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Abstract
Food image recognition holds significant application potential in the field of computer vision. However, due to perfor-
mance constraints on mobile devices, the scale and computational overhead of models face notable limitations, making 
effective deployment on mobile platforms challenging. To address this issue, this paper proposes a lightweight Dual-
Path Feature Aggregation Network (DPFA-Net), designed to enhance the performance of food recognition tasks through 
efficient local and global feature extraction strategies. Specifically, the DPFA architecture comprises two core modules: 
the GhostBottleneck module for local feature encoding and the Position Mamba Vision Transformer (PM-ViT) module 
for global modeling. In this work, the GhostBottleneck module is utilized to extract local features from images. Further-
more, by integrating the Mamba structure with the Separable Self-Attention (SSA) structure, we construct the Mamba 
Attention (MA) module, which replaces the traditional Attention mechanism in Vision Transformers to build the PM-ViT 
module, enabling the capture of global features in food images. The redesigned DPFA-Net effectively fuses local and 
global information, achieving efficient food image recognition. The experiments were conducted on the ETHZ Food-101, 
Vireo Food-172, and UEC Food-256 datasets. The results show that, while reducing the number of parameters, DPFA-Net 
achieved Top-1 accuracies of 91.46%, 91.59%, and 75.33%, respectively, representing a 1.50%–3.9% improvement over 
MobileViTv2. Compared to MobileViTv2, DPFA-Net improves performance by 1.50–3.9%, fully validating the effective-
ness and superiority of the DPFA architecture.
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1  Introduction

With the rapid advancement of digital technologies, food 
computing has been increasingly applied in food science 
and nutritional health, gradually reshaping the entire indus-
try ecosystem [1]. Its applications span the entire food 
chain, from production and processing to end-user con-
sumption, offering new technical means and service models 
for dietary health management [2–5]. Among these devel-
opments, food image recognition has emerged as a core 
technology [6–8], playing a pivotal role in advancing intel-
ligent food systems. It is widely utilized in scenarios such 
as precise dietary health monitoring, intelligent upgrades 
and quality control in the food industry, as well as collab-
orative supply chain management and risk prevention.As 
food and nutrition domains continue to evolve, extending 
the application boundaries of food recognition technolo-
gies becomes increasingly important. Mobile devices, due 
to their portability and widespread adoption, have become a 
key platform for deploying food image recognition applica-
tions. Migrating high-accuracy food recognition models to 
mobile platforms is expected to facilitate personal dietary 

management, industrial digital transformation, and supply 
chain optimization.However, most state-of-the-art food 
recognition models are typically characterized by large 
model sizes and high computational demands, making them 
unsuitable for resource-constrained mobile environments. 
Therefore, achieving a balance between model accuracy and 
lightweight efficiency has become a pressing research chal-
lenge. To address this issue, we propose a novel lightweight 
Dual-Path Feature Aggregation Network (DPFA-Net), spe-
cifically designed for efficient deployment of food image 
recognition tasks on mobile devices with limited resources.

While considerable progress has been made in light-
weight food image recognition, existing methods still strug-
gle to meet the practical demands of mobile deployment. As 
illustrated in Fig. 1, food images present a unique challenge: 
they often exhibit high intra-class variability and low inter-
class discrimination. Specifically, instances within the same 
food category can differ significantly due to variations in 
ingredients, shapes, or cooking methods (see the left side 
of Fig. 1). For example, within the category of ’waffle’, dif-
ferent samples use various ingredients and display various 
shapes, making key distinguishing features more dependent 

Fig. 1  Example images from the ETHZ Food-101 and Vireo Food-172 datasets. The left side illustrates the high intra-class variability within the 
same category, while the right side highlights the low inter-class distinction across different categories
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on the global context rather than local regions. However, 
different food categories can share similar textures or com-
ponents (see the right side of Fig. 1). For example, dishes 
such as sea intestine fried rice, stir-fried sea intestine, and 
minced pork with sea intestine belong to different catego-
ries, but exhibit substantial visual similarities in texture 
and ingredients. These characteristics further complicate 
the recognition task, requiring the model to capture long-
range dependencies and cross-category similarities effec-
tively.However, traditional convolutional neural networks 
(CNNs), constrained by limited receptive fields, often fail to 
model such long-range interactions. Deepening the network 
to overcome this issue typically leads to increased parame-
ter counts and computational complexity, which contradicts 
the goal of lightweight design.Recently, Vision Transform-
ers (ViTs), leveraging attention mechanisms, have shown 
strong potential in global feature modeling. However, their 
computational complexity grows quadratically with input 
resolution, making them less suitable for lightweight sce-
narios due to training difficulties and inference costs. The 
emerging Vision Mamba (Vim) architecture provides a 
promising alternative by achieving superior global mod-
eling capability with significantly lower computational 
overhead, offering new possibilities for efficient visual 
recognition.In contrast, while CNNs are less effective at 
capturing fine-grained dependencies and long-range inter-
actions, they excel at extracting local features. Therefore, 
an open challenge in the recognition of lightweight food is 
how to efficiently integrate local and global features within 
a resource-constrained framework.

Lightweight food image recognition faces two fun-
damental challenges. First, food images often exhibit 
fine-grained characteristics [9] due to the subtle visual dif-
ferences among diverse ingredients. These intra-image vari-
ations are difficult to distinguish using coarse appearance 
cues, requiring models to possess refined visual discrimina-
tion capabilities. Second, the key discriminative informa-
tion in food images is frequently scattered across multiple 
non-contiguous regions, demanding strong global modeling 
abilities.Traditional convolutional neural networks (CNNs) 
[10–13] extract low-level visual features through local 
receptive fields, but they rely on deep stacking or dilated 
convolutions to expand the receptive field—approaches that 
are inherently constrained in lightweight designs. On one 
hand, deeper network architectures [14, 15] significantly 
increase the model’s parameter count and computational 
overhead. On the other hand, commonly used strategies 
for reducing resource consumption, such as channel prun-
ing and spatial downsampling, often result in the loss of 
long-range dependencies.This conflict between the need for 
global feature modeling and the constraints of lightweight 
deployment has emerged as a core bottleneck in improving 

recognition performance using CNN-based architectures. 
Although Vision Transformers (ViTs) [16] demonstrate 
strong capability in capturing long-range relationships 
between pixels, their self-attention mechanism incurs 
quadratic computational complexity with respect to input 
resolution, making them heavily dependent on large-scale 
annotated datasets and high-performance hardware during 
training. Moreover, the high-dimensional matrix operations 
involved in ViTs conflict with the low power and limited 
computing capacities of edge devices, hindering the balance 
between accuracy and efficiency in lightweight deployment.
Recently, Vision Mamba (Vim) has achieved promising 
performance on several visual tasks, often surpassing ViT. 
However, practical applications remain limited. As noted 
by Weihao Yu, Dongchen Han, and others [17], the state 
space model (SSM) at the core of the Mamba block may 
not be inherently suitable for vision tasks; rather, the archi-
tectural design itself is the key contributor to its effective-
ness.Thus, a pressing issue in food image recognition is how 
to construct a lightweight architecture that simultaneously 
supports efficient training on server-side platforms and fast 
inference on mobile devices, all while maintaining high rec-
ognition accuracy.

This paper aims to address two major challenges in light-
weight food image recognition: the difficulty of jointly mod-
eling local and global features, and the limitations of model 
deployment under constrained computational resources. 
Food images typically exhibit large intra-class variations 
and small inter-class differences- foods of thesame category 
may vary significantly in appearance due to differences in 
cooking style, shape, and viewing angle, while foods from 
different categories often share highly similar colors and 
textures. These characteristics impose higher demands on 
the model’s representation capability, requiring it to be both 
sensitive to fine-grained local textures and capable of cap-
turing global semantic structures.

To this end, we propose DPFA-Net, which achieves 
efficient fusion of local and global information while 
maintaining low parameter count and computational cost, 
thereby significantly improving recognition performance in 
resource-constrained environments such as mobile devices. 
The main contributions of this work are summarized as 
follows: 

1.	 The proposed DPFA-Net achieves significant reduc-
tions in both parameter count and computational cost, 
enabling efficient deployment on mobile devices with 
limited resources. To maintain strong global feature 
modeling capabilities while ensuring lightweight 
design, we redesigned the Position Mamba Vision 
Transformer (PM-ViT) module and connected it in 
series with the GhostBottleneck to form the Dual-Path 

1 3

Page 3 of 17     80 



X. Zhu et al.

significantly reducing parameter counts and computational 
complexity while maintaining competitive performance. 
Specifically designed for resource-constrained environ-
ments, MobileNetV3 is optimized primarily for mobile 
CPU, while MobileNetV4 further extends optimization to 
mobile CPU, DSP, GPU, as well as Apple’s Neural Engine 
and Google’s Pixel EdgeTPU. Nevertheless, lightweight 
CNN-based architectures typically struggle to effectively 
capture global features.

To address this limitation, ViTs draw inspiration from the 
successful application of transformers in natural language 
processing, introducing them to image recognition tasks 
to develop a novel approach for capturing global informa-
tion. However, the high parameter count and computational 
demands of ViTs have shifted research focus toward opti-
mizing self-attention mechanisms to improve efficiency. 
Notable efforts include Swin Transformer [24], Efficient-
Former [25], LightViT [26], EfficientViT [27], MiniViT 
[28], and TinyViT [29]. Nevertheless, these transformer-
based lightweight models face challenges such as complex 
training processes and high computational costs due to the 
quadratic growth of token interactions. HAFormer [30] pro-
poses an Efficient Transformer module that simplifies the 
quadratic computations of traditional transformers through 
spatial reduction, linear projection, and segmentation strate-
gies. While this module reduces computational overhead to 
some extent, it still incurs significant resource consumption 
and time costs when processing high-resolution or large-
scale images.

Recent research trends indicate that constructing light-
weight hybrid systems by combining the strengths of CNNs 
and Vision Transformers can enhance prediction accuracy 
and training stability in mobile vision tasks. Representative 
works in this area include MobileFormer [31], CMT [32], 
CvT [33], BoTNet [34], Next-ViT [35], EdgeViTs [36], 
as well as MobileViT v1 [37] and v2 [38]. These hybrid 
architectures successfully integrate the advantages of local 
and global information processing, although they still face 
challenges related to large model sizes in certain scenarios. 
Additionally, models based on State Space Models (SSMs) 
have been proposed, such as Vision Mamba [39], VMamba 
[40], and MambaVision [41], which partially address the 
computational and memory efficiency issues of ViTs when 
handling high-resolution images. The emergence of Mam-
baOut [42] and MILA [43] further demonstrates that the 
effectiveness of Mamba-series models lies in their unique 
architectural structure rather than the SSM itself.

2.2  Lightweight food recognition

In recent years, with the deepening of research in the field 
of food computing, a series of deep learning-based food 

Feature Aggregation (DPFA) Block. This block employs 
a sequential feature propagation mechanism, allowing 
the PM-ViT to further aggregate global information 
on top of the local features extracted by the convolu-
tional branch. As a result, it naturally fuses fine-grained 
local textures with global semantic information. This 
design not only enhances the model’s discriminative 
power and robustness but also achieves an excellent 
balance between lightweight efficiency and recognition 
performance.

2.	 In terms of local feature extraction, we introduce the 
GhostBottleneck module to capture detailed texture 
information in food images. By employing lightweight 
convolutional operations, this module efficiently 
extracts spatially localized features, highlighting criti-
cal structural details while reducing redundant com-
putations. This provides a strong local representation 
foundation for subsequent global modeling.

3.	 For global feature modeling, we combine Structured 
Separable Self-Attention (SSA) with the Mamba archi-
tecture to construct the Mamba Attention (MA) mod-
ule. Traditional SSA computes correlations only among 
pixels at the same relative positions within each patch, 
which limits its ability to model long-distance depen-
dencies across patches. To overcome this limitation, 
we design a Local-Relation (LR) Block that computes 
correlations not only within individual patches but also 
across different patches, thereby enhancing contextual 
interaction and significantly improving global modeling 
capacity.

4.	 Extensive experiments are conducted on three represen-
tative public food image datasets. The results demon-
strate that our proposed DPFA-Net not only achieves 
lower parameter count and computational cost but also 
surpasses current state of-the-art lightweight and hybrid 
models in recognition accuracy, validating its supe-
riority and deployability in practical food recognition 
applications.

2  Related work

2.1  Lightweight CNNs, ViTs, mamba and hybrid 
models

Among numerous well-known CNNs, ResNet [18] is 
undoubtedly one of the most acclaimed architectures. 
However, higher-accuracy CNN models often come with 
large parameter counts and high FLOPs. To address this 
challenge, a series of lightweight CNN models, such as 
ShuffleNetV2 [19], ESPNetV2 [20], EfficientNet [21], 
MobileNetV3 [22], and MobileNetV4 [23], have emerged, 
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utilizes the GhostBottleneck module to efficiently extract 
fine-grained local features from food images. This module 
applies lightweight convolutional operations that signifi-
cantly reduce computational costs while preserving critical 
spatial information. Concurrently, we introduce the Position 
Mamba Vision Transformer (PM-ViT) module to capture 
long-range spatial dependencies and global structure within 
the image. The PM-ViT is built upon the Mamba backbone, 
incorporating structured state-space modeling with efficient 
attention computation.

By sequentially stacking multiple DPFA Blocks—each 
composed of a GhostBottleneck followed by a PM-ViT—
DPFA-Net achieves progressive fusion of local and global 
features across all network stages, as illustrated in Fig. 2. 
The DPFA Block connects the GhostBottleneck and PM-
ViT modules in a serial rather than parallel manner. This 
design facilitates the progressive fusion of local features 
and global information, enhancing the interaction and rep-
resentation between the two types of features. In a parallel 
configuration, the convolutional branch first performs con-
volution operations on the input feature to extract local tex-
ture information, while the PM-ViT branch simultaneously 
computes global correlations on the same input, effectively 
introducing global dependencies directly on the original 
feature map. Since these two branches operate in different 
feature spaces, the local features produced by the convolu-
tional branch and the global representations generated by 
the PM-ViT branch exhibit significant heterogeneity. As a 
result, their fusion may lead to inconsistent feature distribu-
tions, thereby weakening the model’s discriminative abil-
ity and increasing both parameter count and computational 
cost.In contrast, the serial connection allows the PM-ViT 
module to model global dependencies on top of the features 
refined by the GhostBottleneck—aggregating global infor-
mation based on already extracted local representations. 
This sequential feature propagation enables a more natural 
integration of local and global information while effectively 
avoiding redundant computations inherent in parallel struc-
tures. Consequently, it achieves an optimal balance between 
lightweight efficiency and recognition performance. In the 
DPFA Block, The GhostBottleneck focuses on modeling 
intra-class diversity by emphasizing fine-grained textures, 
thereby improving robustness to variations within the same 
food category. In contrast, the PM-ViT captures long-dis-
tance dependencies to better distinguish visually similar but 
semantically distinct food classes.

This dual-path design facilitates effective integration of 
fine-grained local features and semantic global representa-
tions at each depth level. Such coordinated feature fusion 
significantly improves the network’s ability to handle food 
recognition challenges characterized by large intra-class 
variations and small inter-class differences. Additionally, 

recognition methods have emerged. Due to the growing 
demand for lightweight food image recognition in practi-
cal application scenarios, researchers have begun to explore 
ways to reduce model complexity and computational costs 
while maintaining performance. Sheng et al. [44] conducted 
an in-depth investigation into the critical issue of making 
models lightweight while efficiently extracting features. 
They designed a model named LP-ViT, which retains 
positional information during the extraction of global fea-
tures. By integrating an inverted residual structure, LP-
ViT achieves efficient fusion of global and local features, 
improving model accuracy while maintaining a lightweight 
design.

To overcome the limitations of traditional CNNs in 
capturing global information, Sheng et al. [45] proposed 
GSNet, which employs a global shuffle operation to enable 
convolutions to extract global features from images, thereby 
improving food image recognition accuracy while maintain-
ing a lightweight model. Yang et al. [46] introduced AFNet, 
which utilizes aggregation blocks for global feature encod-
ing and integrates residual models to effectively capture 
both global and local features. This approach enhances 
recognition accuracy while reducing parameter count and 
computational load. However, compared to ViTs, convolu-
tional operations still fall short in comprehensively captur-
ing global information.

3  Method

3.1  Overview of DPFA-net

DPFA-Net is a hybrid architecture that integrates Convo-
lutional Neural Networks (CNNs) and Vision Transformers 
(ViTs). Food images typically exhibit highly complex and 
diverse visual characteristics: significant intra-class varia-
tions may exist within the same food category, while visu-
ally similar appearances are often observed across different 
food categories. Therefore, effectively capturing both fine-
grained local features and global contextual information is 
crucial for enhancing the model’s representation capability.

To address this challenge, DPFA-Net adopts a dual-
path structure within each fundamental block. This design 
aims to achieve collaborative modeling of local textures 
and global semantics in food images. A single-path archi-
tecture often introduces representational bias: convolution-
based branches tend to overlook global dependencies, while 
attention-based mechanisms may weaken local details. 
The dual-path structure integrates the local branch and the 
global branch in a complementary manner, enabling the 
model to maintain lightweight efficiency while balancing 
local discriminability and global consistency. The network 
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Block is depicted in Fig. 2(d). Upon entering the MA Block, 
the input is split into two branches. One branch sequentially 
undergoes a 1×1 standard convolution, a 3×3 Depth Wise 
Convolution (DWConv), an activation layer, and SSA. The 
other branch passes through a 1×1 standard convolution and 
an activation layer to produce its output. The outputs of the 
two branches are combined via a Hadamard product, effec-
tively fusing the feature information from both branches. 
The merged features then undergo another 1×1 convolution 
to produce the final output.

We propose the Position Mamba Vision Transformer 
(PM-ViT) module, which integrates the efficiency of the 
Mamba architecture in state-space processing with the 
global feature extraction capability of Separable Self-Atten-
tion. By introducing the Mamba Attention (MA) module to 
replace the conventional Self-Attention in ViTs, the model 
significantly reduces parameter count and computational 
complexity while enhancing its ability to capture global 
information.

In the PM-ViT structure, considering that Separable Self-
Attention calculates correlations only among pixels with 
the same relative position within each patch, we incorporate 
Local Representation Blocks (LR Blocks) before and after 
the MA module to strengthen feature interactions across dif-
ferent patches.

the lightweight design of both modules ensures the over-
all computational efficiency of the model, making DPFA-
Net highly suitable for deployment on resource-constrained 
mobile devices.

3.2  Position mamba vision transformer

The structure of the Position Mamba Vision Transformer is 
illustrated in Fig. 2(c).We first construct the Mamba Atten-
tion (MA) Block by integrating the Mamba structure with 
Separable Self-Attention(SSA), replacing the traditional 
Self-Attention mechanism in ViT to reduce parameter 
count and computational complexity while maintaining 
model accuracy. Since SSA only computes correlations for 
pixels at the same relative positions within each patch, we 
introduce a Local Representation(LR) Block before and 
after the MA module to capture correlations between dif-
ferent patches. The structure is illustrated in Fig. 2. After 
processing by the GhostBottleneck module, which captures 
local information, the resulting feature map is fed into the 
PM-ViT module. Initially, the first LR Block captures cor-
relations between different patches. Subsequently, the MA 
Block models long-range pixel correlations. This is fol-
lowed by another LR Block to further enhance inter-patch 
correlations. Finally, the output is obtained through a Feed-
Forward Network (FFN). The specific design of our MA 

Fig. 2  Overall architecture of DPFA-Net: a The backbone network of DPFA-Net. b The architecture of the DPFA Block. c The architecture of the 
PM-ViT Block. d The architecture of the MA Block
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patches. To address this issue, LR Blocks are introduced 
before and after the MA Block to further enhance fea-
ture interaction and contextual dependency. This mecha-
nism enables the model to more effectively capture global 
semantic relationships and contextual information, thereby 
improving overall representation capability and recognition 
robustness.

Specifically, assume the input is denoted as 
X ∈ RC×H×W . First, the unfold operation is applied to 
obtain Xp ∈ RC×P ×N .Subsequently, the LR Block pro-
cesses Xp to produce Xl ∈ RC×P ×N , where C represents 
the number of channels, H  is the height, W  is the width, 
P  denotes the patch size, and N  indicates the number of 
patches, as shown in Equations (1)–(2).

Xp =unfold(X), Xp ∈ RC×P ×N � (1)

Xl =LR(Xp), Xl ∈ RC×P ×N � (2)

Subsequently, the Xl enters the MA Block. The left branch 
processes the input through a 1 × 1 convolution and an 
activation layer to obtain a value map V C×P ×N . The right 
branch applies a 1 × 1 convolution followed by a 3 × 3 
depth-wise convolution (DWConv), and then passes through 
Separable Self-Attention (SSA) to generate an attention 
map MC×P ×N . Finally, the value map and attention map 
are multiplied to produce the final output OC×P ×N

a , as 
shown in Equations (3)–(5):

V =ActLayer(Conv(Xl)), V ∈ RC×P ×N � (3)

M =SSA(DWConv(Conv(Xl))), M ∈ RC×P ×N � (4)

Oa =V · M, Oa ∈ RC×P ×N � (5)

The output from the integration of the two branches is pro-
cessed through a 1 × 1 convolution and then combined via 
a residual connection to produce the output OC×P ×N

m , as 
shown in Equation (6):

Om = Conv(Oa) + Xp, Om ∈ RC×P ×N � (6)

Subsequently, the output is sequentially processed through 
the LR Block and the Feed-Forward Network (FFN) to 
obtain OC×P ×N

f . This is then added to OC×P ×N
m  to pro-

duce the final output of the PM-ViT, which is transformed 
via a fold operation to obtain Xout ∈ RC×H×W , as shown 
in Equations (7)–(9):

Of =FFN(LR(Om)), Of ∈ RC×P ×N � (7)

Og =Of + Om, Og ∈ RC×P ×N � (8)

We adopt unfold and fold operations to replace the tra-
ditional patch embedding and positional embedding used 
in ViTs, which improves the model’s efficiency. Compared 
with traditional self-attention mechanisms, the Separable 
Self-Attention module decomposes the attention operation 
into two independent branches—spatial and channel—and 
leverages efficient operators such as group convolution. 
The input channels are divided into several groups, each 
independently undergoing convolution and attention com-
putation. This strategy substantially reduces parameters 
and computational cost, achieving a lightweight attention 
mechanism that balances efficiency with expressive power.

After feature extraction by the GhostBottleneck, the input 
features first pass through the first LR Block to enhance 
inter-patch correlations, then enter the MA Block to cap-
ture long-range dependencies. Following the MA Block, 
the features pass through the second LR Block to further 
strengthen information exchange among patches. The LR 
Block enhances information exchange between patches by 
computing correlations both among different patches and 
among pixels within each patch, providing crucial support 
for the MA Block in global information modeling, thereby 
improving the model’s ability to capture global dependen-
cies in food images.

Finally, the features are passed through a Feed-Forward 
Network (FFN) to produce the output. Within the MA 
Block, the input features are divided into two branches: 
one branch sequentially applies a 1×1 convolution, a 3×3 
depthwise separable convolution (DWConv), an activa-
tion layer, and a Separable Self-Attention module; the other 
branch passes through a 1×1 convolution and an activation 
layer. The outputs of the two branches are then merged via a 
Hadamard Product (element-wise multiplication), enabling 
fine-grained interaction and fusion of corresponding fea-
tures. A subsequent 1×1 convolution generates the final 
output. This overall design facilitates efficient collaboration 
between local and global feature representations. To achieve 
this functionality, the LR Block employs a 3×3 depthwise 
convolution to effectively capture local contextual informa-
tion, enabling more natural and coherent feature interactions 
across patches while maintaining computational efficiency.

In the PM-ViT module, the design of the MA Block is 
inspired by the Mamba-Like Linear Attention (MLLA) 
structure [43], which demonstrates superior performance in 
efficiently modeling long-range dependencies while reduc-
ing computational complexity. We adopt a lightweight 
Separable Self-Attention (SSA) to replace the conventional 
Linear Self-Attention, thereby reducing parameter count 
while maintaining strong global feature modeling capability. 
However, since SSA only computes correlations between 
pixels at the same relative positions within each patch, it 
has limitations in capturing long-range dependencies across 
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First, food image recognition is a fine-grained classifica-
tion task that is highly sensitive to local details. Therefore, 
more GhostBottleneck modules are introduced in the early 
stages of the network to enhance the extraction of local fea-
tures such as edge and texture information.

Second, unlike traditional deep convolutional networks 
that typically capture global features in high-level layers, 
DPFA-Net incorporates PM-ViT modules into the middle 
layers. By adopting a multi-branch parallel structure, it 
effectively models spatial contextual relationships, enabling 
the network to gain global perception capabilities at earlier 
stages. As a result, the dependence on deep stacking of mod-
ules in later stages is significantly reduced.

Third, considering that feature extraction focuses vary 
across different layers, the shallow layers primarily utilize 
lightweight convolutional structures for detailed feature 
extraction, while the middle layers integrate more PM-ViT 
blocks to model global semantic information. The deeper 
layers maintain moderate depth to facilitate convergence for 
semantic discrimination.

This overall architectural design ensures that DPFA-
Net achieves strong feature representation capability while 
remaining lightweight, making it particularly suitable for 
food image recognition tasks in resource-constrained envi-
ronments. The detailed network architecture is shown in 
Table 1.

4  Results

4.1  Datasets

To validate the effectiveness of the proposed model, we 
selected three publicly available food image datasets for 
evaluation: ETHZ Food-101[47], Vireo Food-172[48], and 
UEC Food-256[49]. These datasets are representative in 
terms of scale, category complexity, and relevance to real-
world applications, making them suitable for assessing the 
robustness and effectiveness of the model. The ETHZ Food-
101 dataset comprises 101 categories with a total of 101,000 
images, of which 75,750 are used for training and 25,250 
for validation. The Vireo Food-172 dataset includes 172 cat-
egories, with a total of 110,241 images, split into 66,071 for 
training and 44,170 for validation. The UEC Food-256 data-
set contains 256 categories, with 31,395 images, of which 
22,095 are used for training and 9,300 for validation.

4.2  Implementation details

We adopt an input image resolution of 256 × 256, set the 
batch size to 32, and use the AdamW optimizer for model 
training. In the initial training phase, we implement a linear 

Xout =fold(Og), Xout ∈ RC×H×W � (9)

3.3  Dual path feature aggregation block

As illustrated in Fig. 2(b), the convolutional component of 
the DPFA Block adopts the GhostBottleneck proposed in 
GhostNetV1[53], while the transformer component utilizes 
the PM-ViT module introduced in this paper. Each DPFA 
Block is constructed by serially connecting a GhostBottle-
neck and a PM-ViT module.

The input features are first passed through the Ghost-
Bottleneck, which effectively extracts fine-grained local 
features from food images while significantly reducing com-
putational cost. Specifically, the GhostBottleneck module 
generates a portion of the primary features using standard 
convolutions and then produces additional “ghost” features 
through inexpensive operations, simulating a richer feature 
representation at a lower computational cost. The residual 
connection within the module further facilitates efficient 
information propagation and enhances feature expressive-
ness. This design achieves lightweight yet accurate feature 
extraction with substantially fewer parameters and reduced 
computational overhead.

Next, the features are fed into the PM-ViT module to 
further capture global spatial information and long-range 
dependencies. Within each DPFA Block, a skip connec-
tion fuses the outputs of the GhostBottleneck and the PM-
ViT, enabling efficient complementation between local and 
global features.

By stacking multiple DPFA Blocks, DPFA-Net is able 
to maintain lightweight characteristics while extracting 
complex features from food images, significantly improv-
ing the model’s representational capacity. The DPFA Block 
achieves efficient integration of local and global features by 
chaining the GhostBottleneck with the PM-ViT. The Ghost-
Bottleneck enhances the model’s sensitivity to fine-grained 
intra-class variations, improving its adaptability to diverse 
instances within the same food category. Meanwhile, the 
PM-ViT strengthens the model’s ability to discriminate 
between different components or regions via global depen-
dency modeling. The skip connection further promotes 
multi-level feature fusion, enabling the model to effectively 
distinguish visually similar but semantically different food 
items in complex scenes, thereby improving inter-class sep-
arability and overall recognition performance.

3.4  Structure of dual path feature aggregation 
network

To maintain high recognition accuracy while reducing 
model complexity, the hierarchical structure of DPFA-Net 
is redesigned based on the following considerations:
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4.3  Results on ETHZ food-101

Table  2,   3 presents a performance comparison of vari-
ous models on the ETHZ Food-101 dataset, with models 
grouped by parameter count in ascending order. We orga-
nize the experimental results by parameter scale, and our 
model outperforms current mainstream lightweight models 
across all seven parameter ranges. In the parameter range 
of 0.5M to 1  M, DPFA-Net−0.5 achieves an accuracy 
of 87.1%, surpassing AFNet−1.0 (86.4%) and Shuffle-
NetV2−0.5 (74.3%). Compared with the above two mod-
els, although the computational overhead slightly increases, 
the ratio of performance to resource consumption remains 
advantageous under the trend of continuously improving 
device computational capabilities. In the 1 M–2 M range, 
with similar or fewer parameters, DPFA-Net−0.75 (88.9%) 

warm-up strategy with an initial learning rate of 1 × 10−6 
for 20,000 iterations. Subsequently, we employ a cosine 
annealing strategy to adjust the learning rate from 2 × 10−3 
to 2 × 10−5.

Table 1  Network specifications of DPFA-Net
Component Input Operator Patch 

Size
Output 
Channel

Stride

Head 256×256 Conv2D 
3×3

– 32α 2

128×128 Ghost-
Bottle-
neck

– 32α 2

Block Group 1 128×128 Ghost-
Bottle-
neck

– 32α 1

128×128 PM-ViT 2×2 32α –
128×128 Ghost-

Bottle-
neck

– 64α 2

64×64 Ghost-
Bottle-
neck

– 64α 1

Block Group 2 32×32 Ghost-
Bottle-
neck

- 64α 1

32×32 PM-ViT 2×2 64α –
32×32 PM-ViT 2×2 64α –
64×64 Ghost-

Bottle-
neck

– 96α 2

32×32 Ghost-
Bottle-
neck

– 96α 1

Block Group 3 32×32 Ghost-
Bottle-
neck

– 96α 1

32×32 PM-ViT 2×2 96α –
32×32 PM-ViT 2×2 96α –
32×32 PM-ViT 2×2 96α –
32×32 Ghost-

Bottle-
neck

– 160α 2

16×16 Ghost-
Bottle-
neck

– 160α 1

Block Group 4 16×16 Ghost-
Bottle-
neck

- 160α 1

16×16 PM-ViT 2×2 160α –
16×16 PM-ViT 2×2 160α –

Block Group 5 16×16 Ghost-
Bottle-
neck

– 320α 2

8×8 PM-ViT 2×2 320α –
α ∈ [0.5, 2.0] represents the width multiplier used to generate DPFA-
Net models with different levels of complexity

Table 2  Performance comparison of CNN-based models on the ETHZ 
Food-101 dataset
Method Top-1 Acc #Params #FLOPs
AFNet-0.5 [50] 82.9% 0.3M 60.1M
ShuffleNetV2-0.5 [19] 74.3% 0.5M 41.6M
AFNet-0.75 [50] 85.8% 0.5M 41.6M
AFNet-1.0 [50] 86.4% 0.6M 164.0M
DPFA-Net-0.5 87.1% 0.7M 319.5M
AFNet-1.25 [50] 87.3% 0.9M 265.0M
AFNet-1.5 [50] 87.8% 1.3M 363.0M
ShuffleNetV2-1.0 [19] 78.0% 1.4M 148.8M
DPFA-Net-0.75 88.9% 1.5M 773.1M
MobileNetV3-0.5 [22] 82.4% 1.5M 73.3M
GhostNetV2-0.5 [51] 81.2% 1.7M 54.0M
AFNet-1.75 [50] 88.4% 1.7M 474.0M
AFNet-2.0 [50] 88.3% 2.1M 576.0M
DPFA-Net-1.0 89.2% 2.3M 918.5M
ShuffleNetV2-1.5 [19] 80.3% 2.6M 303.6M
MobileNetV4-Conv-S [23] 82.0% 2.6M 409.6M
MobileNetV3-0.75 [22] 85.5% 2.8M 161.9M
DPFA-Net-1.25 89.9% 3.7M 1621.0M
MobileNetV3-1.0 [22] 86.2% 4.3M 218.9M
EfficientNeT-B0 [21] 85.2% 4.7M 566.9M
GhostNetV2-1.0 [51] 83.6% 5.0M 176.9M
DPFA-Net-1.5 90.4% 5.3M 2718.0M
ShuffleNetV2-2.0 [19] 82.0% 5.6M 596.4M
MobileNetV3-1.25 [22] 86.2% 6.4M 366.8M
DPFA-Net-1.75 90.6% 7.2M 2925.6M
GhostNetV2-1.3 [51] 84.8% 7.8M 282.5M
MobileNetV3-1.5 [22] 86.5% 8.6M 500.4M
MobileNetV4-Conv-M [23] 83.6% 8.6M 1740.8M
DPFA-Net-2.0 91.0% 9.2M 3497.0M
MobileNetV4-Hybrid-M [23] 84.6% 9.9M 1945.6M
GhostNetV2-1.6 [51] 85.5% 11.2M 415.0M
GhostNetV2-1.9 [51] 85.7% 15.3M 572.8M
MobileNetV4-Conv-L [23] 85.4% 31.4M 4403.2M
MobileNetV4-Hybrid-L [23] 86.3% 36.6M 5120.1M
DPFA-Net-x: where x denotes the width multiplier of the base model
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while reducing computational load by nearly 57%. Com-
pared with Mamba-based models, VMamba-t (86.1%) has 
30.0M parameters, whereas DPFA-Net−2.0 has only 9.2M 
and achieves 91.0%, an improvement of 4.9%, far surpass-
ing VMamba-t. Similarly, VMamba-s (87.2%) has 49.5M 
parameters, while DPFA-Net−1.75 has just 7.2M (less than 
one-sixth of the former) yet reaches 90.6%. Against the lat-
est lightweight Transformer, EdgeViT-xxs (62.2%, 3.8M 
parameters), DPFA-Net−1.0 (89.2%, 2.3M parameters) 
reduces parameters by nearly 40% while achieving a much 
higher accuracy, showing a clear lead. Overall, the compari-
son demonstrates that the DPFA architecture consistently 
delivers higher recognition accuracy with comparable or 
even fewer parameters, exhibiting exceptional parameter 
efficiency and significant performance advantages.

4.4  Results on vireo food-172

Table 4,  5 presents the performance comparison of mod-
els on the Vireo Food-172 dataset, which includes complex 
Chinese dishes with diverse visual features and signifi-
cant background interference. With a similar number of 
parameters, DPFA-Net 0.75 (1.5M,89.7%) outperforms 
ShuffleNetV2−1.0 (1.M,81.0%) by 8.7%; DPFA-Net−1.0 
(2.4M,90.1%) surpasses ShuffleNetV2−1.5 (2.7M82.4%) 
by 7.7%; and DPFA-Net−1.5 (5.3M,91.2%) achieves a 7.4% 
higher accuracy than ShuffleNetV2−2.0 (5.7M,83.8%). 
Compared to EfficientNetB0 (4.8M,83.6%), DPFA-Net−
1.25 (3.8M,91.7%) improves accuracy by 8.1% with fewer 
parameters. Computational efficiency evaluations show 
that DPFA-Net maintains moderate resource consumption 
while achieving high recognition rates. In scenarios with 
both higher parameter counts and accuracy, DPFA-Net−
1.75 (2925.6M FLOPs) reduces computational load by 
46.7% compared to MobileViTv2−1.75 (5493.4M FLOPs). 
Across all parameter ranges, DPFA-Net achieves higher 
accuracy with fewer parameters, surpassing MobileNetV3 
by 5% and MobileViTv2 by approximately 3%. When com-
pared with the latest lightweight Transformers, DPFA-Net 
shows remarkable advantages. For example, EfficientViT-
M4 (52.3%) has 8.5M parameters, whereas DPFA-Net−
1.5, with only 5.346M parameters (about 37% less than the 
former), achieves an accuracy of 91.2%, leading by a large 
margin. Similarly, compared to EfficientViT-M5 (50.7%, 
12.2M parameters), DPFA Net−1.75 has 7.263M parame-
ters, about 40% fewer than the former, yet achieves 91.16% 
accuracy, significantly surpassing it and demonstrating 
superior performance.

significantly outperforms GhostNetV2−0.5 (81.2%) and 
MobileNetV3−0.5 (82.4%), with Top-1 accuracy improve-
ments of 7.7%, 6.5%, and 2.0%, respectively. In the 
2 M–4 M model group, DPFA-Net−1.0 and DPFA-Net−
1.25 (89.2%/89.9%) maintain competitiveness, demonstrat-
ing clear improvements over ViT-based MobileNetV3−
0.75 (85.5%) and MobileViTv2−1.0 (87.6%). For larger 
parameter models, DPFA-Net−1.5 to DPFA-Net−2.0 
achieve Top-1 accuracies exceeding 90%, with DPFA-Net−
2.0 (91.0%, 3497.0M FLOPs) outperforming MobileV-
iTv2−1.75 (88.9%, 5493 M FLOPs) by 2.1% in accuracy 

Table 3  Performance comparison of ViT-based and Mamba-based 
models on the ETHZ Food-101 dataset
Method Top-1 Acc #Params #FLOPs
DPFA-Net-0.5 87.1% 0.7M 319.5M
EHFR-Net-0.5 [44] 88.2% 0.8M 412.2M
MobileViTv2-0.5 [38] 86.9% 1.1M 465.9M
DPFA-Net-0.75 88.9% 1.5M 773.1M
EHFR-Net-0.75 [44] 89.2% 1.8M 955.9M
EfficientViT-M0 [27] 35.7% 2.1M 205.1M
DPFA-Net-1.0 89.2% 2.3M 918.5M
MobileViTv2-0.75 [38] 87.3% 2.5M 1029.9M
EfficientViT-M1 [27] 39.9% 2.8M 307.3M
EHFR-Net-1.0 [44] 89.5% 2.8M 1238.5M
DPFA-Net-1.25 89.9% 3.7M 1621.0M
EdgeViT-xxs [36] 62.2% 3.8M 1126.4M
EfficientViT-M2 [27] 43.5% 4.0M 409.6M
MobileViTv2-1.0 [38] 87.6% 4.4M 1814.7M
EHFR-Net-1.25 [44] 89.9% 4.5M 2066.5M
TinyViT-5M [29] 78.3% 5.1M 2457.6M
DPFA-Net-1.5 90.4% 5.3M 2718.0M
EdgeViT-xs [36] 66.3% 6.4M 2252.8M
EHFR-Net-1.5 [44] 90.0% 6.4M 2941.2M
EfficientViT-M3 [27] 42.4% 6.6M 512.1M
MobileViTv2-1.25 [38] 88.3% 6.9M 2820.2M
Vim-t [39] 59.9% 7.0M 102.4M
DPFA-Net-1.75 90.6% 7.2M 2925.6M
EfficientViT-M4 [27] 46.2% 8.5M 614.4M
EHFR-Net-1.75 [44] 90.0% 8.7M 3840.1M
DPFA-Net-2.0 91.0% 9.2M 3497.0M
MobileViTv2-1.5 [38] 88.6% 9.9M 4046.4M
TinyViT-11M [29] 82.4% 10.6M 3891.2M
EHFR-Net-2.0 [44] 90.0% 11.1M 4731.0M
EfficientViT-M5 [27] 44.8% 12.1M 1126.4M
EdgeViT-s [36] 61.7% 12.8M 3891.2M
MobileViTv2-1.75 [38] 88.9% 13.4M 5493.3M
MobileViTv2-2.0 [38] 89.5% 17.5M 7161.0M
TinyViT-21M [29] 85.7% 20.7M 8396.8M
Vim-s [39] 74.0% 25.5M 103.1M
VMamba-t [40] 86.1% 30.0M 4976.6M
VMamba-s [40] 87.2% 49.5M 8939.5M
VMamba-b [40] 87.7% 87.6M 15728.6M
Vim-b [39] 78.7% 96.9M 204.9M
DPFA-Net-x: where x denotes the width multiplier of the base model

1 3

   80   Page 10 of 17



DPFA-net: a lightweight hybrid neural network with dual path feature aggregation for food image recognition

parameter count, and achieves an 8.1% higher accuracy than 
EfficientNetB0 (64.0%) with fewer parameters. In compar-
ison to state-of-the-art Transformer-based models, DPFA-
Net−1.0 (71.9%) achieves similar Top-1 accuracy with a 
10.7% reduction in FLOPs compared to MobileViTv2−
0.75 (69.8%). Against Mamba-based models, VMamba-s 
has 49.6M parameters and 62.1% accuracy, while DPFA-
Net−1.75 has only 7.31M parameters (about one-seventh) 
yet achieves 72.9%, far surpassing VMamba-s.Compared 
with the MobileNetV4 series, MobileNetV4-Hybrid-L 
(36.8M parameters, 66.6% accuracy) is outperformed by 

4.5  Results on UEC food-256

Table 6,  7 presents a performance comparison of models 
on the UEC Food-256 dataset, which encompasses 256 
diverse food categories and poses significant recognition 
challenges. DPFA-Net demonstrates remarkable advance-
ments over various mainstream lightweight networks. 
Compared to efficient CNN architectures such as Mobile-
NetV3, DPFA-Net achieves a performance improvement 
of 5%-9%, with DPFA-Net−1.25 (72.1%) significantly 
outperforming MobileNetV3−1.25 (65.7%). When com-
pared to the AFNet model, DPFA-Net−1.0 (71.9%) sur-
passes AFNet−2.0 (70.7%) while reducing the number 
of parameters by approximately 4%. In comparisons with 
more efficient architectures, DPFA-Net−1.25 (72.1%) 
outperforms EHFR-Net−1.25 (71.4%), which has a larger 

Table 4  Performance comparison of CNN-based models on the Vireo 
Food-172 dataset
Method Top-1 Acc #Params #FLOPs
AFNet-0.5 [50] 83.7% 0.4M 69.0M
ShuffleNetV2-0.5 [19] 74.3% 0.5M 41.6M
AFNet-0.75 [50] 86.5% 0.6M 134.0M
DPFA-Net-0.5 87.5% 0.7M 319.5M
AFNet-1.0 [50] 87.1% 0.7M 165.0M
AFNet-1.25 [50] 88.0% 1.0M 265.0M
AFNet-1.5 [50] 87.8% 1.3M 363.0M
ShuffleNetV2-1.0 [19] 81.0% 1.4M 148.8M
DPFA-Net-0.75 89.7% 1.5M 773.1M
MobileNetV3-0.5 [22] 83.0% 1.6M 73.4M
GhostNetV2-0.5 [51] 81.8% 1.8M 54.1M
AFNet-1.75 [50] 88.9% 1.9M 474.0M
AFNet-2.0 [50] 89.0% 2.3M 576.0M
DPFA-Net-1.0 90.1% 2.4M 918.5M
ShuffleNetV2-1.5 [19] 82.4% 2.7M 303.7M
MobileNetV4-Conv-S [23] 84.5% 2.7M 409.7M
MobileNetV3-0.75 [22] 85.9% 2.9M 162.0M
DPFA-Net-1.25 90.7% 3.8M 1621.0M
MobileNetV3-1.0 [22] 86.7% 4.4M 219.0M
EfficientNeT-B0 [21] 83.6% 4.8M 567.0M
GhostNetV2-1.0 [51] 84.7% 5.1M 117.0M
DPFA-Net-1.5 91.2% 5.3M 2178.0M
ShuffleNetV2-2.0 [19] 83.8% 5.7M 596.6M
MobileNetV3-1.25 [22] 86.9% 6.5M 366.9M
DPFA-Net-1.75 91.2% 7.3M 2925.6M
GhostNetV2-1.3 [51] 85.7% 7.9M 282.5M
MobileNetV3-1.5 [22] 86.5% 8.7M 500.4M
MobileNetV4-Conv-M [23] 85.7% 8.7M 1740.9M
DPFA-Net-2.0 91.2% 9.2M 3497.0M
MobileNetV4-Hybrid-M [23] 86.3% 10.0M 1945.7M
GhostNetV2-1.6 [51] 86.2% 11.3M 415.1M
GhostNetV2-1.9 [51] 85.7% 15.3M 572.8M
MobileNetV4-Conv-L [23] 87.3% 31.5M 4403.3M
MobileNetV4-Hybrid-L [23] 87.8% 36.7M 5120.2M
DPFA-Net-x: where x denotes the width multiplier of the base model

Table 5  Performance comparison of ViT-based and Mamba-based 
models on the Vireo Food-172 dataset
Method Top-1 Acc #Params #FLOPs
DPFA-Net-0.5 87.5% 0.7M 319.5M
EHFR-Net-0.5 [44] 89.2% 0.8M 412.3M
MobileViTv2-0.5 [38] 87.3% 1.2M 465.9M
DPFA-Net-0.75 89.7% 1.5M 773.1M
EHFR-Net-0.75 [44] 89.9% 1.8M 956.0M
EfficientViT-M0 [27] 44.2% 2.2M 205.2M
DPFA-Net-1.0 90.1% 2.4M 918.5M
MobileViTv2-0.75 [38] 88.0% 2.5M 1030.0M
EfficientViT-M1 [27] 47.8% 2.8M 307.4M
EHFR-Net-1.0 [44] 90.3% 2.8M 1210.3M
DPFA-Net-1.25 90.7% 3.8M 1621.0M
EdgeViT-xxs [36] 67.2% 3.8M 1126.5M
EfficientViT-M2 [27] 49.8% 4.0M 409.7M
MobileViTv2-1.0 [38] 88.2% 4.5M 1814.7M
EHFR-Net-1.25 [44] 90.6% 4.5M 2066.5M
TinyViT-5M [29] 81.6% 5.1M 2457.7M
DPFA-Net-1.5 91.2% 5.3M 2178.0M
EHFR-Net-1.5 [44] 90.7% 6.5M 2941.2M
EdgeViT-xs [36] 67.5% 6.5M 2252.9
EfficientViT-M3 [27] 50.8% 6.6M 512.2M
MobileViTv2-1.25 [38] 88.0% 6.9M 2820.2M
Vim-t [39] 75.1% 7.0M 102.5M
DPFA-Net-1.75 91.2% 7.3M 2925.6M
EfficientViT-M4 [27] 52.3% 8.5M 614.5M
EHFR-Net-1.75 [44] 90.7% 8.8M 3840.2M
DPFA-Net-2.0 91.2% 9.2M 3497.0M
MobileViTv2-1.5 [38] 88.7% 10.0M 4046.4M
TinyViT-11M [29] 84.9% 10.6M 3891.3M
EHFR-Net-2.0 [44] 90.8% 11.1M 4731.1M
EfficientViT-M5 [27] 50.7% 12.2M 1126.5M
EdgeViT-s [36] 65.5% 12.8M 3891.3M
MobileViTv2-1.75 [38] 89.1% 13.5M 5493.4M
MobileViTv2-2.0 [38] 89.4% 17.6M 7161.0M
TinyViT-21M [29] 87.6% 20.7M 8396.9M
Vim-s [39] 77.3% 25.5M 103.2M
VMamba-t [40] 88.1% 30.1M 4976.8M
VMamba-s [40] 88.8% 49.5M 8939.6M
VMamba-b [40] 89.3% 87.7M 15728.8M
Vim-b [39] 80.3% 97.0M 205.0M
DPFA-Net-x: where x denotes the width multiplier of the base model
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accuracy of 87.1%, which is substantially higher than 
other lightweight baselines such as EHFR-Net−0.5 and 
MobileNetV4-Conv-S. For example, although AFNet−
0.5, EfficientViT-M0, and EdgeViT-xxs exhibit lower mem-
ory usage, their Top-1 accuracies are only 82.9%, 35.7%, 
and 62.2%, respectively—indicating a clear performance 
gap compared to DPFA-Net−0.5. This demonstrates that 
DPFA-Net−0.5 leverages a slightly higher memory cost 
to achieve significantly better accuracy and feature model-
ing capabilities.In contrast, models such as MobileNetV4-
Conv-S, EHFR-Net−0.5, VMamba-t, and MobileViTv2−

DPFA-Net−2.0 (9.261M parameters, 73.3% accuracy), 
which achieves higher accuracy with far fewer parameters. 
Against TinyViT, TinyViT-11 M (10.7M parameters, 53.1% 
accuracy) is outperformed by DPFA-Net−1.75 (7.31M 
parameters) with about 32% fewer parameters and a much 
higher 72.9% accuracy. The experimental results indicate 
that our model is capable of efficiently handling complex 
datasets like UEC Food-256. While maintaining its light-
weight characteristics, DPFA-Net achieves leading rec-
ognition performance, providing a practical solution for 
large-scale food recognition applications in resource-con-
strained environments.

4.6  Analysis of memory and latency

As shown in Table 8, DPFA-Net−0.5 maintains a moder-
ate memory footprint of 2379.0M while achieving a Top-1 

Table 6  Performance comparison of CNN-based models on the UEC 
Food-256 dataset
Method Top-1 Acc #Params #FLOPs
AFNet-0.5 [50] 65.5% 0.5M 69.0M
ShuffleNetV2-0.5 [19] 74.3% 0.5M 41.6M
DPFA-Net-0.5 71.7% 0.7M 319.5M
AFNet-0.75 [50] 86.5% 0.6M 134.0M
AFNet-1.0 [50] 70.0% 1.2M 266.0M
AFNet-1.25 [50] 70.0% 1.2M 266.0M
DPFA-Net-0.75 71.9% 1.5M 773.1M
ShuffleNetV2-1.0 [19] 55.2% 1.5M 149.0M
AFNet-1.5 [50] 70.4% 1.6M 73.5M
MobileNetV3-0.5 [22] 62.1% 1.7M 363.0M
GhostNetV2-0.5 [51] 61.1% 1.9M 54.2M
AFNet-1.75 [50] 71.4% 2.1M 474.0M
DPFA-Net-1.0 71.9% 2.4M 919.6M
AFNet-2.0 [50] 70.7% 2.5M 576.0M
ShuffleNetV2-1.5 [19] 57.5% 2.7M 303.7M
MobileNetV4-Conv-S [23] 62.3% 2.78M 409.8M
DPFA-Net-1.25 72.1% 3.8M 1621.0M
MobileNetV3-1.0 [22] 65.5% 4.5M 219.0M
EfficientNeT-B0 [21] 64.0% 4.9M 567.1M
GhostNetV2-1.0 [51] 63.9% 5.2M 177.1M
DPFA-Net-1.5 72.8% 5.4M 2178.0M
ShuffleNetV2-2.0 [19] 60.1% 5.9M 596.7M
MobileNetV3-1.25 [22] 65.7% 6.6M 367.0M
DPFA-Net-1.75 72.9% 7.3M 2925.6M
GhostNetV2-1.3 [51] 65.0% 8.0M 282.7M
MobileNetV3-1.5 [22] 67.1% 8.8M 500.5M
MobileNetV4-Conv-M [23] 65.9% 8.8M 1741.0M
DPFA-Net-2.0 73.3% 9.3M 3497.0M
MobileNetV4-Hybrid-M [23] 66.1% 10.1M 1945.8M
GhostNetV2-1.6 [51] 65.5% 11.4M 415.2M
GhostNetV2-1.9 [51] 66.1% 15.5M 573.0M
MobileNetV4-Conv-L [23] 66.2% 31.6M 4403.4M
MobileNetV4-Hybrid-L [23] 66.6% 36.8M 5120.3M
DPFA-Net-x: where x denotes the width multiplier of the base model

Table 7  Performance comparison of CNN-based models on the UEC 
Food-256 dataset
Method Top-1 Acc #Params #FLOPs
DPFA-Net-0.5 71.7% 0.7M 319.5M
EHFR-Net-0.5 [44] 69.3% 0.8M 412.3M
MobileViTv2-0.5 [38] 69.1% 1.2M 465.9M
DPFA-Net-0.75 71.9% 1.5M 773.1M
EHFR-Net-0.75 [44] 70.2% 1.8M 956.0M
EfficientViT-M0 [27] 27.7% 2.2M 205.3M
DPFA-Net-1.0 71.9% 2.4M 919.6M
MobileViTv2-0.75 [38] 69.8% 2.6M 1030.0M
EfficientViT-M1 [27] 34.2% 2.8M 307.5M
EHFR-Net-1.0 [44] 70.3% 2.9M 1210.4M
DPFA-Net-1.25 72.1% 3.8M 1621.0M
EdgeViT-xxs [36] 30.3% 3.9M 1126.6M
EfficientViT-M2 [27] 35.5% 4.0M 409.8M
MobileViTv2-1.0 [38] 70.0% 4.5M 1814.8M
EHFR-Net-1.25 [44] 71.4% 4.6M 2066.5M
TinyViT-5M [29] 47.6% 5.2M 2457.8M
DPFA-Net-1.5 72.8% 5.4M 2178.0M
EHFR-Net-1.5 [44] 71.4% 6.5M 2941.3M
EdgeViT-xs [36] 30.0% 6.5M 2253.0M
EfficientViT-M3 [27] 36.9% 6.7M 512.3M
Vim-t [39] 34.1% 7.0M 102.6M
MobileViTv2-1.25 [38] 71.2% 7.0M 2820.3M
DPFA-Net-1.75 72.9% 7.3M 2925.6M
EfficientViT-M4 [27] 36.7% 8.5M 614.6M
EHFR-Net-1.75 [44] 71.9% 8.8M 3840.2M
DPFA-Net-2.0 73.3% 9.3M 3497.0M
MobileViTv2-1.5 [38] 71.2% 10.0M 4046.5M
TinyViT-11M [29] 53.1% 10.7M 3891.4M
EHFR-Net-2.0 [44] 72.1% 11.2M 4731.2M
EfficientViT-M5 [27] 38.9% 12.2M 1126.6M
EdgeViT-s [36] 27.1% 12.8M 3891.4M
MobileViTv2-1.75 [38] 71.4% 13.6M 5493.4M
MobileViTv2-2.0 [38] 71.5% 17.7M 7161.1M
TinyViT-21M [29] 61.0% 20.8M 8397.0M
Vim-s [39] 45.1% 25.5M 103.3M
VMamba-t [40] 62.0% 30.1M 4976.8M
VMamba-s [40] 62.1% 49.6M 8939.7M
VMamba-b [40] 63.9% 87.8M 15728.8M
Vim-b [39] 51.9% 97.0M 205.1M
DPFA-Net-x: where x denotes the width multiplier of the base model
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suitable for real-time deployment on resource-constrained 
mobile or embedded devices.

4.7  Qualitative analysis and visualization

DPFA-Net overcomes the limitations of traditional CNN 
models, which primarily focus on local feature extraction, 
demonstrating superior performance in capturing global 
features. Figure 3 illustrates a comparison using the Grad-
CAM[52] method. The visualization results are derived 
from models based solely on CNNs. In Fig. 3, the first row 
displays original food images from the ETHZ Food-101 
dataset (columns 1–3), the Vireo Food-172 dataset (columns 
4–6), and the UEC Food-256 dataset (columns 7–9). The 
second row shows heatmaps generated by the CNN-based 
network, while the third row presents heatmaps generated 
by DPFA-Net. From Fig. 3, the following observations can 
be made: (1) For food images with diverse ingredients and 
complex backgrounds, CNN-based networks tend to focus 
on irrelevant regions, with scattered attention and suscep-
tibility to background interference, leading to misclassi-
fication of food items. (2) DPFA-Net accurately localizes 
critical ingredient regions, with precision focused attention, 
demonstrating that DPFA-Net effectively integrates local 
and global features to overcome the limitations of single-
feature representations. Its attention mechanism adaptively 
filters discriminative information, suppresses visual noise, 
and enhances the model’s robustness in recognizing food 
items in complex scenes.

4.8  Ablation investigations

In this section, we conduct an ablation analysis of the key 
design elements in the proposed model through image clas-
sification on three datasets. The results are summarized in 
Table 9.

0.5 not only require substantially more memory—3015.0M, 
3188.0M, 4529.0M, and 5291.0M, respectively—but also 
fail to deliver notable accuracy improvements; in most 
cases, their accuracies are even lower than that of DPFA-
Net−0.5. Moreover, latency experiments conducted on an 
NVIDIA A800 GPU further validate the efficiency of the 
proposed model. DPFA-Net−0.5 achieves an inference 
latency of 14.7 ms, which is comparable to MobileViTv2−
0.5 (14.8 ms) and VMamba-t (15.7 ms), yet significantly 
lower than EHFR-Net−0.5 (37.0 ms) and Vim-t (20.8 ms), 
while maintaining superior accuracy.This balance between 
computational delay and recognition performance dem-
onstrates that DPFA-Net−0.5 achieves an optimal trade-
off among accuracy, memory consumption, and inference 
speed. Overall, these results highlight the superior efficiency 
of DPFA-Net−0.5, which attains high recognition accuracy, 
low memory cost, and fast inference speed, making it highly 

Table 8  Comparative analysis of memory and latency among different 
models
Method Top-1 

Acc
#Params #FLOPs #Memory Latency

AFNet-0.5 
[50]

82.9% 0.3M 60.1M 269.0M 10.4ms

DPFA-Net-0.5 87.1% 0.7M 319.5M 2379.0M 14.7ms
EHFR-Net-0.5 
[44]

88.2% 0.8M 412.2M 3188.0M 37.0ms

MobileV-
iTv2-0.5 [38]

86.8% 1.1M 469.5M 5291.0M 14.8ms

EfficientViT-
M0 [27]

35.7% 2.1M 205.1M 474.0M 9.3ms

MobileNetV4-
Conv-S [23]

82.0% 2.6M 409.6M 3015.0M 7ms

EdgeViT-xxs 
[36]

62.2% 3.8M 1126.4M 943.0M 12.4ms

TinyViT-5M 
[29]

78.3% 5.1M 2457.6M 2031.0M 9.4ms

Vim-t [39] 59.9% 7.0M 102.4M 2330.0M 20.8ms
VMamba-t 
[40]

86.1% 30.0M 4976.6M 4529.0M 15.7ms

Fig. 3  Visualization of experimental results
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Meanwhile, the FLOPs are reduced to 919.552M, account-
ing for only 23% of those of the standard Transformer 
(3939.33M). These experiments confirm that PM-ViT opti-
mizes the attention mechanism, significantly reducing both 
the number of parameters and computational complexity 
while maintaining high recognition accuracy. This enables 
more efficient extraction of key features in food images, 
offering a viable solution for food recognition applications 
in resource-constrained environments. As an indispensable 
component of the DPFA-Net architecture, PM-ViT provides 
critical support for enhancing model performance.

Effectiveness of the LR Block: To evaluate the contribution 
of the LR Block, we conducted an ablation study by remov-
ing it (w/o LR). The results show a clear performance drop 
across all datasets: the Top-1 accuracy decreases to 86.4% 
on ETHZ Food-101, 87.8% on Vireo Food-172, and 66.1% 
on UEC Food-256. Meanwhile, the number of parameters 
slightly increases (by approximately 0.1M–0.2M). These 
results indicate that the LR Block effectively enhances the 
model’s ability to capture local textures and critical features. 
It improves food image recognition accuracy while main-
taining a lightweight design, demonstrating its indispens-
able role in the DPFA-Net architecture.

Effectiveness of the MA Module: To assess the impact of 
the MA module, we replaced it with SSA (MA → SSA), 
which resulted in a significant decrease in Top-1 accuracy 
across the three datasets: from 89.2% to 83.8% on ETHZ 
Food-101, from 90.1% to 85.7% on Vireo Food-172, and 
from 71.8% to 64.7% on UEC Food-256. This demonstrates 
that the MAmodule plays a critical role in modeling global 
features within DPFA-Net. MA adaptively captures key 
features across channels and spatial locations, effectively 
integrating local and global information, thereby enhanc-
ing fine-grained food recognition. Although SSA slightly 
reduces the computational cost, the substantial performance 
drop further confirms that the MA module is indispensable 
for maintaining high recognition accuracy and robustness in 
complex scenarios.

Our proposed DPFA-Net model integrates local feature 
extraction, global information capture, and an optimized 
transformer mechanism, achieving exceptional recognition 
accuracy while maintaining a lightweight design. Experi-
ments validate the multifaceted advantages of this archi-
tecture: on ETHZ Food-101, DPFA-Net−1.0 (2.341M 
parameters, 89.20% accuracy) significantly outperforms 
single-feature models and the standard transformer; on 
Vireo Food-172, its performance (2.364M parameters, 
90.10% accuracy) also leads the field; and on UEC Food-
256 (2.391M parameters, 71.89% accuracy), it demon-
strates robust feature extraction capabilities on complex 
datasets. Notably, DPFA-Net−1.0 achieves a breakthrough 
in computational efficiency, with an operational load of 

Effectiveness of DPFABlock: To investigate the efficacy 
of local feature extraction (GhostBottleneck module) and 
global feature extraction (PM-ViT) within DPFABlock, 
we integrated local feature analysis with global informa-
tion processing by constructing DPFABlock as the core 
component. Experiments demonstrate that, compared to 
single-feature extraction strategies, the fused architecture 
DPFA-Net−1.0 achieves superior performance across 
datasets. On ETHZ Food-101, DPFA-Net−1.0 attains a 
Top-1 accuracy of 89.20%, surpassing models using only 
local modules (86.94%) and global modules (86.89%). On 
Vireo Food-172, it achieves a Top-1 accuracy of 90.10%, 
outperforming local models (84.82%) and global models 
(88.12%). On UEC Food-256, the Top-1 accuracy reaches 
71.89%, outperforming the local model (70.84%) and the 
global model (69.58%). These results validate the effective-
ness of DPFABlock in food image analysis, as it simultane-
ously captures texture details and holistic features, thereby 
enhancing recognition accuracy. Moreover, this fused archi-
tecture maintains high accuracy while ensuring a reasonable 
parameter scale and computational load, demonstrating its 
deployment potential and resource efficiency in practical 
applications.

Effectiveness of PM-ViT: To evaluate the role of PM-
ViT in the DPFA-Net architecture, we conducted an abla-
tion study by replacing the PM-ViT module with a standard 
Transformer module. The results indicate that the model 
using the PM-ViT Block outperforms the one employing 
the standard Transformer across all datasets: an accuracy 
improvement of 0.35% on ETHZ Food-101 (89.20% vs. 
88.85%), 0.38% on Vireo Food-172 (90.10% vs. 89.72%), 
and 2.58% on UEC Food-256 (71.89% vs. 69.31%). 

Table 9  Ablation study results of the proposed method on the ETHZ 
Food-101, Vireo Food-172 and UEC Food-256 dataset
Dataset Ablation Top-1 Acc. #Params #FLOPs
ETHZ Food-101 DPFA-Net-1.0 89.2% 2.3M 918.5M

w/o LR 86.4% 2.4M 733.1M
w/o local 86.9% 1.1M 491.5M
w/o global 86.8% 2.4M 750.5M
MA→SSA 83.8% 1.9M 490.5M
PM-ViT→ViT 88.8% 1.9M 3939.3M

Vireo Food-172 DPFA-Net-1.0 90.1% 2.3M 918.5M
w/o LR 87.8% 2.5M 733.1M
w/o local 84.8% 1.1M 491.5M
w/o global 88.1% 2.5M 750.5M
MA→SSA 85.7% 1.9M 490.5M
PM-ViT→ViT 89.7% 1.9M 3939.3M

UEC Food-256 DPFA-Net-1.0 71.8% 2.3M 919.5M
w/o LR 66.1% 2.5M 733.1M
w/o local 70.8% 1.1M 491.5M
w/o global 69.5% 2.5M 750.5M
MA→SSA 64.7% 2.0M 490.5M
PM-ViT→ViT 69.3% 2.3M 3939.3M
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for the submitted work.
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approximately 919 M FLOPs, only 23% of that required by 
the standard transformer (3939 M FLOPs), making it highly 
suitable for resource-constrained environments. This bal-
anced design philosophy optimizes the model across three 
dimensions—accuracy, parameter count, and computational 
complexity—providing an efficient and practical solution 
for the field of food recognition.

5  Conclusion

In this paper, we design and implement a novel lightweight 
architecture, DPFA-Net, which effectively integrates local 
and global representations through a dual-path mechanism. 
DPFA-Net is built upon two complementary modules: on 
one hand, it employs the computationally efficient Ghost-
Bottleneck structure to precisely capture local texture fea-
tures; on the other hand, it introduces the PM-ViT module, 
which integrates Vision Mamba with separable self-atten-
tion, significantly enhancing feature extraction efficiency 
and multi-scale contextual integration capabilities in com-
plex visual tasks. Experimental results demonstrate that our 
approach achieves Top-1 recognition accuracies of 91.02%, 
91.21%, and 73.27% on the ETHZ Food-101, Vireo Food-
172, and UEC Food-256 benchmark datasets, respectively, 
confirming the superior performance of this architecture in 
food image classification tasks.

For future research, we plan to: 

1.	 Design more efficient feature fusion and interaction 
algorithms to further reduce computational complexity 
while enhancing model representation capabilities;

2.	 Deeply investigate the complementary fusion mecha-
nisms between the Mamba sequence modeling para-
digm and efficient convolutional structures to improve 
the model’s ability to parse complex textures and spatial 
structures in food images;

3.	 Extend the DPFA framework to practical application 
scenarios, such as developing mobile-based intelligent 
food recognition and nutritional analysis systems to 
provide personalized dietary recommendations.

These research directions not only hold significant theoreti-
cal value but also exhibit substantial application potential 
and societal benefits in the context of the widespread adop-
tion of smart devices.
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