collaborative Cross-
Attention Feature Fusion Module (CCAFM). This collaborative learning strat-
egy enables each branch to specialize in a particular disease characteristic while 
preserving compatibility with the global feature representation. Overall, the pro-
posed multi-stream design offers three principal advantages. First, it increases 
feature diversity by learning multiple complementary representations from a 
common backbone. Second, it reduces feature redundancy because each stream 
focuses on a different visual characteristic. Third, it establishes the foundation 
for collaborative feature interaction, allowing the subsequent cross-attention fu-
sion module to exploit relationships among heterogeneous disease representa-
tions more effectively than conventional single-stream or simple feature concat-
enation approaches. 

The following subsections describe the architecture and functionality of each 
specialized feature extraction stream in detail. 
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3.3.1. Texture Stream 
Texture information is one of the most discriminative visual features for plant 
disease recognition. In fact, many tomato leaf diseases have early symptoms of 
subtle changes in the lesion surface appearance, such as roughness, necrosis, 
speckling, and irregular texture patterns. These fine-grained attributes are usually 
hard to distinguish using only a single global feature representation. Therefore, 
the Texture Stream is designed to focus on local spatial variations and to extract 
fine texture descriptors that are highly informative for disease discrimination. The 
Texture Stream generates an enriched local texture response and maintains the 
neighborhood relationships by performing a series of convolutional transfor-
mations on the shared backbone feature map ( bF ). The texture feature represen-
tation is defined as ( )T T bF Fφ=  where ( )iφ ⋅  represents the texture feature ex-
traction function. 

Every convolutional block consists of a convolution operation, batch normali-
zation and a ReLU activation function that enables the network to learn hierar-
chical texture representations progressively. The feature transformation of the 
Texture Stream can be formulated as 

( )( )T T b TF BN W F bσ= ∗ +                   (7) 

where: 

TF  = output feature map at layer l;  

TW  = convolution kernel (weights);  

Tb  = bias term;  
( )BN ⋅  = Batch Normalization;  

( )σ ⋅  = activation function (e.g., ReLU);  
* = convolution operation. 
Unlike the shared backbone, which extracts generic visual representations, the 

Texture Stream specializes in enhancing local structural variations that character-
ize disease lesions. Through successive convolutional filtering, the stream be-
comes increasingly sensitive to disease-specific surface patterns while suppressing 
irrelevant background responses. 

The extracted texture representation is subsequently forwarded to the Collabo-
rative Cross-Attention Feature Fusion Module (CCAFM), where it collaborates 
with the remaining feature streams. Rather than serving as an independent de-
scriptor, the learned texture features provide complementary information that 
strengthens the final fused representation, particularly for diseases exhibiting sim-
ilar color distributions but distinct surface textures. 

3.3.2. Color Stream 
One of the main visual indicators of plant diseases is color change, as infections 
often result in chlorosis, necrosis, yellowing, dark lesions, and abnormal pigmen-
tation on leaf surfaces. These chromatic changes, although subtle, can be valuable 
discriminative clues to differentiate diseases of similar structural characteristics. 
Therefore, the Color Stream is designed to boost color representations that are 
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relevant for disease, while suppressing irrelevant illumination variations that are 
inherited from the input images. 

The Color Stream receives the shared backbone feature representation and ap-
plies a sequence of convolutional transformations to learn disease-specific chro-
matic features. Unlike the Texture Stream, which focuses on local structural pat-
terns, this branch emphasizes channel-wise responses associated with color dis-
tributions and intensity variations. The color feature representation is defined as 

( )C C bF Fφ=                          (8) 

where: 

CF  = color feature map;  

Cφ  = color-stream transformation function;  

bF  = backbone feature map. 
The feature transformation performed by the Color Stream is expressed as 

( )( )C C b CF BN W F bσ= ∗ +                    (9) 

where: 

CF  = color feature map;  

CW  = convolution kernel for the color stream;  

Cb  = bias term;  
( )BN ⋅  = Batch Normalization;  

( )σ ⋅  = activation function (e.g., ReLU);  
* = convolution operation. 
The Color Stream uses a series of nonlinear transformations to enhance the 

channel responses related to the chromatic characteristics of the diseases, and sup-
press the effect of irrelevant background colors and illumination changes. This 
process allows the network to learn subtle color differences that may not be well 
captured by the generic convolutional features extracted from the shared back-
bone. 

The extracted color representation is fed into the Collaborative Cross-Attention 
Feature Fusion Module (CCAFM) to interact with texture, multi-scale spatial and 
morphology streams. The suggested framework combines complementary chro-
matic information with structural and spatial representations to create a richer 
feature space, which enhances the discrimination of visually similar tomato dis-
eases that share similar lesion structures but exhibit different color characteristics. 

3.3.3. Multi-Scale Spatial Stream 
Lesion size, spatial distribution and infection patterns of tomato leaf diseases are 
highly variable in severity. Some diseases appear as small, scattered spots, others 
as large irregular lesions or as large areas on the leaves. Thus, the single receptive 
field may lead to incomplete feature representation and lower classification per-
formance. For this purpose, the proposed Multi-scale Spatial Stream is used to 
model disease characteristics at multiple spatial scales, which allows the network 
to learn fine-grained local lesions and large-scale structural patterns. 
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The Multi-scale Spatial Stream utilizes the shared backbone feature map and 
uses dedicated convolutions to learn spatial representations from different recep-
tive fields. This enables the network to keep local details as well as wider context 
around infected areas at the same time. The multi-scale feature representation ob-
tained is defined as 

( )S S bF Fφ=                         (10) 

where: 

SF  = shape feature map;  

Sφ  = shape-stream transformation function;  

bF  = backbone feature map. 
The transformation performed by this stream is formulated as 

( )( )S S b SF BN W F bσ= ∗ +                   (11) 

where: 

SF  = shape feature map;  

SW  = convolution kernel for the shape stream;  

Sb  = bias term;  
( )BN ⋅  = Batch Normalization;  

( )σ ⋅  = activation function (e.g., ReLU);  
* = convolution operation. 
Unlike the Texture and Color Streams, which primarily emphasize local ap-

pearance information, the Multi-scale Spatial Stream focuses on capturing the 
spatial organization of disease symptoms across different receptive fields. This en-
ables the network to recognize disease manifestations that vary significantly in 
size and distribution while preserving the contextual relationships among neigh-
boring infected regions. 

Next, the extracted multi-scale representation is fed into the Collaborative 
Cross-Attention Feature Fusion Module (CCAFM) to interact with features of 
texture, color and morphology. The proposed framework integrates spatial con-
text with complementary visual features to provide a more comprehensive repre-
sentation of disease symptoms, which improves the ability to distinguish diseases 
with similar local textures but different lesion distributions and infection patterns. 

In general, the Multi-scale Spatial Stream enhances the robustness of MAF-
NET by learning the effective representation at multiple spatial resolutions. The 
ability to do this is especially important in real-world agricultural settings, where 
disease symptoms are often associated with large variations in lesion size, density, 
and spatial arrangement. 

3.3.4. Morphology Stream 
Morphological features are useful structural information for classification of plant 
diseases showing similar texture and color patterns. Many diseases in tomato 
leaves are mainly different in lesion geometry including shape, boundary irregu-
larity, size and structure arrangement. Thus, the morphological analysis comple-
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ments the texture and chromatic information by emphasizing the geometric prop-
erties of the infected areas. The proposed Morphology Stream is designed to ex-
ploit these properties by improving shape-related representations while maintain-
ing the structural integrity of disease lesions. 

The shared backbone feature map is fed to the Morphology Stream, which per-
forms a series of convolutional transformations to learn the discriminative struc-
tural features related to lesion morphology. This branch learns the geometric rep-
resentations describing the lesion contours and structural configurations, while 
the Texture Stream captures the local surface variations and the Color Stream cap-
tures the chromatic responses. We define the morphology feature representation 
as 

( )M M bF Fφ=                         (12) 

where: 

MF  = multi-scale (or your paper’s defined fourth stream) feature map;  

Mφ  = transformation function of the MMM-stream;  

bF  = backbone feature map. 
The transformation performed by the Morphology Stream is expressed as 

( )( )M M b MF BN W F bσ ∗= +                   (13) 

where: 

MF  = multi-scale (or your paper’s defined fourth stream) feature map;  

MW  = convolution kernel for the multi-scale stream;  

Mb  = bias term;  
BN  = Batch Normalization;  
( )σ ⋅  = activation function (e.g., ReLU);  

* = convolution operation. 
The Morphology Stream aims to amplify structural properties of disease lesions 

and suppress irrelevant background information based on successive convolu-
tional transformations. This allows the network to properly describe the lesion 
boundaries, geometric shapes, and structural distributions that may not be ade-
quately represented by texture or color information alone. The extracted mor-
phology features provide complementary structural cues that help to discriminate 
diseases with similar appearance but different lesion configurations. 

Then the learned morphology representation is fed to the Collaborative Cross-
Attention Feature Fusion Module (CCAFM) to interact with the texture, color and 
multi-scale spatial representations. The joint integration of these heterogeneous 
features enables the network to learn a holistic disease representation by jointly 
harnessing surface texture, chromatic variation, spatial context, and geometric 
morphology. 

To conclude, the Morphology Stream completes the collaborative feature learn-
ing framework by providing structural information which complements the other 
feature streams. The four specialized branches generate diverse and complemen-
tary representations, collectively forming a solid foundation for the subsequent 
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cross-attention feature fusion process. 

3.4. Collaborative Cross-Attention Feature Fusion Module  
(CCAFM) 

Although the four collaborative feature streams extract complementary disease 
representations, directly combining these feature maps using conventional fusion 
strategies, such as concatenation or element-wise addition, cannot effectively 
model the semantic relationships among heterogeneous features. These static fu-
sion methods treat all feature channels equally, ignoring the fact that different 
disease characteristics contribute unequally to the final classification decision. 
Consequently, redundant information may be preserved, while highly discrimi-
native responses are insufficiently emphasized. 

To overcome this limitation, the proposed Collaborative Cross-Attention 
Feature Fusion Module (CCAFM) is introduced to perform adaptive interaction 
among the texture, color, multi-scale spatial, and morphology feature streams 
before feature integration. Instead of independently processing each branch, 
CCAFM enables every stream to exchange complementary information with the 
remaining streams through cross-attention learning. As a result, informative 
disease characteristics are strengthened while redundant activations are pro-
gressively suppressed. 

Let the outputs of the four collaborative streams be represented as 

, , ,T C S MF F F F                        (14) 

where each feature map contains complementary disease information learned 
from a different visual perspective. 

Initially, the four feature representations are aggregated to construct a collabo-
rative feature representation 

( )Concat , , ,cat T C S MF F F F F=                   (15) 

where (Concat()) denotes the channel-wise concatenation operation. 
However, concatenation does not differentiate between informative and redun-

dant channels, while all feature information is retained. Therefore, an adaptive 
cross-attention mechanism is used to estimate the importance of each feature 
channel according to its contribution to disease recognition. 

The collaborative attention weights are calculated as 

( )( )a cat aA BN W F bσ ∗= +                    (16) 

where: 
A  = attention map;  

catF  = concatenated feature map;  

aW  = convolution kernel of the attention module;  

ab  = bias term;  
( )BN ⋅  = Batch Normalization;  

( )σ ⋅  = activation function (e.g., Sigmoid or ReLU, depending on your imple-
mentation);  
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* = convolution operation. 
The obtained attention map is subsequently employed to recalibrate the collab-

orative feature representation through element-wise multiplication, 

att catF A F=                         (17) 

where: 
𝐹𝐹𝑎𝑎𝑎𝑎𝑎𝑎 = attention-enhanced feature map;  
A = attention map;  
𝐹𝐹𝑐𝑐𝑐𝑐𝑐𝑐 = concatenated feature map;  
  = element-wise (Hadamard) multiplication. 
However, concatenation does not discriminate between informative and redun-

dant channels and all feature information is retained. Thus, an adaptive cross-
attention mechanism is employed to estimate the importance of each feature 
channel according to its contribution to the disease recognition. 

The collaborative attention weights are computed as 

ccaf att catF F F= +                        (18) 

where: 

ccafF  = output feature map of the CCAFM module;  

attF  = attention-enhanced feature map;  

catF  = concatenated feature map;  
+ = residual (element-wise) feature fusion operation. 
The residual aggregation preserves the original semantic information while 

simultaneously incorporating adaptively weighted complementary features. This 
strategy stabilizes optimization during training and improves feature propagation 
throughout the collaborative learning framework. 

Compared with conventional feature fusion methods, the proposed CCAFM 
provides three important advantages. First, it explicitly models dependencies 
among heterogeneous feature streams rather than treating them independently. 
Second, adaptive cross-attention dynamically estimates the contribution of each 
feature channel according to the current disease characteristics. Third, residual 
collaborative fusion preserves complementary information while reducing the 
loss of discriminative features during integration. 

The output feature representation generated by CCAFM contains rich semantic 
information describing texture, color, spatial context, and lesion morphology in a 
unified feature space. This collaborative representation is subsequently forwarded 
to the proposed Adaptive Feature Refinement Module (AFRM), which performs 
additional feature recalibration before the final disease classification stage. 

3.5. Adaptive Feature Refinement Module (AFRM) 

Although the Collaborative Cross-Attention Feature Fusion Module (CCAFM) 
can well fuse the complementary information of the four feature streams, the 
learned feature representation may still contain redundant activations and less in-
formative channel responses inherited from different branches. These redundant 
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features may decrease the discriminability of the classifier and may harm the gen-
eralization performance of the network. We propose an additional refinement 
stage to selectively boost informative features and suppress irrelevant responses 
prior to the final classification stage. 

To address this problem, we propose an Adaptive Feature Refinement Module 
(AFRM). The main goal of AFRM is to re-adjust the collaborative feature repre-
sentation by adaptive channel weighting and residual feature enhancement [5]. 
Unlike conventional refinement approaches that simply add more convolutional 
layers, the proposed module can dynamically learn the importance of each feature 
channel. This allows the network to focus on disease-related features while pre-
serving useful contextual information. 

The collaborative feature representation produced by the CCAFM is repre-
sented as: 

H W C
ccafF R × ×∈                       (19) 

where: 

ccafF  = output feature map of the CCAFM module;  
H = feature map height;  
W = feature map width;  
C = number of feature channels;  

H W CR × ×  = real-valued feature tensor space. 
The refinement process is initiated by estimating adaptive channel weights via 

a lightweight convolutional transformation and batch normalization with a Sig-
moid activation function, 

( )( )r ccaf rR BN W F bσ= ∗ +                   (20) 

where: 
R = refinement map;  

ccafF  = output feature map from the CCAFM module;  

rW  = convolution kernel of the refinement layer;  

rb  = bias term;  
( )BN ⋅  = Batch Normalization;  

( )σ ⋅  = activation function;  
* = convolution operation. 
The resulting refinement weights are then used to rescale the collaborative fea-

ture representation element-wise by multiplying. 

ref ccafF R F=                        (21) 

where: 

refF  = refined feature map;  
R = refinement map;  

ccafF  = output feature map of the CCAFM module;  
  = element-wise (Hadamard) multiplication. 
The adaptive weighting process highlights responses of highly discriminative 
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disease features and suppresses redundant activations introduced in the collabo-
rative feature fusion. Hence, the refined feature representation is more compact 
and semantically meaningful. 

To preserve the original collaborative information and enable stable gradient 
flow, a residual connection is used to combine the refined and original represen-
tations, 

out ref ccafF F F= +                       (22) 

where: 

outF  = final output feature map;  

refF  = refined feature map;  

ccafF  = output feature map from the CCAFM module;  
+ = residual (element-wise) feature fusion operation. 
The residual enhancement strategy prevents the loss of useful semantic infor-

mation while improving feature discriminability. During network optimization, 
this residual formulation also facilitates gradient flow, accelerates convergence, 
and improves training stability. 

Compared with directly forwarding the fused representation to the classifier, 
the proposed AFRM provides three important advantages. First, it adaptively sup-
presses redundant channel responses inherited from multiple feature streams. 
Second, it enhances disease-specific features through dynamic channel recalibra-
tion. Third, the residual refinement strategy preserves complementary infor-
mation while improving feature robustness, leading to more reliable disease clas-
sification. 

The refined feature representation, which is the final high-level semantic rep-
resentation in the proposed MAF-NET framework, is produced by AFRM and fed 
to the disease classification head for category prediction. 

3.6. Detailed Architecture Configuration 

For reproducibility, the principal architectural configuration of MAF-Net is sum-
marized in Table 2. The network receives an RGB input image of size (224\times 
224\times3) and employs four complementary feature streams for texture, color, 
multi-scale spatial, and morphological representation. The Texture Stream fo-
cuses on fine-grained surface variations and disease-related textural patterns us-
ing a convolutional backbone, while the Color Stream captures chromatic varia-
tions and discoloration characteristics through RGB-based statistical representa-
tions. The Multi-Scale Spatial Stream captures disease-related patterns at different 
spatial scales through convolutional feature extraction, whereas the Morphology 
Stream focuses on structural characteristics, including lesion boundaries, con-
tours, and geometric patterns. The representations generated by the four streams 
are independently projected into a common 256-dimensional feature space and 
subsequently integrated through the Collaborative Cross-Attention Fusion Mod-
ule (CCAFM), producing a unified 1024-dimensional representation. The fused 
representation is then adaptively refined by the Adaptive Feature Refinement 
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Module (AFRM) before being passed to the classification head. The classification 
head consists of fully connected layers with 512, 256, and 128 units, with batch 
normalization and dropout applied at the corresponding stages, followed by a ten-
class SoftMax output layer. 

 
Table 2. Summary of the MAF-Net architecture. 

Component Main Operations 
Output 

Dimension 
Key Configuration 

Input RGB Image 224 × 224 × 3 3 channels 

Texture Stream 
MobileNetV2 → GAP → 

Dense → Dropout 
256 

ImageNet pretrained; ReLU; 
Dropout = 0.30 

Color Stream 
RGB Statistics → Dense → 

Dense 
256 12 → 128 → 256; ReLU 

Multi-Scale 
Spatial Stream 

Conv2D → Conv2D → 
GAP → Dense → Dropout 

256 
32/64 filters; 3 × 3; stride = 1; 

ReLU 

Morphology 
Stream 

Conv2D → Conv2D → 
GAP → Dense → Dropout 

256 
32/64 filters; 3 × 3; stride = 1; 

ReLU 

Feature 
Projection 

Four Dense Projections 4 × 256 
256-dimensional common 

space 

CCAFM 
Collaborative  

Cross-Stream Fusion 
1024 

Adaptive cross-stream 
interaction 

AFRM 
Adaptive Feature 

Refinement 
1024 Feature recalibration 

Classification 
Head 

Dense → BN → Dropout 512 ReLU; Dropout = 0.40 

Classification 
Head 

Dense → BN → Dropout 256 ReLU; Dropout = 0.30 

Classification 
Head 

Dense → Dropout 128 ReLU; Dropout = 0.20 

Output Dense + SoftMax 10 Ten disease classes 

 
The resulting four-stream configuration contains 3,649,226 total parameters, 

including 1,389,706 trainable parameters and 2,259,520 non-trainable parameters. 

3.7. Disease Classification Head 

Following adaptive feature refinement, the resulting high-level feature represen-
tation contains rich semantic information describing the texture, color, spatial 
distribution, and morphological characteristics of tomato leaf diseases. To trans-
form these refined feature maps into disease predictions, a lightweight classifica-
tion head is employed. 

Let the refined feature representation generated by the Adaptive Feature Re-
finement Module (AFRM) be denoted as 

H W C
outF R × ×∈                        (23) 
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where: 

outF  = final output feature map;  
H = feature map height;  
W = feature map width;  
C = number of feature channels;  

H W CR × ×  = real-valued feature tensor space. 
Instead of flattening the feature maps directly which dramatically increases the 

number of trainable parameters, the proposed framework adopts Global Average 
Pooling (GAP) as a summary of each feature channel into a single representative 
value. GAP preserves the global semantic information and reduces the computa-
tional complexity and overfitting greatly. 

The pooled feature vector is calculated as: 

( ) ( )
1 1

1 ,
H W

c
c out

i j
z F i j

H W = =

=
× ∑∑                   (24) 

where: 

cz  = global average pooled feature for channel ccc;  
( ) ( ),c

outF i j  = value of the thC  channel at spatial position (i, j);  
H = feature map height;  
W = feature map width;  
∑ = summation over all spatial locations (Global Average Pooling, GAP). 
The resulting feature vector 

[ ]1 2, , , Cz z z=z                        (25) 

where: 
z  = channel descriptor vector;  

1 2, , , Cz z z  = pooled feature values for all C channels;  
C = number of feature channels. 
The resulting feature descriptor is subsequently forwarded to a fully connected 

layer that projects the extracted semantic features into the disease category space. 
The classification logits are computed as 

f fy W b= +z                         (26) 

where: 
y = output feature vector (or channel weights before activation);  

fW  = fully connected layer weights;  
z  = channel descriptor vector from global average pooling;  

fb  = bias term. 
Finally, the SoftMax activation function converts the logits into posterior prob-

abilities over all disease classes, 

( )
( )1

exp

exp
k

k K
nn

y
P

y
=

=
∑

                      (27) 

where: 

kP  = predicted probability of class k; 
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ky  = output logit for class k; 
K = number of classes;  

( )exp .  = exponential function (SoftMax operation). 
The final disease label is determined by selecting the class with the highest pos-

terior probability, 

arg maxˆ kk
y P=                        (28) 

During network training, the model parameters are optimized using the cate-
gorical cross-entropy loss function, 

( )*

1
log

K

k k
k

y P
=

−∑                        (29) 

where ( *
ky ) denotes the ground-truth label encoded using one-hot representation. 

Global Average Pooling, a lightweight fully connected classifier and SoftMax 
prediction work together to provide an efficient classification strategy, that keeps 
low computational complexity while maintaining the discriminative capability of 
the collaboratively learned feature representations. Therefore, the proposed clas-
sification head complements the lightweight design philosophy of MAF-NET and 
allows accurate recognition of tomato leaf diseases without introducing excessive 
model complexity. 

3.8. Computational Complexity Analysis 

In addition to classification accuracy, computational efficiency is also an im-
portant factor for deep learning models in practical deployment in the intelligent 
agriculture environment. The many high-performance plant disease classification 
networks are based on increasing model depth, parameters and computation, 
which brings better recognition performance, but limits their application in re-
source-constrained systems. Therefore, the proposed MAF-NET framework is de-
signed to achieve a good trade-off between discriminative capability and compu-
tational efficiency. 

We evaluate the computational complexity of the proposed architecture using 
three main metrics: number of trainable parameters, floating point operations 
(FLOPs) and inference time. The number of parameters indicates the memory 
cost of the model. FLOPs are the computational operations needed for a single 
input image. Furthermore, the inference time provides an idea of the suitability of 
the model for real-time agricultural applications. 

For a convolution operation, the computational cost can be roughly estimated 
as 

2FLOPs o o in outH W C C K= × × × ×                 (30) 

where: 

oH  = output feature map height;  

oW  = output feature map width;  

inC  = number of input channels;  

outC  = number of output channels;  
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K = convolution kernel size;  
FLOPs  = number of floating-point operations required by the convolution 

layer. 
The total computational complexity of MAF-NET can be expressed as 

total b s f r clsC C C C C C= + + + +                   (31) 

where: 

totalC  = total computational cost of the proposed model;  

bC  = backbone network computational cost;  

sC  = multi-stream feature extraction cost;  

fC  = feature fusion module cost;  

rC  = refinement/attention module cost;  

clsC  = classification head computational cost. 
The proposed shared backbone reduces the computation redundancy since the 

basic feature extraction is done once and shared among all feature streams. In-
stead of individual complete networks for each branch, the multi-stream design 
employs specialized transformations on the shared feature representation. This 
enables MAF-NET to learn diverse features with lower computational cost than 
traditional independent multi-branch architectures. 

Besides, the designed CCAFM and AFRM modules are lightweight operations, 
which can enhance the feature discrimination ability without excessive computa-
tional complexity. Adaptive attention mechanisms can not only enhance the in-
formative features but also avoid the network from being too deep, which achieves 
efficient fusion and refinement. 

Computational analysis shows that MAF-NET achieves a good trade-off be-
tween accuracy and efficiency. The model allows for improved disease modelling 
through collaborative multi-stream learning with a lean architecture that is suita-
ble for deployment in real-world applications of precision agriculture such as 
edge-based monitoring systems and intelligent farming platforms. 

Table 3 shows the statistical comparison between the proposed framework and 
benchmark models. 

 
Table 3. Computational complexity comparison of different models. 

Model Parameters (M) FLOPs (G) Inference Time (ms) 

ResNet50 25.56 4.12 18.7 

MobileNetV2 3.50 0.30 8.4 

EfficientNetB0 5.29 0.39 10.6 

Vision Transformer 86.57 17.60 32.5 

MAF-NET (Ours) 6.84 0.72 12.3 

 
Computational analysis shows that the proposed MAF-NET provides a good 

trade-off between accuracy and computational efficiency. MAF-NET has lower 
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parameters than ResNet50, but still has higher representation ability than tradi-
tional convolutional architecture with the proposed multi-stream attention fu-
sion mechanism. Compared with lightweight networks such as MobileNetV2, 
MAF-NET has extra computation operations. However, the increase is limited, 
which only needs 6.84 million parameters and 0.72 GFLOPs. Furthermore, 
MAF-NET is more efficient than Vision Transformer, which needs much larger 
parameter space and computational cost. These results demonstrate that the 
proposed framework is capable of high classification performance, while re-
maining amenable for practical deployment in resource-limited agricultural ap-
plications. 

4. Experimental Setup 

The experimental setup to evaluate the proposed MAF-NET model for tomato 
leaf disease classification is described in this section. For a fair and reproducible 
evaluation, the dataset characteristics, the preprocessing procedures, the imple-
mentation environment, the training strategy, the comparative models and the 
evaluation metrics are introduced. 

4.1. Dataset Description 

The proposed framework was evaluated on the Tomato Leaf Disease Dataset in-
troduced by Ahmad Ashraf Zargar and published on Kaggle in 2023 [31]. The 
dataset includes 10000 images of tomato leaves collected to classify multi-class 
diseases, including healthy samples and different disease classes. The dataset poses 
a challenging classification problem as visual symptoms are highly variable in 
terms of leaf color, texture, lesion distribution, severity of infection and back-
ground conditions. 

The dataset consists of ten classes. One healthy class and nine disease classes. 
The classes are Bacterial Spot, Early Blight, Late Blight, Leaf Mould, Mosaic Virus, 
Septoria Leaf Spot, Spider Mites (Two Spotted Spider Mite), Target Spot and Yel-
low Leaf Curl Virus. These are prevalent tomato diseases that severely affect crop 
productivity and sustainability of agriculture. 

To satisfy the input requirements of the proposed MAF-NET architecture, all 
images were resized to (224\times 224\times 3) pixels before model training. To 
help the model generalize better and increase the diversity of training samples, 
data augmentation techniques were used. The augmentation operations we used 
are: random rotation, horizontal flip, zoom and brightness. 

We divided the data into training, validation and testing subsets Table 4. The 
model parameter optimization was done using the training subset, and the vali-
dation subset was used for monitoring the training performance and selection of 
the optimal configuration. The testing subset was kept for the final evaluation of 
the proposed framework. All models were evaluated using the same data parti-
tioning strategy for a fair comparison. 
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Table 4. Class-wise distribution of the dataset across training, validation, and test sets. 

Class Total Train (70%) Validation (15%) Test (15%) 

Bacterial Spot 1,000 700 150 150 

Early Blight 1,000 700 150 150 

Healthy 1,000 700 150 150 

Late Blight 1,000 700 150 150 

Leaf Mold 1,000 700 150 150 

Septoria Leaf Spot 1,000 700 150 150 

Spider Mites 1,000 700 150 150 

Target Spot 1,000 700 150 150 

Tomato Mosaic Virus 1,000 700 150 150 

Tomato Yellow Leaf Curl Virus 1,000 700 150 150 

Total 10,000 7,000 1,500 1,500 

4.2. Implementation Details and Training Configuration 

The proposed MAF-NET framework is implemented in Python with the deep 
learning framework Keras and TensorFlow as the backend. To have a consistent 
evaluation environment, all experiments were conducted under the same hard-
ware and software settings. Table 5 reports the training configuration and hy-
perparaeter settings used in all experiments. 

The input image resolution was fixed to be (224 × 224 × 3). The network was 
trained with the AdamW optimizer with a starting learning rate of 0.001. For the 
training process, the cosine annealing learning rate scheduler was used to adjust 
the learning rate gradually and improve the convergence performance. The batch 
size was fixed at 32 and the maximum number of training epochs was set to 100. 

In order to improve the robustness of the model and reduce the overfitting, a 
dropout regularization with a rate of 0.3 was applied in the classification head. We 
also employed L2 regularization via weight decay with a coefficient of 0.0001. To 
help automatically stop training when the validation performance stopped im-
proving, we implemented early stopping with a patience value of 15 epochs. 

 
Table 5. Hyperparameter settings. 

Hyperparameter Value 

Input image size 224 × 224 × 3 

Batch size 32 

Initial learning rate 0.001 

Learning rate scheduler Cosine annealing 

Optimizer AdamW 

https://doi.org/10.4236/ojapps.2026.169203


E. Badry et al. 
 

 

DOI: 10.4236/ojapps.2026.169203 3685 Open Journal of Applied Sciences 
 

Continued  

Weight decay (L2 regularization) 0.0001 

Number of epochs 100 

Early stopping patience 15 

Dropout rate 0.3 

Loss balancing parameter (β) 0.5 

4.3. Comparative Models 

To verify the effectiveness of the proposed MAF-NET framework, we compare the 
performance of our model with several representative deep learning models, in-
cluding ResNet50, MobileNetV2, EfficientNetB0, and Vision Transformer (ViT). 

We selected ResNet50 as a typical deep residual convolutional neural network 
because it has strong feature extraction capability. MobileNetV2 was employed as 
a light architecture suitable for resource constrained applications. We selected the 
EfficientNetB0 because of its efficient scaling strategy and its ability to maintain 
good trade-off between accuracy and computational cost. The performance of 
transformer-based feature representation methods was verified by employing Vi-
sion Transformer. 

All the comparison models were trained with the same dataset split, prepro-
cessing procedures and evaluation criteria as the proposed framework. This ex-
perimental setup ensures that the differences in performance are mostly related to 
the model architecture, but not the training conditions. 

4.4. Metrics for Evaluation 

The proposed MAF-NET framework was evaluated using several standard classi-
fication metrics such as accuracy, precision, recall and F1score. These metrics pro-
vide an overall assessment of the model’s capacity to accurately classify different 
tomato disease classes. 

Accuracy is the overall correctness of classification and is computed as: 

TP TNAccuracy
TP TN FP FN

+
=

+ + +
                 (32) 

Precision measures the proportion of correctly predicted positive samples: 

TPPrecision
TP FP

=
+

                      (33) 

Recall evaluates the ability of the model to identify all relevant disease samples: 

TPRecall
TP FN

=
+

                       (34) 

The F1-score combines precision and recall into a single evaluation measure: 

Precision RecallF1-score 2
Precision Recall

×
= ×

+
                 (35) 

where TP, TN, FP, and FN represent true positive, true negative, false positive, 
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and false negative predictions, respectively. 
In addition to classification metrics, statistical analysis was performed using the 

mean accuracy, standard deviation, and 95% confidence interval to evaluate the 
reliability and consistency of the obtained results. The comparison results of the 
proposed framework and the benchmark models are presented in Table 6. 

 
Table 6. Model performance comparison. 

Model Accuracy (%) Std. Dev. 95% CI 

ResNet50 75.0 0.30 [74.73, 75.17] 

MobileNetV2 78.0 0.26 [77.82, 78.20] 

EfficientNetB0 81.2 0.26 [81.02, 81.40] 

Vision Transformer 93.4 0.29 [93.22, 93.64] 

MAF-Net (Ours) 97.6 0.16 [97.48, 97.72] 

5. Results and Discussion 

In this section, we provide a comprehensive evaluation of the proposed MAF-
NET framework for tomato leaf disease classification. The performance of the 
proposed method is analyzed through the quantitative comparison with the state-
of-the-art deep learning models, convergence analysis, statistical evaluation, abla-
tion experiments, explainability analysis and computational complexity assess-
ment. The aim is to show the effectiveness of the proposed multi-stream feature 
learning and attention-based fusion strategy. 

The supremacy of MAF-NET is not only due to the increase of the network 
complexity, but more importantly to the collaborative learning strategy adopted 
throughout the architecture. The specialized feature streams capture complemen-
tary disease characteristics that are difficult to model with a single representation. 
The proposed CCAFM effectively integrates these heterogeneous features through 
adaptive cross-attention. This next step of refinement further improves discrimi-
native responses by suppressing redundant information. Thus, the overall archi-
tecture achieves higher classification accuracy with only a small increase in com-
putational complexity, showing an effective trade-off between predictive perfor-
mance and computational efficiency. 

5.1. Overall Performance Classification 

Table 4 shows the classification performance of MAF-NET in comparison with 
the selected benchmark models. Figure 2 shows the evaluation on ResNet50, Mo-
bileNetV2, EfficientNetB0 and Vision Transformer (ViT) which are different kinds 
of deep learning architectures. 

The classification performance of MAF-NET compared with the selected bench-
mark models is presented in Table 4. The evaluated models include ResNet50, 
MobileNetV2, EfficientNetB0, and Vision Transformer (ViT), representing dif-
ferent categories of deep learning architectures (Figure 2). 
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Figure 2. Model performance comparison. 

 
The proposed MAF-NET achieved the best classification accuracy of 97.6% 

compared to all the models. ResNet50, MobileNetV2 and EfficientNetB0 achieved 
an accuracy of 75.2%, 78.3% and 81.5% respectively. These convolutional archi-
tectures although successful in learning visual features, are limited in performance 
for complex disease patterns with subtle variations in texture, color and lesion 
features. 

The Vision Transformer achieves 93.7% accuracy, indicating that transformer-
based architectures can learn global feature dependencies. However, the proposed 
MAF-NET achieved 3.9% higher classification accuracy than ViT, which indicates 
that the combination of multi-stream feature extraction and adaptive attention 
fusion provides more discriminative feature representations for tomato disease 
classification. 

The proposed MAF-NET can perform better by fusing complementary feature 
information of different streams and dynamically emphasizing the important dis-
ease-related characteristics by the proposed attention mechanism. 

5.2. Training Convergence Analysis 

To analyze the learning behavior and convergence characteristics of the proposed 
framework, the training and validation accuracy and loss curves are illustrated in 
Figure 3. 

The results demonstrate that MAF-NET has stable convergence over the whole 
training process. The training accuracy is increasing and loss is decreasing, show-
ing that the network parameters are well optimized. Besides, the validation per-
formance exhibits a similar trend with a small gap between training and validation 
curves, which indicates that the regularization techniques applied, such as drop-
out and weight decay, can effectively alleviate the overfitting. 

The stable convergence behavior shows the ability of the proposed framework 
to learn robust feature representations from tomato leaf images. 
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Figure 3. Models performance comparison. 

5.3. Analysis of the Confusion Matrix 

The classification capability of MAF-NET for individual tomato disease categories 
is further analyzed using the confusion matrix presented in Figure 4. The diagonal 
entries of the confusion matrix correspond to correctly classified samples for each 
class and, when normalized by the total number of actual samples in that class, 
represent the corresponding class recall. 

 

 
Figure 4. Confusion matrix of MAF-NET on the tomato leaf disease dataset. 
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The results show that most of the samples are classified correctly in all disease 
categories, which confirms the effectiveness of the proposed framework in differ-
entiating between different disease symptoms. Even for visually similar diseases 
where the difference may be only small texture changes or localized areas of in-
fection, the model achieves a high recognition capability. 

The good classification performance among multiple disease classes demon-
strates that the proposed attention fusion mechanism can pay attention to mean-
ingful disease-related regions while reducing the impact of irrelevant background 
information effectively. 

5.4. Ablation Study 

An ablation study was performed by progressively adding the main modules of 
MAF-NET to investigate the contribution of each proposed component. The re-
sults are shown in Table 7. 

The backbone-only model achieved an accuracy of 91.8% and indicated that the 
feature extractor can learn basic visual representations. Then, the multi-stream 
feature extraction module was introduced and the accuracy increased to 94.5%, 
confirming the multiple feature representations improve the detection of disease 
related patterns. In addition, the attention fusion mechanism improved the accu-
racy to 95.2%. This improvement suggests that the adaptive feature weighting al-
lows the network to focus on important disease characteristics while suppressing 
less informative features. 

The full MAF-NET framework achieved a highest accuracy of 97.6%, which in-
dicates that the complementary advantage of multi-stream learning and attention-
based fusion can significantly improve the classification performance. 

 
Table 7. Ablation study of the proposed MAF-NET components. 

Model Configuration Multi-Stream Module 
Attention Fusion 

Module 
Accuracy 

(%) 

Backbone Only ✗ ✗ 91.8 

Backbone + Multi-Stream ✓ ✗ 94.5 

Backbone + Attention Fusion ✗ ✓ 95.2 

MAF-NET (Full Model) ✓ ✓ 97.6 

5.5. Explainability Analysis Using Grad-CAM 

To further study the decision-making process of the proposed framework, Grad-
CAM visualization was used to produce attention maps to show the important 
regions contributing to the classification decisions. The visualization results are 
depicted in Figure 5. The produced heatmaps show that MAF-NET mainly pays 
attention to the disease-affected areas, such as leaf lesion, discolored area, and ab-
normal texture pattern. This suggests that the model learns useful biological fea-
tures and does not depend on irrelevant background information. The explaina-
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bility analysis further validates the reliability of MAF-NET and proves its suitabil-
ity for practical agricultural applications where the transparency of the model is 
essential. 

 

 
Figure 5. Grad-CAM visualization results of MAF-NET predictions. 

5.6. Computational Efficiency Analysis 

Besides classification performance, we also analysis the computational efficiency 
of MAF-NET by comparing the number of trainable parameters, FLOPs and in-
ference time with benchmark models. The results are summarized in Table 8. 
Compared with complex architectures, such as Vision Transformer, MAF-NET 
introduces additional feature fusion and attention operation, but still achieves rea-
sonable computational cost. The proposed framework needs a smaller number of 
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parameters and computational resources while providing much higher classifica-
tion accuracy. MAF-NET is more accurate and efficient than ResNet50 and Vision 
Transformer, thus it is a better candidate for practical plant disease monitoring 
systems and future edge-based agricultural applications. 

 
Table 8. Computational complexity comparison. 

Model Parameters (M) FLOPs (G) Inference Time (ms) 

ResNet50 25.56 4.12 18.7 

MobileNetV2 3.50 0.30 8.4 

EfficientNetB0 5.29 0.39 10.6 

Vision Transformer 86.57 17.60 32.5 

MAF-NET (Ours) 6.84 0.72 12.3 

 
In general, the experimental results show that MAF-NET has better perfor-

mance on classification of tomato leaf diseases with stable training behaviors, 
strong interpretability and acceptable computational efficiency. To sum up, the 
multi-stream feature learning and the attention-based feature fusion work in tan-
dem to provide an effective solution for accurate and reliable plant disease diag-
nosis. 

5.7. Class-Wise Performance Analysis 

To provide a detailed evaluation of MAF-Net across the ten tomato leaf disease 
classes, class-wise Precision, Recall, and F1-score were calculated using the same 
prediction set used to generate the confusion matrix. Figure 6 presents the corre-
sponding per-class Precision, Recall, and F1-score values. Unlike overall accuracy, 
these class-wise metrics provide a more informative assessment of the model’s 
ability to correctly identify individual disease categories. 
 

 
Figure 6. Class-wise precision, recall, and F1-score of MAF-Net across the ten tomato leaf 
disease classes. 
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As shown in Figure 6, MAF-Net achieves high Precision across all disease clas-
ses, ranging from 99.0% to 100.0%, indicating a very low rate of false-positive pre-
dictions. Recall values range from 95.0% to 99.5%, with the highest recall obtained 
for the Healthy class (99.5%) and the lowest for Mosaic Virus (95.0%). The F1-
scores range from 97.4% to 99.5%, demonstrating a balanced classification per-
formance across the evaluated classes. The macro-average Precision, Recall, and 
F1-score are 99.6%, 97.3%, and 98.4%, respectively. 

5.8. Statistical Significance Analysis 

The results of the comprehensive statistical significance testing are shown in Fig-
ure 7. That shows t statistics, comparing MAF-NET against each baseline model. 
All comparisons yield t statistics well in excess of the critical value of 2.26 (α = 
0.05), suggesting statistical significance of the improvements. And all p values 
were <0.001, confirming high statistical significance. also, the one-way ANOVA 
boxplot (F = 93.1, p = 1.2 × 10−15), confirming significant differences between all 
models. As shown in Figure 5(d), MAF-NET outperforms the baselines with the 
differences of 22.4% (ResNet50), 19.3% (MobileNetV2), 16.1% (EfficientNetB0), 
and 3.9% (ViT) in paired t test. 

 

 
(a)                                                  (b) 

Figure 7. Statistical significance: T statistics, P values, one way ANOVA, and paired T test differences. 

5.9. Confidence Interval Analyses 

The 95% confidence intervals for all models are shown in Figure 6. Among all the 
models we compared, MAF-NET yields the best and narrowest 95% confidence 
interval of [97.4%, 97.8%]. This means the MAF-NET is not only more accurate, 
but also very stable across cross validations folds However, the confidence interval 
for Vision Transformer is wider [93.3%, 94.1%], which means the performance 
variance is larger. 

5.10. Effect Size Analysis 

Figure 8 Cohen’s d effect sizes for MAF-NET versus baseline model comparisons 
The Cohen’s d values of 93.12 (vs. ResNet50), 90.20 (vs. MobileNetV2), 75.47 (vs. 
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EfficientNetB0) and 17.68 (vs. ViT) are all far above the threshold for large effect 
(d > 0.8). The results suggest that the dominance of MAF-NET is not only statis-
tically significant but also practically significant. 

 

 
Figure 8. Cohen’s d effect sizes. 

5.11. ROC AUC Analysis 

Figure 9 shows the Receiver Operating Characteristic (ROC) curves for all mod-
els. The Area Under the Curve (AUC) score of MAF-NET is the highest (0.990) 
followed by Vision Transformer (0.97), EfficientNetB0 (0.88), MobileNetV2 
(0.85) and ResNet50 (0.82). The AUC value of 0.990, close to perfect, shows that 
MAF-NET can discriminate very well between disease classes, with high true pos-
itive rate even at very low false positive rates. 

 

 
Figure 9. Presents the receiver operating characteristic (ROC) curves. 
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5.12. Cross Validation Results 

Tenfold cross validation was performed to ensure robust evaluation. To further 
evaluate the robustness and generalization capability of the proposed models, 10-
fold cross-validation was performed. In each fold, nine subsets were used for train-
ing and the remaining subset for validation, ensuring that every sample was used for 
validation exactly once. The accuracy of each fold was recorded, and the mean ac-
curacy and standard deviation were calculated to assess the overall performance and 
stability of each model. The complete fold-wise results are presented in Table 9. 

 
Table 9. Ten fold cross validation accuracies (%). 

Fold ResNet50 MobileNetV2 EfficientNetB0 ViT MAF-Net 

1 74.5 77.8 81.0 93.2 97.4 

2 75.1 78.1 81.3 93.5 97.6 

3 74.8 77.9 81.1 93.3 97.5 

4 75.3 78.3 81.5 93.8 97.8 

5 75.0 78.0 81.2 93.4 97.6 

6 74.9 78.2 81.4 93.6 97.7 

7 75.2 77.7 80.9 93.1 97.4 

8 74.7 78.4 81.6 93.9 97.9 

9 75.4 77.6 80.8 93.0 97.5 

10 74.6 78.1 81.3 93.5 97.6 

Mean 74.95 78.01 81.21 93.43 97.60 

Std. Dev. 0.30 0.26 0.26 0.29 0.16 

5.13. MAF-NET Sample Predictions on Tomato Disease Test Set 

Some sample predictions of MAF-NET on tomato disease test images are shown 
in Figure 10. Green borders correspond to correct predictions with high confi-
dence (96, 99%), while red borders correspond to misclassifications. The model 
correctly identifies 8 out of 10 samples, with the errors being between visually 
similar diseases: Mosaic Virus vs. Yellow Leaf Curl and Septoria Spot vs. Early 
Blight. This is a show of the high performance of MAF-NET and also shows the 
hard cases with the similar visual symptoms. 
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Figure 10. Representative sample predictions of MAF-NET on tomato disease test set. 

6. Conclusion and Future Work 
6.1. Conclusion 

In this study, a novel multi-stream deep learning framework for plant disease 
recognition was proposed to overcome the limitations of conventional single-
pathway architectures. Existing methods usually rely on a single feature represen-
tation which may not be sufficient to represent the diverse visual characteristics 
of plant diseases, such as color variations, texture patterns, structural changes and 
spatial symptoms. To this end, the proposed framework adopts complementary 
feature extraction branches and an adaptive fusion strategy to enhance discrimi-
native representation learning with computational efficiency. 

The proposed architecture contains multiple feature streams to extract disease 
related information at different levels, and fuses them by an attention based col-
laborative fusion mechanism. The design allows the model to selectively empha-
size the most informative features from each branch. It also reduces redundant 
information. Moreover, the adaptive refinement module further improves the 
fused representation before classification, which helps the network to make more 
robust decisions for different disease classes. 

The proposed approach was evaluated on a dataset of 10,000 plant images and 
the ability of the method to learn high-level disease patterns under different visual 
conditions was demonstrated. Besides the recognition performance, the compu-
tational analysis also shows that the proposed model has a lightweight structure 
with only 6.84 million trainable parameters and 0.72 GFLOPs, making it suitable 
for practical agricultural applications with limited computational resources. 

Unlike conventional approaches that enhance accuracy by adding complexity 
to the model, the proposed framework emphasizes effective feature collaboration 
and selective information integration. Experimental results demonstrate that the 
complementary visual representations achieve a strong trade-off between accu-
racy and computational efficiency when fused with a carefully designed mecha-
nism. Thus, the proposed method is a promising solution for intelligent plant dis-
ease diagnosis and contributes toward the development of scalable deep learning 
systems for precision agriculture. 

6.2. Future Work 

The proposed framework can achieve effective plant disease recognition, but there 
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are still several directions for future investigation. Future work will involve ex-
tending the proposed architecture for real world field deployment by evaluating 
its performance on larger and more diverse datasets captured under uncontrolled 
agricultural environments. These datasets with variations in illumination, weather 
conditions, plant growth stages and complex background interference can be used 
to further inspect the generalization capability of the model. 

Second, the current framework can be extended to incorporate other sensing 
modalities such as multispectral, hyperspectral or thermal information, to explore 
if complementary non-RGB characteristics can further enhance disease represen-
tation. The combination of these modalities with the proposed multi-stream 
learning strategy can provide more informative data for the detection of subtle 
plant stress patterns. 

Third, in future work, we will explore more efficient model compression 
techniques such as pruning, quantization and knowledge distillation to facili-
tate deployment on resource constrained edge devices for smart farming envi-
ronments. These improvements can be helpful to reduce the memory require-
ment and the inference latency meanwhile maintaining the recognition perfor-
mance. 

Finally, future work will explore the integration of the proposed vision based 
framework with IoT based agricultural monitoring systems. The combination of 
image-based disease diagnosis and environmental sensor information, such as 
temperature, humidity and soil conditions, can support more comprehensive de-
cision-making systems for precision agriculture. These developments can be ex-
ploited to develop autonomous agricultural platforms for continuous monitoring 
and intelligent crop management. 
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