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Abstract: With the popularity of mobile devices, lightweight deep learning models have important
value in various application scenarios. However, how to effectively fuse the feature information from
different dimensions while ensuring the model’s lightness and high accuracy is a problem that has
not been fully solved. In this paper, we propose a novel feature fusion module, called ϕunit, which
can fuse the features extracted by different dimensional networks according to the order of feature
information with a small computational cost, avoiding the problems of information fragmentation
caused by simple feature stacking in traditional information fusion. Based on ϕunit, this paper further
builds an extremely lightweight model ϕNet, which can achieve performance close to the highest
accuracy on several public datasets under the condition of very limited parameter scale. The core
idea of ϕunit is to use deconvolution to reduce the discrepancy among the features to be fused, and
to lower the possibility of feature information fragmentation after fusion by fusing the features from
different dimensions sequentially. ϕNet is a lightweight network composed of multiple ϕunits and
bottleneck modules, with a parameter scale of only 1.24 M, much smaller than traditional lightweight
models. This paper conducts experiments on public datasets, and ϕNet achieves an accuracy of
71.64% on the food101 dataset, and an accuracy of 75.31% on the random 50-category food101 dataset,
both higher than or close to the highest accuracy. This paper provides a new idea and method for
feature fusion of lightweight models, and also provides an efficient model selection for deep learning
applications on mobile devices.

Keywords: image classification; lightweight model; ϕunit; ϕNet

1. Introduction

Computer vision is an important branch of artificial intelligence, aiming to transform
visual information into understandable content. This field covers multiple emerging
domains such as object detection [1–3], semantic segmentation [4–6], face recognition [7–9],
pose estimation [10–12], etc., and the real-world applications of these domains have brought
great convenience to daily life and production. To make artificial intelligence better serve
society, improving the accuracy of model prediction performance is the core issue of this
field. Common improvement strategies include expanding network width and establishing
connections from forward to backward [13]. For example, LeNet [14], ZFNet [15] and
VGGNet [16] all improve accuracy by increasing the depth or width of convolutional
layers in different ways. However, as the network depth increases, the network may
have problems such as gradient explosion, and the computation is huge, which cannot
be well deployed and used in many application devices. Therefore, researchers turned to
more sophisticated model designs, such as residual structure and multi-branch structure.
Residual structure triggered the development of a series of excellent networks, such as
Mobinetv2 [17], DenseNet [18], ResNeXt [19], WideResNet [20] and PyramidNet [21].
The proposal of Inception was to achieve better performance by reducing the theoretical
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complexity, and its branch-like topology structure could also ensure that it could learn
more spatial correlation features [22], such as GoogleNet [23] and its derived networks
SqueezeNet [24] and Xception [25]. However, these networks still have limitations in
information extraction ability. To distinguish the importance of different information,
researchers introduced channel attention mechanism, such as SE [26], CBAM [27] and
ECA [28], which improved model performance by recalibrating feature responses.

As CNN gradually encountered bottlenecks in the pursuit of high accuracy, the emer-
gence of ViT [29] aroused researchers’ strong interest in transformer. Transformer’s com-
pletely different network structure and higher accuracy from CNN attracted a large number
of researchers to explore it in depth. However, the huge computation and parameter
amount of transformer limited its application on mobile devices with limited resources
(such as smartphones and unmanned driving devices). Although there are some methods,
such as network pruning [30–33], knowledge distillation [34–36], structure reparameter-
ization [37], model quantization [38,39], etc., that can reduce the parameter amount and
computation of the model without significantly reducing the accuracy, these methods
are limited by the model itself and cannot solve the problem fundamentally. Therefore,
considering the demand of deploying and running lightweight models on mobile devices,
developing efficient network structures based on CNN to improve the feature information
extraction density of CNN modules, and reducing the parameter amount and computation
of the network, is promising work [40].

In conventional network architectures, feature information from different network levels
is fused by first determining whether convolution is needed to align the feature shapes,
and then applying concatenation or addition operation. These operations are commonly
used across different feature extraction layers to aggregate features from various levels [41].
However, they merely combine features without taking into account the spatial relationship
among different information sources. This may cause the problem of feature information
discontinuity in the fused feature information, which affects the inference quality of the final
model. Figure 1a–c illustrates the common information fusion methods. Inspired by classical
networks such as U-Net [41], Ghost [40] and MobinetV2 [17], an efficient network hierarchical
connection structure, called ϕunit (as shown in Figure 1d) was proposed. Based on the
bottleneck module of MobinetV2 [17] and the connection module proposed in this paper,
an efficient network ϕNet was built. To explore the effectiveness of ϕunit and the performance
of ϕNet, this paper conducts extensive ablation experiments, comparative experiments and
validation evaluations, and tests with different datasets. The results of various experiments
confirm the performance advantages of the novel structure proposed in this paper.

Figure 1. Different feature fusion methods: (a) concatenation of feature information; (b) convolutional
modification of feature information; (c) summation of feature information fusion; (d) sequential fusion
of feature information.
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The key contributions of this work are summarized as follows:

• The ϕunit information fusion module is proposed, which considers the spatial
feature relationship, a factor that is often neglected in the traditional model
building strategy.

• Based on the ϕunit, combined with the relevant research results of lightweight
models, this paper constructs a network model ϕNet that can achieve a better
balance among model parameter amount, computation and accuracy.

• The deconvolution operation is introduced, which is used to reduce the difference
between feature information, and it is applied to the image classification domain.

This paper is organized as follows. Section 2 gives a brief overview of the related work
in the field. In Section 3, we introduce ϕunit and ϕNet and explain the network structure
and related functions. Section 4 conducts a series of experiments and analyzes the results.
Section 5 concludes the whole research process.

2. Related Work

We present a review of the state-of-the-art research on model lightweighting, which
covers both model compression and pre-designed models, in this section.

2.1. Model Compression

Model lightweighting aims to reduce the computation cost of a model without sac-
rificing its accuracy [30]. This chapter introduces four methods for achieving this goal:
knowledge distillation [34–36], using a better teacher network to guide the student network,
reducing the difference between the teacher network and the student network in inference,
and making the student network close to or even surpass the performance of the teacher
network in actual performance ability; a quantized neural network [38,39], a method that
compresses the model size and computation by quantizing the model weights to a smaller
numerical range; structural reparameterization [37], a strategy that converts a multi-branch
network with strong representation ability into a serial structure with less parameters and
faster inference; and a pruning algorithm [30–33], an approach that eliminates redundant
neurons and activation units from the model to improve its efficiency.

2.2. Pre-Designed Models

The need for lightweight models that are suitable for mobile devices increases with
the advent of the artificial intelligence era. However, this is a huge challenge, because the
storage and computation power of mobile devices are limited, making many large and
high-precision models inapplicable. To overcome this challenge, some lightweight models
have emerged in recent years [17,24,25,40,42–44]. One of them is SqueezeNet [24], which
builds an efficient neural network model by using Fire Module to combine 1 × 1 and
3 × 3 convolutions. Xception [25] is an efficient network model that uses depthwise sep-
arable convolution to build with low computational complexity and a small number of
parameters. ShuffleNet [42] uses a technique called feature shuffling fusion, which ran-
domly rearranges the features after grouped convolution, thereby achieving cross-fusion
of features and keeping the number of channels unchanged. MobinetV2 [17] proposes an
efficient information extraction inverted residual module, aiming to improve the efficiency
of information extraction. MobinetV3 [43] is redesigned based on MobinetV2, mainly opti-
mizing the time-consuming modules and adding SE [26] module. In addition, MobinetV3
also uses the method of neural architecture search to search for the optimal parameter
settings, to further improve the performance and efficiency of the model. Through these
improvements, MobinetV3 achieves better results in terms of computational efficiency,
model performance and parameter configuration. GhostNet [40] uses cheap convolution,
instead of traditional expensive convolution operations, to significantly reduce the cost
of redundant feature generation. This strategy enables GhostNet to effectively reduce the
computational resources and storage requirements while maintaining high performance.
GhostNetV2 [44] introduces a decoupled fully connected attention (DFC) mechanism



Appl. Sci. 2023, 13, 12621 4 of 15

to further enhance the model’s feature extraction ability. The DFC mechanism enables
GhostNetV2 to more precisely capture key features and effectively allocate attention in
images. Furthermore, the feature extraction performance and energy efficiency of the
model are significantly improved by the redesigned Ghost bottleneck unit, which optimizes
the model’s structure and parameter settings. Touvron et al. proposed ResMLP, a fully
MLP-based image classification network that does not use convolution or self-attention
mechanism, but updates the representation of image blocks through linear layers and
feedforward layers. And they found that MLP has a powerful expressive ability in features,
and based on their nature as nonlinear transformations, they constructed a ResMLP [45]
network based on ViT as a template in the process of optimizing the number and size of
MLP. Park et al. explored the mechanism of ViT in depth, and found that CNN and MSA
have a smooth complementary effect in the spatial aspect, and gave some criteria for the
combination design, according to their respective nature as high-pass filter and low-pass
filter, and in the process of optimizing the proportion of MSA and CNN in the model, they
successfully constructed AlterNet [46], an efficient network based on ResNet-50. Based
on the analysis of the working mechanism of the SE module, a novel network structure
named SAENet [22] was proposed. It used the inception module to extract spatial feature
information from the topological branch structure, and passed the important feature infor-
mation to the next layer of the network through the fully connected layer. In this way, each
network node could obtain the global representation of the previous network nodes, thus
improving the effect of the whole network.

3. Materials and Methods

This section provides a comprehensive presentation of the ϕNet architecture, and a
detailed explanation of the ϕunit module and its constituent elements that form the core of
the network. The functions and roles of the associated modules are demonstrated through
comparative analysis, while their crucial significance within the model is emphasized.
A brief overview of the datasets used for training and testing is also provided in this section.

3.1. Transposed Convolution

Transposed convolution, also referred to as deconvolution, is a widely used operation
in convolutional neural networks. It aims to upsample images or feature maps and increase
their spatial resolution. Transposed convolution is the inverse of ordinary convolution
in terms of computation. In ordinary convolution, output feature maps are obtained
by sliding a smaller filter window across the input image. In transposed convolution,
a larger filter window is used to slide across the output feature maps and recover a
larger input image, achieving upsampling [47,48]. Transposed convolution is a common
technique in image super-resolution tasks, which allows the conversion of low-resolution
images into high-resolution ones [49]. In semantic segmentation networks with encoder–
decoder structures, transposed convolution functions in the decoder part to gradually
restore the high-resolution of images and obtain semantic segmentation outcomes [50].
In addition, transposed convolution is also widely utilized in the generator modules of
generative adversarial networks, which can amplify feature maps and generate high-
resolution images [51]. Transposed convolution is mainly used to upsample and recover
the resolution, which is widely applied in image processing, semantic understanding and
generative models. However, transposed convolution suffers from the issues of feature
information loss during the recovery process, which limits its usage in the classification
field. Nevertheless, taking into account that transposed convolution can recover feature
information, and matches well with the concept of “feature information fusion” in this
study. In this work, transposed convolution is applied to the image classification field.

3.2. ϕunit

A module is a collection of layers with a single function in classical convolutional
neural networks, which researchers often define. The bottleneck module in ResNet [13]
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and the fire module in SqueezeNet [24] are examples of modules. Several modules are
repeated to form a group [52].These groups are stacked together to form an efficient
network structure. Through this modular design, the network can be better reused and
scaled, thereby achieving more effective feature extraction. This construction strategy is
widely used in many classic networks [14,16,17,40,43]. Nonetheless, the issue of inter-group
connections remains underexplored.

In serial networks, there are generally two common strategies to facilitate the inter-
group feature information transmission and reduce the computation and operation of the
overall model, as shown in Equation (1). By performing the downsampling operation ∇
or the convolution operation ψ on the feature map, fl obtained from the low-dimensional
network, the dimension or size of fl was reduced, and then the processed result fs was
connected to the subsequent high-dimensional network, with fs as the input condition of
the high-dimensional network. However, such a strategy, in the view of this paper, might
often lead to the loss of relevant shallow feature key information of the low-dimensional
network inference result when it served as the input condition of the high-dimensional
network, thus affecting the final inference effect of the model.

fs =

{
ψ( fl), convolution operation

∇( fl), downsampling operation
(1)

In parallel networks, there are two common ways to fuse the inference results of
multiple parallel network branches, as shown in Equation (2): one is to perform the Concat
concatenation operation τ, and the other is to perform the bitwise addition operation ξ on
the features inferred from different branches. After this operation, the overall summary
feature fp of the low-dimensional feature information l1, l2, l3. . . . . . , ln is obtained, which
serves as a condition to be passed to the high-dimensional network. However, in this
work’s view, these conventional information fusion methods are just simple information
concatenation operations, which do not take into account the dimensionality of the infor-
mation and the continuity of the information after fusion. The image information after
concatenation may cause the consequence of feature information discontinuity due to the
large gap between the information, which may have a negative impact on the final model
inference result.

fp =

{
τ(l1 : l2 : l3 . . . . . . : ln), Concat concatenation operation

ξ(l1 : l2 : l3 . . . . . . : ln), bitwise addition operation
(2)

To solve the connection and information fusion problem between groups, a connection
strategy named ϕ unit is introduced in this work. The schematic diagram is presented in
Figure 2. The ϕunit module offers two advantages: first, it can reduce the difference of
feature information among different groups, and ensure the consistency of the information
after fusion; second, it can relieve the forgetting problem of high-dimensional networks
for feature extraction from low-dimensional networks caused by the model depth increase.
The information fusion process is demonstrated in the following equation:

fϕ = ∇( fl)� γ( fh) (3)

The equations demonstrates that fh is the high-dimensional network’s extracted fea-
ture information. To enhance the feature information similarity across different dimensions
and retain more high-dimensional feature information, in this work, the γ operation is
applied to deconvolve fh, reducing the information discontinuity risk. This operation only
adjusts the channels of fh to match the downsampling ∇ result of the low-dimensional
feature information fl . Then, the feature information fusion operation � is performed.
The fused feature information fϕ has twice the dimension of fl and half the size. This
operation not only addresses the information discontinuity issue in traditional fusion oper-
ations, but also preserves shallow network features and lift network feature dimensions.
Moreover, the aforementioned operation also augments the informational content of pixel
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units at the same spatial location. This provides more abundant feature map information
for the inference of subsequent network layers.

Figure 2. Explains cross concatenation in the proposed unit.

A new connection strategy that addresses the aim of achieving more effective informa-
tion communication and fusion among groups is introduced by using the ϕunit module.
This improvement enhances network performance and inference accuracy. The relevant
verification will be detailed and clarified in Section 4.1. There, experimental results and
quantitative analysis are used to verify and assess the benefits of the ϕunit module in
information communication and fusion, and its impact on network performance. Such
verification will further prove the ϕunit module’s effectiveness in addressing the group
connection and information fusion problem.

3.3. ϕNet

ϕNet is a novel network architecture, which is inspired by classic networks such as
U-Net [41], GhostNet [40] and MobileNetV2 [17]. In ϕNet, the up-convolution operation
from U-Net [41] is adopted in this work, and we introduce ϕunit to enable cross-level
feature fusion. ϕunit is one of the basic units of ϕNet, which fuses the high-dimensional
feature information and low-dimensional feature information extracted by the bottleneck
group. The fused feature information comprises both abstract information from high-
dimensional convolution and superficial information from low-dimensional convolution.
Specifically, we fuse the two feature maps by cross-stitching them following the channel
order. By this way, each pixel position in the fused feature map possesses feature represen-
tations from both the current and the previous levels. Furthermore, this study also takes
into account the phenomenon of excessive redundant feature information in the extracted
feature images [40]. By meticulously designing the network structure and feature selection
strategy, ϕNet can generate low-cost redundant features with lower cost and improve
the overall performance. Additionally, the bottleneck structure from MobileNetV2 is also
employed in this work to further increase the representation power and convergence speed
of ϕNet. A network called ϕNet, which integrates the strengths of U-Net, GhostNet and
MobileNetV2, is built in this study. By using key techniques such as up-convolution, feature
fusion and residual structure, ϕNet can achieve excellent performance in image processing tasks.
The structure and organization of the related network is displayed in Table 1.

This paper uses the bottleneck module in Mobinetv2 to extract basic feature infor-
mation, and adjusts the feature depth and size according to the dimension change rule
and network actual characteristics of Mobinetv2. The network construction strategy is as
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follows: first, use one convolution layer and three bottleneck layers to obtain the shallowest
feature of the original image; second, use multiple bottleneck structures to extract high-
dimensional abstract features from low-dimensional features; then, use the ϕunit proposed
in this paper to fuse the extracted features twice; finally, convert all fused image features
into final classification information.

Table 1. The overall architecture of ϕNet.

Input Operator t c n s

2242 × 3 Conv2d - 32 1 2
1122 × 32 bottleneck 1 16 1 1
1122 × 16 bottleneck 6 24 2 2

562 × 24 bottleneck 6 32 4 2

282 × 32 ϕunit - 48 1 -

282 × 48 bottleneck 6 48 5 2

142 × 48 ϕunit - 64 1 -

142 × 64 bottleneck 6 96 4 1
142 × 96 bottleneck 6 160 3 2

72 × 160 avgpool - - 1 -

12 × 160 linear - k - -

t denotes expansion factor, c denotes output dimension, n denotes repetition count, s
denotes the stride value used in the first block.

This study proposes a novel network ϕNet, which can fully capture the feature space and
logical feature continuity. The overview of the network structure is shown in Figure 3. The net-
work structure used in this study constructs the low-dimensional and high-dimensional
representations of the basic features through the downsampling layer and the feature extrac-
tion layer, respectively, after performing the basic feature extraction on the original image.
Next, the high-dimensional features obtained are upsampled to narrow the gap with the
low-dimensional features, and a downsampling operation is also carried out, which serves
as one of the input contents for the next feature fusion. The function of ϕunit is to fuse the
processed high-dimensional and low-dimensional features and pass them to the next layer, so
as to achieve the goal of retaining the high-dimensional abstract features while alleviating the
problem of low-dimensional feature loss caused by the network depth increase. This process
is executed twice in total, and the detailed proof is given in Section 4.2. Finally, in order to
integrate the global features and prepare for the prediction task, the final fused features are
subjected to a final feature extraction, and then input to the classification module to complete
the classification task. The effectiveness of the network is verified by a series of comparative
experiments in Section 4.3. It is worth noting that the framework design proposed in this
paper is not the only feasible method, and there is still much potential for improvement for the
ϕNet network. For example, by applying cutting-edge techniques such as neural architecture
search, the network structure can be optimized, thereby improving the network performance.
Therefore, this paper hopes that future researchers can further explore and improve the ϕNet
network to achieve better results.

Figure 3. ϕNet Construction.
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3.4. Datasets

This study uses two public datasets (food101 and Dog vs. Cat), and divides them into
three different types of datasets for different purposes of the experiment, to verify and test
whether the proposed ϕunit and ϕNet have the expected performance advantages. All
experimental datasets are divided into training sets and validation sets according to the
ratio of 8:2, and experiments are conducted on these datasets. This study uses a series of
measures to increase the training difficulty in the preprocessing stage of the training set
data samples, in order to enhance the generalization ability of the model on the validation
set, including but not limited to randomly cropping the training pictures to 224 × 224 after
enlarging them to 256 × 256, randomly flipping the pictures, regularization and other
basic operations. For the validation set data, this study simply enlarges the images to
256 × 256 and crops them from the center to 224 × 224, and then regularizes them to
improve validation efficiency. The training strategy of ghostv2 [44] is adopted in this paper,
with AdamW [53] as the optimizer, and batchsize, lr and wd set to 128, 5 × 10−4 and
5× 10−2, respectively. All experiments are done on Nvidia4090 with 100 epochs of training
and validation operations.

In Section 4.1 of this paper, the module effectiveness verification experiment uses
the Dog VS. Cat dataset to verify the effectiveness of the ϕunit proposed in this paper.
The Dog VS. Cat dataset is used as a testbed, which comprises 12,461 images of dogs
and 12,470 images of cats, for a binary classification problem. The reasons for selecting
this dataset are as follows: First, a smaller number of categories leads to a high baseline
accuracy for the model. This demands a strong feature extraction ability from the model,
which highlights the advantage of the proposed module in this work. Second, the dataset
contains a large and balanced amount of samples. This helps us to train the model nodes
sufficiently, and reduce the effect of external factors (such as sample imbalance, inadequate
node training, etc.) on the outcomes. Therefore, the accuracy difference resulting from
model variations is perceptible to us. Thus, using the Dog VS. Cat dataset allows the model
to be tested in a neat and controlled environment, and obtain an intuition of its performance
in this work.

This paper explores the module location and number in Section 4.2, and adjusts the
food101 dataset adopted in the experiments appropriately, to investigate how ϕunit location
and number variations affect ϕNet performance. The food101 dataset was chosen as the
basic dataset for this experiment. The dataset contains 101 different food categories, each
with about 1000 images, totaling about 100,000 images. The reason for choosing this dataset
is that it is closer to the actual application scenario of the model in the future, and it contains
rich scene noise, which has a greater impact on the key feature information in the feature
maps extracted by the network. Therefore, by using this dataset and combining the test
results, this experiment can reflect the robustness of the model in information extraction
and classification in complex scenes to a certain extent. To shorten the model training
time, this experiment randomly extracted image data of 50 classes from the basic dataset
as the dataset for this experiment, and explored the impact of ϕunit module location
and number on model performance through a series of comparative experiments and
validation experiments.

Section 4.3 of this paper conducts model comparison validation experiments, and in or-
der to better demonstrate the advantages of the proposed ϕNet over many widely validated
lightweight networks, this experiment uses the complete food101 dataset. The relevant ex-
perimental results and model parameters can help us have a comprehensive understanding
of the model, and also provide a comprehensive evaluation of its performance.

This paper will demonstrate the experimental operations on the datasets mentioned
above in detail in the following sections, and offer corresponding data support. These
experimental results will assist in evaluating and comparing the performance of various
models on the multi-classification task.
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4. Experiments and Result

This section divides the whole experiment into three parts, namely the effectiveness
verification of the ϕunit module, the selection of the position and number of the ϕunit
module, and the comparison of the actual measurement results of the model. Through
these experiments, this section aims to comprehensively demonstrate the effectiveness of
the proposed ϕunit module and the excellent performance of the ϕNet model.

4.1. Module Effectiveness Verification

To explore whether ϕunit has the expected efficiency and portability in future applica-
tion scenarios, this experiment selects the more operable VGG16 [16] as the baseline model
for this experiment. For the position selection of adding or replacing the verification mod-
ule, this experiment selects between different groups where both dimension and feature
size change, and the whole experimental process is shown in Figure 4. To evaluate whether
ϕunit has good performance at any position in the model, this experiment adds a combi-
nation of deconvolution and ϕunit at three positions in the baseline model, respectively,
for testing; to verify the efficiency of the proposed ϕunit compared with the conventional
information fusion module, this experiment adds two extra control experiments between
the dimension change from 128 to 256 in the baseline model. The relevant experimental
results are shown in Table 2.

Figure 4. This figure illustrates the network for evaluating the efficiency and portability of the ϕunit
design based on VGG16. The original image information is fed into the network after being improved
by VGG16 to extract feature information, and then the feature information is passed to the FC layer
to obtain the classification information obtained by the network after inference. Each red horizontal
connection in the diagram represents a validation experiment scheme.

Table 2. Different connectivity handling operations are used at different dimensional variations in
the VGG16 network.

Channel Operation Acc. (%)

- - 97.33
64–128 TransConv + ϕunit 97.07

128–256 TransConv + ϕunit 97.77
128–256 TransConv + Cat 97.03
128–256 TransConv + Conv 97.53

256–512 TransConv + ϕunit 97.51
“Channel” denotes the channel variations in the connections.

The experimental results in Table 2 are based on the Dog VS. Cat binary classification
dataset. Since the dataset has fewer classification categories, VGG16 can achieve a baseline
accuracy of 97.3% on the dataset without any modification. This also indicates that, to fur-
ther improve the accuracy on such a high accuracy basis, the extra replaced and added
modules need to have strong feature extraction and information integration capabilities,
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and have good feature integration in the whole model. Only in this way can the added and
replaced modules make a meaningful contribution to the further performance improvement
of the model. In all the improved models with added ϕunit modules, except for the model
whose overall performance declined when the feature dimension changed from 64 to 128,
the performance of the improved models at other locations increased. The reason for
this phenomenon is that when ϕunit is located at a too marginal position in the network,
the whole network will focus too much on acquiring the edge feature information, and the
subsequent feature extraction layers will have difficulty finding the required information
through too much edge information, which leads to the decline of the overall accuracy
of the model. This also indirectly verifies the efficient information fusion ability of ϕunit
module. To better demonstrate the advantages of the proposed ϕunit over the traditional
information fusion modules, this experiment added different information fusion modules
at the position where the feature dimension changed from 128 to 256 for comparative
experiments. The experimental results show that the proposed ϕunit performs better than
the traditional information fusion methods. This also proves that the module has significant
advantages in both structure and feature information fusion mode. This further confirms
the effectiveness and superiority of the module in improving the model performance.

4.2. Module Position and Number Exploration

As the arguments in the previous section demonstrated, the feature fusion module
proposed in this paper had different performance effects in different positions of the model.
Hence, in this section, this paper will carry out a series of investigations on the appropriate
positions and numbers of the module to be added.

Based on the architecture of MobinetV2, this paper determines the basic feature
dimension information change of “ϕNet” and inserts ϕunit modules at the locations where
the dimensions change. Next, the relevant modules are gradually reduced and the accuracy
comparison analysis is performed until a model that can achieve a high effect is found,
namely ϕNet. Since the proposed model mainly relies on MobinetV2, we use MobinetV2
as a reference object for adjusting the model process. Figure 5 illustrates the trend of
changes in the number of training iterations and accuracy resulting from different module
locations in the experimental process, while Table 3 provides a detailed comparison of the
experimental results.

Table 3. Comparison of accuracy after removing different positional ϕunit with Mobinetv2.

Erase Acc. (%) Compare Model (Mobinetv2)

- 72.31
72.76First unit 72.43

First and Last unit 75.31

According to the experimental results of the relationship between ϕunit distance and
network endpoint distance in Section 4.1, when ϕunit distance is too close to the network
endpoint, the network tends to focus on shallow or deep feature information and ignore
global feature information, thus reducing the final prediction accuracy of the model; Table 3
shows the results of the first and second experiments compared with the baseline model,
which provide higher credibility for this theory. The orange and green curves in Figure 5
represent the results of the first and second experiments in Table 3, respectively. The blue
curve shows the baseline model’s corresponding experiments. The trend of the accuracy of
the model during the training process indicates that: At the initial stage, the model focuses
on extracting and analyzing shallow feature information, while the ϕunit test model added
near the network endpoint has a slight advantage over the baseline model in terms of
accuracy. Generally, as the training number increases, the model will gradually focus more
and more on the comprehensive analysis of the overall feature information. However, in the
later stage of training, if the model pays too much attention to shallow or deep feature
information and neglects the analysis of the overall feature information, it will eventually
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lead to the model failing to maintain the growth trend after reaching a certain accuracy
threshold. Figure 5 shows that the test model’s accuracy in the later stage is lower than that
of the baseline model. After removing the ϕunit at the beginning and end of the model,
this chapter further tested the improved model. Surprisingly, the test model significantly
outperformed the MobinetV2 baseline model’s accuracy performance, and whether it was
in the training stage before or after training, the model could always surpass the baseline
model in accuracy and maintain its leading position. The above results also indirectly
confirmed two points: (1) the proposed ϕunit was not effective at all positions, only at
the intermediate position that balanced shallow and abstract features; (2) the experiment
also verified again that the proposed ϕunit had high information integration efficiency
(still achieving superior experimental results under much fewer parameters than the
baseline model). In conclusion, the model with the highest accuracy in the experiment was
determined as ϕNet.

Figure 5. The accuracy of the model at various positions versus adding ϕunit.

This paper focuses on the placement of the connection modules in the proposed model,
without delving into the details of the number of repeated modules per layer. Nevertheless,
it is confident in this work that further research on optimizing the structure and quantity of
this model will reveal its enormous scalability potential.

4.3. Comparative Validation of Model Performance

This paper uses the classic models in lightweight models as experimental subjects,
and presents the comparison results in Table 4. The table data indicates that the model
proposed in this paper achieves a comparable accuracy level with the optimal model with
almost the lowest parameter amount. This benefit mainly stems from the novel information
fusion module ϕunit proposed in this paper, which can fuse the preceding and following
information more effectively, thereby improving the model performance. Meanwhile, this
paper incorporates the design ideas of various outstanding models, while considering the
requirements of lightweight models, and ultimately attains a good overall effect.

The model proposed in this paper has nearly the lowest parameter amount, which
offers multiple benefits. On the one hand, the low parameter amount enables faster model
training, because the model can converge to the optimal solution more quickly. On the
other hand, the low parameter amount also lowers the memory usage of the model, which
is crucial for resource-limited mobile devices. Moreover, the low parameter amount also
boosts the inference speed of the model, which can perform predictions and inferences more
rapidly in practical applications. These benefits are of great importance for lightweight
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models on mobile devices. Mobile devices are often limited by computing resources and
storage space, so the need for lightweight models is growing. This paper proposes an
effective approach for developing lightweight models, which can keep high accuracy
and satisfy the requirements of resource-limited environments. This paper validates the
superiority of the model proposed in this paper through experiments and comparisons,
and demonstrates its application potential in the field of lightweight models. This paper
trusts that this research has a positive influence on advancing machine learning applications
on mobile devices, and offers valuable guidance for future research and development [54].

Table 4. Comparative analysis of classical lightweight models on food101 in terms of classification
accuracy, parameter count, and computational complexity.

Model Params. (M) FLOPs. (M) Acc. (%)

Mobinetv3_small 2.54 59.81 60.50
Squeezenet 1.23 355.69 60.63

Mobilenetv3_large 5.48 227.71 66.57
Ghost 5.18 150.68 67.95

GhostV2 6.15 178.59 68.00
shufflenetv2_x1.5 3.50 303.67 69.65

Ours 1.24 225.91 71.64
Mobinetv2 2.22 318.96 71.91

5. Evaluation and Discussion

This paper investigates the inter-group connection problem in lightweight models,
which has been neglected. Several classic models are analyzed and an efficient information
fusion module ϕunit is proposed in this work, which can fuse the feature information from
the current layer and the upper layer effectively, to alleviate the performance degradation
problem caused by the discontinuity of feature information before and after the feature
information fusion operation. The method achieves significant performance improvement
with a small cost compared with traditional information fusion methods. In Section 4.1,
this paper proves the stronger feature fusion and portability of ϕunit compared with the
traditional feature information fusion modules from the test results through a series of
ablation experiments and comparative experiments; in Section 4.2, through the position
exploration experiment of ϕunit, it analyzes the different influences of the position of ϕunit
in the model on the model performance, and then determines the position relationship
of ϕunit in the model in the future practical application scenarios. Based on this, this
experiment constructs ϕNet on the basis of verifying the effectiveness of the proposed
module and summarizing the previous work. Based on ϕunit, we construct ϕNet, which
reduces the parameter size and computation cost by nearly half and 30%, respectively,
compared with the reference network. ϕNet can maintain high performance even when
the number of classification categories increases, only 0.3% lower than the best model.
This paper has room for further research on the relevant details of the model, such as the
analysis of the influence degree of the number of repeated modules within each group
on the model performance. This paper only explores one feasible scheme, and does not
fully exploit the potential of ϕNet. Subsequent research can find the optimal configuration
through grid search or automated search algorithm, in order to significantly improve
the performance of the improved model. In addition, parameter tuning and network
structure search also need to be further explored. By applying parameter optimization
algorithm and network structure search algorithm, the performance and generalization
ability of the model can be further enhanced in this work. These studies will contribute to
a deeper understanding of the influence of model structure and parameter configuration,
and provide more optimization insights and guidance for advancing lightweight models.
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CNN Convolutional Neural Network
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DFC decoupled fully connected
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FC Fully Connected
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