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Article
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2 China Telecom Heilongjiang Branch
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Abstract: Aiming at the problems of inaccurate segmentation of long object and information loss of small object in

real-time semantic segmentation algorithm, this paper proposes a lightweight multi-branch real-time semantic

segmentation network based on BiseNetV2. The new auxiliary branch makes full use of spatial details and context

information to cover the long object in the field of view. Meanwhile, in order to ensure the inference speed of

the model, the asymmetric convolution is used in each stage of the auxiliary branch to design a structure with

low computational complexity. In the multi-branch fusion stage, the alignment and fusion module is designed

to provide guidance information for deep and shallow feature mapping, so as to make up for the problem of

feature misalignment in the fusion of information at different scales, and thus reduce the loss of small target

information. In order to further improve the model’s awareness of key information, a global context module is

designed to capture the most important features in the input data. The proposed network uses NVIDIA GeForce

RTX 3080 Laptop GPU experiment, on the road street view data set Cityscapes and CamVid average occurring

simultaneously ratio reached 77.1% and 78.4% respectively, with running speed of 127 frames/s respectively and

112 frames/s. The experimental results show that the proposed algorithm can achieve real-time segmentation and

improve the accuracy significantly, showing good semantic segmentation performance

Keywords: semantic segmentation; asymmetric convolution; feature misalignment; high-level semantic information

1. Introduction

Image semantic segmentation is an important research content in the field of computer vision.
By classifying and predicting a given image pixel by pixel, this method can segment different areas
of semantic identification, which has a wide range of applications in many fields such as automatic
driving, scene analysis, medical detection and machine perception [1–5].

In recent years, with the rapid development of artificial intelligence, deep learning technology has
been widely applied in the field of image semantic segmentation and has achieved better results than
traditional image segmentation algorithms [6–11]. Since the convolution network (Fully Convolutional
Networks, FCN) [12] connects traditional convolution neural networks in the whole layer is replaced by
convolution, based on the depth of the convolution of the neural network approach [13] has become the
main solution of semantic segmentation task. It has brought a new research direction for other image
semantic segmentation researchers, and prompted many high-precision image semantic segmentation
algorithms to be proposed. Among them, in order to refine the spatial details, PSPNet [14] designed a
Pyramid Pooling Module (PPM, a new paper published in Acta Electronica) and used global average
pooling operations to extract global information. In order to reduce the problem of spatial information
loss during downsampling, DeepLab [15–19] uses void convolution to increase the receptive field to
obtain more context information. On this basis, the emerging optimized and improved version of
Deep Lab algorithm [20] has gradually improved the accuracy of semantic segmentation. In order to
extract features with different resolutions, HRNet [21] realizes image semantic segmentation with high
accuracy by maintaining high image resolution and conducting parallel subsampling.

The above semantic segmentation networks perform well in segmentation accuracy, but this high
accuracy mainly depends on their complex model design, which usually requires a large number of
parameters and computational resources, and is difficult to meet the needs of real-time processing,

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
from any ideas, methods, instructions, or products referred to in the content.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 July 2024                   doi:10.20944/preprints202407.0234.v1

©  2024 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202407.0234.v1
http://creativecommons.org/licenses/by/4.0/


2 of 16

thus limiting their practical application. Therefore, real-time semantic segmentation algorithms with
fewer parameters and faster running speed have become a research focus [22–26]. Early real-time
semantic segmentation networks often used efficient encoder-decoder structures [27–29]. ICNet [30]
uses a cascading network structure to gradually encode features of different resolutions, effectively
improving the model running speed. FANet [31] uses a bidirectional feature pyramid network to
fuse feature information at different levels in the decoder stage. These methods have made progress
in real-time, but the reduction of a large number of model parameters will weaken the ability of
network structure to extract feature information. Therefore, some research methods design a special
module for extracting features to improve the segmentation performance of the model. ESPNet [32]
designed the Efficient Spatial Pyramid (ESP) module, which improved the accuracy of the network
while reducing the number of parameters and calculation cost of the network model. SwiftNet [33]
adopts a structure with Spatial Pyramid Pooling (SPP) in the downsampling phase to reduce the
amount of model calculation. EADNet [34] design multi-scale shape feeling more wild convolution
(Multi-scale Multi-shape Receptive Field Convolution, MMRFC) module, and use the module built
a lightweight semantic network segmentation. The inference speed of the above network is greatly
improved, but the model sacrifices the spatial resolution in order to realize the real-time inference
speed, resulting in the loss of the feature spatial information.

For this reason, BiSeNet [35] chose a lightweight backbone network and proposed an additional
downsampling path to obtain spatial details and integrate it with the backbone network to compensate
for the reduced accuracy. On this basis, BiSeNetV2 [36] improved the structure of BiSeNet by reducing
the number of channels, adopting fast downsampling strategy, and introducing auxiliary training
strategy to further improve segmentation performance.

This two-branch network achieves a better balance in terms of inference speed and segmentation
accuracy. However, the detailed branch network structure of BiseNetV2 is shallow, which causes
the extracted features to lack sufficient receptive field. At the same time, the symmetric convolution
adopted by this branch will capture interference information from irrelevant regions [37], which will
not effectively identify target objects that may be long (such as grass) or dispersed (such as traffic
signs) structures, and ultimately lead to lower segmentation accuracy. In addition, the way BiseNetV2
fuses multi-branch features has the problem of feature misalignment [38], thus ignoring the diversity
between the two branches, which is not conducive to recovering the feature information lost by small
targets during network downsampling.

Finally, since the semantic branch of BiseNetV2 in the network is to capture global context
information and extract high-level semantic features, it needs to be further improved to enhance
the model’s ability to extract high-level semantic features. To solve the above problems, this paper
optimizes BiseNetV2 to improve the performance of the algorithm. The main contributions of this
paper are summarized as follows: (1) Auxiliary branches are designed to guide detailed branches to
capture long distance relationships between features, further increasing the segmentation performance
of large irregular targets. (2) the proposed alignment and integration module (Alignment And Fusion
Module AAFM) to merge multiple output branch of the model in the implementation of effective
interaction between multiple branch at the same time ease characteristics not alignment problem, so as
to make up for the loss of small target information. (3) A Global Context Mudule (CGM) module is
introduced to capture the most important features in the input data, thereby improving the model’s
awareness of key information.(4) The performance of the proposed algorithm on Cityscapes and
CamVid data sets is significantly improved compared with BiseNetV2 algorithm and other existing
advanced algorithms, which proves the superiority of the proposed algorithm.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 July 2024                   doi:10.20944/preprints202407.0234.v1

https://doi.org/10.20944/preprints202407.0234.v1


3 of 16

2. Textual Algorithm

2.1. Overall Structure

The network structure of the BiseNetV2 algorithm and the proposed algorithm is shown in
Figure 1. Figure 1(a) is the BiseNetV2 algorithm, and Figure 1(b) is the improved proposed algorithm
based on BiseNetV2.

Figure 1. Schematic comparison of network structure.

As shown in Figure 1(a), BiseNetV2 uses detail branches and semantic branches respectively to
obtain spatial detail information and semantic abstract information.

In this paper, the BiseNetV2 algorithm is optimized and improved. As shown in Figure 1(b), the
network is designed into three branches, among which the detail branch and auxiliary branch are
responsible for extracting spatial detail features, and the semantic branch is responsible for capturing
semantic context features. Finally, the features of the three branches are fused to obtain semantic
segmentation results. The overall structure of the multi-branch network algorithm proposed in this
paper is shown in Figure 2. The backbone network consists of three branches, namely the detail branch
(blue branch), the auxiliary branch (yellow branch), and the semantic branch (green branch). The
numbers in each branch box represent the ratio of the feature map size to the resolution of the original
input. First, the image is extracted by three branches in parallel. The auxiliary branches are fused
with the detail branches at each stage to help the model better retain spatial information. When the
feature of the semantic branch is extracted to 1/32 of the original feature, the global context module
is embedded to further enhance the context representation ability. In addition, the Alignment and
fusion module is used when features are fused. The module feeds the features obtained from the detail
branch through downsampling (Down) and the features obtained from the semantic branch through
the Sigmoid activation function (ϕ) into the alignment layer (AL). At the same time, the features
obtained by the semantic branch after upsampling (Up) and Sigmoid activation function (ϕ) and the
features obtained by the detail branch are also sent to the alignment layer, so that the features of the
two branches are fully aligned and interactive fusion. Finally, the two outputs from the alignment
layer are added (SUM) to the output of the secondary branch. In addition, this algorithm retains the
auxiliary training strategy of the baseline model, and promotes the feature extraction capability of
different shallow networks by combining the loss of four auxiliary heads and the loss of the main
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network segment head. The three modules proposed in this paper are described in detail: auxiliary
branch, alignment and fusion module, and global context module.
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Figure 2. Overall structure of the algorithm in this paper.

2.2. Auxiliary Branch

BiSeNetV2 uses symmetric convolution to form detail branches to extract low-level features from
images. However, the disadvantages of symmetric convolution are obvious: (1) Symmetric convolution
considers all directions equally and may ignore valid texture information; (2) They have a fixed kernel
size and are not suitable for processing input data with different shapes or aspect ratios, which leads
to limited processing capacity for diverse input data; (3) Due to its inherent symmetry and inherent
smoothing effect, it may lead to the loss of details and texture information in some cases. In order
to solve the above problems, this algorithm proposes a new auxiliary branch structure to capture
information such as long-range dependencies, edges, textures, etc. The new auxiliary branch structure
is shown in Figure 3.

The first stage

The third stage

The second stage

H×W×C

3×1×C
1×3×C

H/2×W/2×C/2

1×3×C3×1×C

X YH
YV

X YH
YV

H/4×W/4×C/4

3×1×C
1×3×C

X YH
YV

Ꚛ Ꚛ Detail Branch FD1

F1 F2

The first stage

The first stage

The second stage

The second stage

The third stage

The third stage

Auxiliary Branch

FD2 FD3

FA1 FA2 FA3

(a) Structure of each stage of the Auxiliary Branch (b) Auxiliary process

Figure 3. Auxiliary branch structure.

The new auxiliary branch consists of three stages, as shown in Figure 3(a), where the red box
represents the convolution process. The first stage of the branch uses convolution with step 2 to extract
high-resolution features from the input features; In the second stage, convolution with step size 1 is
used to increase the receptive field and capture the long range relationship of isolated regions, so as to
achieve segmentation of large targets. In the third stage, the convolution operation with step size 1 is
further used to encode and integrate the detailed features extracted before. For the first stage, input X
is obtained by 3 × 1 vertical asymmetric convolution, and then it is sent to 1 × 3 horizontal asymmetric
convolution to obtain. The operations in the latter two stages of the auxiliary branch are similar to this
stage. The operation process of each stage is shown as follows:

YH = Conv3×1(X) (1)
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YV = Conv1×3(YH) (2)

where, X ∈ RH×W×C is the input of this branch, Convm×n represents an asymmetric convolution
operation with a convolution kernel size of m×n, and YH and YV are the features obtained after vertical
and horizontal asymmetric convolution, respectively. The process of auxiliary branching is shown in
Figure 3(b). In the first stage of the detail branch, the image resolution is high and there is sufficient
detail information. In order to avoid model redundancy, this algorithm does not assist this stage.
Instead, it fuses the feature FD1 of the first stage of the detail branch with the feature FA1 of the first
stage of the auxiliary branch to get F1, then uses F1 to guide the second stage of the detail branch to
get FD2, and then fuses it with the output FA2 of the second stage of the auxiliary branch to get F2.
And use it to guide the third phase of the detail branch. In this way, auxiliary branch feature FAi and
detail branch feature FDi are gradually integrated to realize the interaction of feature information at
different scales, further establish the dependency relationship between discrete distribution regions,
and enhance edge and texture information, thus providing a more comprehensive and rich feature
representation. The specific operation process is shown as follows:

F1 = FA1 ⊕ η(FD1) (3)

FD1 = C(F1) (4)

F2 = FD2 ⊕ η(FA2) (5)

FD3 = C(F2) (6)

where, FAi, FDi and Fi represent auxiliary branches, detail branches and their integrated feature maps
respectively, i ∈ [1, 2, 3]. η(·) represents the broadcast operation, and C(·) represents the convolution
operation, where "⊕" represents the element-by-element addition operation.

In addition, for real-time semantic segmentation models, besides performance, the model speed
should be considered. The reasons for choosing asymmetric convolution to form new auxiliary
branches will be explained from the point of view of velocity. Consider that the baseline model is
a convolution layer with dimension C × F and space dimension dv × dh. Without loss of generality,
suppose dv = dh = d, decomposed into two convolution layers of size d × 1 and 1 × d, respectively. The
computational cost of these two schemes is directly proportional to CFd2 and L(C + F)d respectively.
Therefore, a significant improvement can be obtained when L(C + F) << CFd. The analysis of the
above formula shows that the new auxiliary branch does not bring too much computational burden.

2.3. Align and Fuse Modules

BiseNetV2 proposes a bidirectional guided aggregation module to fuse and guide the detail
branches and semantic branches. Although effective communication is achieved through mutual
guidance between the two branches, it does not take into account the misalignment of features that
may occur when the two branches are merged. This will lead to the two branches passing invalid
information to each other, and produce feature redundancy after fusion, which is not conducive to
deep feature recovery of small target details. To solve this problem, a new alignment and fusion
module is designed to fuse the three branches of the network. The structure is shown in Figure 4. This
module is introduced in two parts: the first part guides the detail branches for the semantic branches;
The second part guides the semantic branch for the detail branch.
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Figure 4. Alignment and fusion module structure.

Detail branches guide semantic branches: The guidance stage is shown in FIG. 4(a) in orange.
First, detail branch features are obtained by 3×3 convolution to obtain local features, and then channel
dimensionality is reduced by average pooling operation. Meanwhile, semantic branching features
undergo 3×3 deep separable convolution to increase their receptive fields, followed by 1×1 convolution
to integrate features. Finally, they are fused to F

′
s by element multiplication to achieve efficient guidance

between the two branches. In the alignment stage, as shown in Figure 4(a), the gray part is shown.
Firstly, the F

′
s is learned through 3×3 convolution prediction to obtain the two-dimensional offset FO1, in

which each pixel position contains the horizontal and vertical offset. According to the two-dimensional
offset FO1, the relative position relationship between pixels with different resolution features can be
obtained. Then, the semantic branch feature FS is Warp by using two-dimensional offset FS to get FU1.
Warp is a kind of spatial transformation operation. As shown in Figure 4(b), a spatial grid is generated
through the offset, which is used to resampleth the image, thereby generating the aligned feature
map and alleviating the problem of feature misalignment in the fusion of feature maps with different
resolutions.

Semantic branches guide detailed branches: Similar to the above operation, the two branches
guide each other to get F

′
D, which is then sent to the 3×3 convolution operation for convolution,

learning and predicting the two-dimensional offset FO2. Then, Warp FS with FO2 to get FU2. Finally,
FU1 and FU2 are connected according to channel dimension.

Finally, in the purple part of FIG. 4(a), in order to avoid the redundant features in the fusion
diagram, a 3×3 convolution operation is used to obtain FU . In addition, when the final three branches
are fused, in order to save parameters, the algorithm combines FA and FU by adding pixels of corre-
sponding positions to get the final output F. The above operation process is shown as follows:

FO1 = f3×3((APooling( f3×3(FD))⊗ ( f1×1( f3×3(FS)))) (7)

FU1 = warp(FS, FO1) (8)

FO2 = f3×3(( f1×1( f3×3(FD)⊗ upsample( f3×3(FS)))) (9)

FU2 = warp(FS, FO2) (10)
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FU = f3×3(concat(FU1, FU2)) (11)

where, FI represents the input of this module, I ∈ [D, S, A] represents detail branch, semantic branch
and auxiliary branch respectively; fm×nrepresents the convolution operation m×n; Apooling indicates
average pooling operation. The Warp operation is shown in Figure 4b. ⊗ represents the multiplication-
by-element operation.

2.4. Global Context Module

In order to give full play to the key role of high-level semantic information in semantic branches,
a global context module is designed to retain image information more effectively. Traditional methods
often use stacked convolutional layers to extract high-level semantic features, but this approach
consumes a lot of computing resources. In order to realize real-time performance, the algorithm adopts
global average pooling and global maximum pooling in the global context module instead of stacking
convolution layers. Among them, global average pooling is not limited by the size of receptive field
and operates on the entire feature map, so it can capture a wider range of contextual information,
which helps the model understand the semantics and structure of the overall image, and provides
global visual perception. By selecting the maximum activation value within each channel, the most
significant features can be extracted, which helps to focus attention on the most important features in
the image, thus enhancing the perception and differentiation ability of the model for key information.

The module structure is shown in Figure 5. Firstly, the input feature Finput of this module is
globally average pooled and globally maximum pooled respectively, and then the two obtained feature
maps are batch normalized to stabilize the distribution of input features. Then, in order to extract more
effective features, 1×1 convolution is used to process them separately to fuse features from different
channels and realize the interaction between different channel features. Then, the expression ability
of the model was enhanced by batch normalization and ReLU activation function, and FL and FR
were obtained. Finput, FL, and FR are then fused using skip connections to directly pass information
about input features to FL and FR, helping to strike a balance between processing details and global
information. Finally, in order to better represent the semantic information in the image, 3×3 convolution
is carried out to further enhance the abstraction ability and get the output Foutput. The above operations
can be expressed as follows:

FL = σ(β(Conv1×1(β(GAP(Finput))))) (12)

FR = σ(β(Conv1×1(β(GMP(Finput))))) (13)

Foutput = Conv3×3(FL ⊕ FR) (14)

Finput and Foutput represent the input and output of the module respectively. GAP and GMP
represent global average pooling and global maximum pooling, respectively. Convm×n represents
a convolution operation with a convolution kernel size of m×n; σ(·) and β(·) represent ReLU and
BatchNorm operations, respectively.
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Figure 5. Global context module.

3. Experiment and Result Analysis

3.1. Data Set Introduction

3.1.1. Cityscapes Data Set

The Cityscapes dataset [39] consists of 25,000 high-resolution street view images from 50 different
cities in Germany. The resolution of the images in the dataset is 1024×2048, consisting of 5000 finely
annotated and 2000 roughly annotated images. The algorithm is trained and validated using finely
labeled images, which are grouped into 19 categories comprising a training dataset (2,975 images), a
validation dataset (500 images), and a test dataset (1,525 images). Similar to the advanced semantic
segmentation methods [15,36], 19 common semantic categories (such as sidewalk, road, and car) are
used in this experiment.

3.1.2. CamVid Data Set

CamVid [40]is a computer vision dataset widely used in semantic segmentation tasks, mainly
for image segmentation and semantic annotation in urban scenes. The dataset, which includes video
images captured by cameras while cars are driving, covers a variety of scenes and objects such as city
streets, traffic signs, pedestrians, and vehicles, and has lower image and annotation quality compared
to the Cityscapes dataset. This early roadscape dataset, captured from the perspective of a driving car,
contained 701 high-resolution video frames captured from five video sequences covering 11 semantic
categories.

3.2. Evaluation Index

For the evaluation index, this paper adopts the standard index of average crossover ratio (mIoU),
frame per second (FPS) and parameter number (Params). FPS is defined as the number of image frames
processed by the model per second, which is used to evaluate the model speed. The parameter number
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is used to evaluate the memory consumption of the model. mIoU is used to evaluate the accuracy
of the model, so that i represents the true value, j represents the predicted value, Pij represents the
prediction of j to i, and k represents the number of categories of pixels, mIoU can be expressed as:

mIoU =
1

k + 1

k

∑
i=0

Pij

∑k
j=0 Pij + ∑k

j=0 Pji − Pii
(15)

3.3. Training Strategy

3.3.1. Experimental Parameter

In this paper, the experiment based on deep learning framework Pytorch kind of implementation,
individual NVIDIA GeForce RTX 3080 Laptop GPU running. The network was trained using the
Adam [41] optimizer with momentum of 0.9. When training the Cityscapes dataset, the weight
attenuation was set to 5e−4, the batch size was set to 2, the maximum number of iterations was set
to 150k, and the Warmup strategy was applied in the first 1,000 iterations [42]. When training the
CamVid dataset, the weight attenuation was set to 5e−6, the batch size was set to 2, the maximum
number of iterations was set to 800k, and the Warmup strategy was applied in the first 1,000 iterations.

3.3.2. Data Enhancement

In order to alleviate the problem of data imbalance, the algorithm adopts random horizontal
flipping, random clipping and other methods for data enhancement, and the random scale includes
{0.75,1,1.25,1.5,1.75,2.0}. The cropping resolution of Cityscapes dataset was 512×1024 and CamVid
dataset was 1024×1024 to train the algorithm.

3.3.3. Training Optimization Strategy

Referring to BiSeNetV2, this paper uses Poly learning rate strategy [36] to attenuate the learning
rate. The current learning rate is shown in formula (16) :

l = linit × (1 − iter
itermax

)power (16)

Where, l represents the current learning rate, linit represents the initial learning rate and is set
to 5e−2, iter represents the number of current iterations, itermax represents the maximum number of
iterations, and power is set to 0.9.

3.4. Ablation Experiment

To demonstrate the effectiveness of the various modules in this algorithm, this section will perform
functional validation of different combinations on the Cityscapes dataset. The experimental results are
shown in Table 1. Among them, the first is the model structure, Baseline means that only BiseNetV2 is
used; +AuxiliaryBranch Indicates the BiseNetV2+ auxiliary branch. +AAFM stands for BiseNetV2+
Alignment and fusion module; +CGM indicates BiseNetV2+ global context module. This algorithm is
expressed as Baseline+AuxiliaryBranch+AAFM+CGM. Columns 2, 3 and 4 are the selected evaluation
indexes mIoU, FPS and Params, respectively.

Table 1. Results of different combinations on Cityscapes dataset.

model mIoU% Running speed (Frames*s-1) 10-6×Parameter quantity

Baseline 72.60 156.00 -
+Auxiliary Branch 74.30 139.00 3.74

+AAFM 74.40 137.00 4.25
+CGM 73.30 150.00 3.37

+Auxiliary Branch+AAFM+CGM 77.10 127.00 4.65
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It can be seen from Table 1 that mIoU reached 74.3% after adding auxiliary branches, which is
1.7% higher than the baseline model. At the same time, due to the asymmetric convolution used in
the auxiliary branch, the running speed is not much affected, and it is reduced by 17 frames /s. In
addition, when the alignment and fusion module was added, the running speed was only reduced by
19 frames /s, but the mIoU was increased to 74.4%, further verifying the effectiveness of the module
in mitigating feature misalignment. In addition, after adding the global context module, the mIoU is
73.3%, although the segmentation accuracy is slightly inferior to the other two modules, but because
of the pooling operation, no additional parameters are introduced to the model, so that the module
can reach 150 frames /s in terms of reasoning speed. In summary, although the algorithm in this paper
has a slight impact on speed after the addition of several modules, it reaches the highest level in terms
of accuracy, with 77.1% mIoU.

It is fully proved that the module added in this algorithm can significantly improve the perfor-
mance of the model. The above experimental results show that when auxiliary branch, alignment
and fusion module and global context module are added to the baseline model, the segmentation
accuracy is improved and the running speed is not significantly reduced. It shows that the proposed
algorithm not only achieves more accurate segmentation results, but also maintains efficient real-time
performance.

3.5. Contrast Experiment

The comparison results between the proposed algorithm and 14 other advanced algorithms are
shown inTable 2, where the real-time and non-real-time networks are separated by black lines; The first
column is the model name; Column 2 indicates whether the model has been pre-trained on ImageNet;
Column 3, 4 and 6 are model evaluation indexes respectively, and column 5 is image resolution.

As can be seen fromTable 2, compared with large-scale networks (non-real-time semantic seg-
mentation networks), the mIoU of the proposed algorithm is higher than that of several large-scale
networks, such as SegNet and DeepLabV2. For PSPNet, the proposed algorithm only uses 7% of its
parameters to obtain better segmentation accuracy. Compared with the lightweight network (real-time
semantic segmentation network), the algorithm in this paper has the best segmentation accuracy, reach-
ing 77.1%. Compared with DFANet and LCANet, mIoU is 5.8% and 4.4% higher than them respectively.
In terms of segmentation efficiency, the segmentation speed of the proposed algorithm reaches 127
frames /s, which is slightly inferior to that of STDC-Seg50 and the baseline model BiseNetV2. How-
ever, although the segmentation speed of the proposed algorithm is 29.6 frames /s and 29 frames /s
lower than that of STDC-SEG50, the segmentation accuracy is 3.7% and 4.5% higher, respectively. It
has certain advantages in accuracy; In terms of model complexity, the proposed algorithm has only
4.6×106 parameters, which is at a low level among all the compared semantic segmentation networks,
indicating that the proposed algorithm has fewer redundant parameters, and the network structure is
compact and efficient. It can be seen from the experimental results that compared with the classical
algorithms in recent years, the proposed algorithm can segment the target more accurately and has
better comprehensive performance.
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Table 2. 14 algorithms compared on the Cityscapes dataset.

Network type Network name Pre-training mIoU% Running speed (Frames*s-1) resolution 10-6×Parameter quantity

Large scale
SegNet [27] Y 57.0 17 640×360 29.5
PSPNet [14] Y 81.2 <1 713×713 65.7

DeepLabV2 [16] Y 70.4 <1 512×1024 44

Light weight

Fast-SCNN [43] N 68 123.5 1024×2048 0.4
ESPNet [32] Y 60.3 112.9 512×1024 0.4
SPANet [44] Y 70.6 92.0 1024×1024 -
DFANet [45] Y 71.3 100 1024×2048 7.8

STDC-Seg50 [46] Y 73.4 156.6 512×1024 12.3
SGCPNet [47] Y 70.9 103.7 1024×2048 0.61
DPFFNet [48] N 67.7 111.0 1024×2048 2.59
SwiftNet [33] Y 75.4 39.9 1024×2048 11.8
LCANet [24] Y 72.7 86.0 1024×2048 0.68

BiseNetV1 [35] Y 68.4 105.8 786×1536 5.8
BiseNetV2 [36] N 72.6 156.0 512×1024 -

Ours Y 77.1 127.0 512×1024 4.65

In order to show the analysis results more directly, the paper also presents the scatterplot of
precision - speed comparison based on Citiscapes validation set, as shown in Figure 6, which includes
10 classical algorithms different fromTable 2. It can be seen that the algorithm in this paper is located in
the upper right corner of the image, its segmentation accuracy exceeds all other lightweight semantic
segmentation networks, and its running speed also maintains a high level. It shows that the proposed
algorithm maintains a good balance between accuracy and real-time performance.
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）
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Figure 6. Comparison of precision and speed of lightweight network.

To further validate the effectiveness of the proposed algorithm, we compared the IoU of various
categories in Cityscapes dataset with the current classical algorithm of real-time semantic segmentation,
including 19 categories such as motorcycles, sky, buildings, and walls. Specific comparison results are
shown in Table 3. For the small target objects mainly optimized by this algorithm, such as support
rods and signs, the segmentation accuracy exceeds the baseline model by 1.4% and 2.5% respectively;
and for the long-range strip objects mainly optimized by this algorithm, such as buildings, walls
and buses, their segmentation accuracy exceeds the baseline model by more than 10% or even 20%.
This highlights the significant advantages of the proposed algorithm in dealing with such specific
objects; For the targets of secondary optimization of this algorithm, such as sky and motorcycle, the
segmentation accuracy decreased by only 0.1% and 4.3% compared with the baseline model. This

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 July 2024                   doi:10.20944/preprints202407.0234.v1

https://doi.org/10.20944/preprints202407.0234.v1


12 of 16

shows that although the addition of auxiliary branches has different degrees of negative impact on the
secondary optimization objectives, the impact on the segmentation results is not large.

Table 3. Comparison of IoU% among different categories in the CityScapes dataset.

Network name lane footpath unit wall Fence Support bar Traffic light mark plant topography

SegNet [27] 96.4 73.2 84.0 28.4 29.0 35.7 39.8 45.1 87.0 63.8
ENet [28] 96.3 74.3 75.0 32.2 33.2 43.4 34.1 44.0 88.6 61.4

ESPNet [32] 95.7 73.3 86.6 32.8 36.4 47.0 46.9 55.4 89.8 66.0
NDNet [49] 96.6 75.2 87.2 44.2 46.1 29.6 40.4 53.3 87.4 57.9
LASNet [50] 97.1 80.3 89.1 64.5 58.8 48.6 48.5 62.6 89.9 62.0
FSFNet [51] 97.7 81.1 90.2 41.7 47.0 47.0 61.1 65.3 91.8 69.3
ERFNet [29] 97.9 82.1 90.7 45.2 50.4 59.0 62.6 68.4 91.9 69.4
LEDNet [52] 98.1 79.5 91.6 47.7 49.9 62.8 61.3 72.8 92.6 61.2

BisNetV2 [36] 98.2 82.9 91.7 44.5 51.1 63.5 71.3 75.0 92.9 71.1
Ours 97.9 83.8 92.3 63.7 63.8 64.9 63.1 77.5 92.4 63.0

In summary, although the performance of this algorithm is not outstanding in the categories of
sky and motorcycle, the segmentation accuracy of the categories of support rods, signs, buildings
and buses has been greatly improved. In terms of the segmentation accuracy difference between each
category and the baseline model, the algorithm in this paper still outperforms the baseline model, fully
demonstrating its superiority.

Table 4. Comparison of IoU% among different categories in the CityScapes dataset.

SegNet [27] 91.8 62.8 42.8 89.3 38.1 43.1 44.1 35.8 51.9 55.6
ENet [28] 90.6 65.5 38.4 90.6 36.9 50.5 48. 1 38.8 55.4 58.3

ESPNet [32] 92.5 68.5 45.9 89.9 40.0 47.7 40.7 36.4 54.9 60.3
NDNet [49] 90.2 62.6 41.6 88.5 57.8 63.7 35.1 31.9 59.4 60.6
LASNet [50] 91.8 70.8 51.3 91.1 77.3 81.7 69.2 48.0 65.8 70.9
FSFNet [51] 94.2 77.8 57.8 92.8 47.3 64.4 59.4 53.1 66.2 65.3
ERFNet [29] 94.2 78.5 59.8 93.4 52.3 60.8 53.7 49.9 64.2 69.7
LEDNet [52] 94.9 76.2 53.7 90.9 64.4 64.0 52.7 44.4 71.6 70.6

BisNetV2 [36] 94.9 83.6 65.4 94.9 60.5 68.7 56.8 61.5 51.9 72.6
Ours 94.8 81.0 58.5 94.3 80.6 83.8 78.0 57.2 76.5 77.1

3.6. Visual Result

In order to demonstrate the segmentation effect of the proposed algorithm on Cityscapes data
set, partial visualization results and partial error graphs of the proposed algorithm and BiseNetV1
and BiseNetV2 algorithms are shown in Figure 7 and Figure 8, respectively. In Figure 7, Figure 7(a)
is the input image; Figure 7(b) The label image visualization provided for the dataset, that is, the
segmentation result images with various semantic categories are accurately labeled; Figure 7(c) shows
the semantic segmentation result image of BiseNetV1 algorithm; Figure 7(d) shows the semantic
segmentation results of BiseNetV2. Figure 7(e) shows the semantic segmentation results of the
proposed algorithm. Where different colors represent different categories, the blue box represents three
regions that compare the different segmentation results of the network. As can be seen from Figure 7,
in the first and third lines, BiseNetV1 and BiseNetV2 have blurred boundaries of segmentation results
for objects with small scales, such as poles and traffic signs, and there is also a lack of main body
segmentation of poles. However, in this algorithm, the contours are complete and the boundaries are
clearer and smoother. In the second and fifth lines, for the categories with high frequency and large
scale, such as fences and roads, compared with BiseNetV1 and BiseNetV2, the algorithm in this paper
can segment the roadside fences well, and the ground segment area becomes complete. In the first,
fourth and fifth lines, when the target person and the vehicle are connected, the model in this paper
can distinguish the two well, and the outline boundary is clear.
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None Lane Footpath Unit Wall Fence Support bar Traffic light Mark Plant

Terrain Sky Pedestrian Cyclist Car Truck Bus Train Motorcycle Bicycle

(a) Row image (b) Label image visualization (c) BiseNetV1 (d) BiseNetV2 (e) Text algorithm

Figure 7. Semantic segmentation junctions of BiseNetV1, BiseNetV2 and our algorithm on Cityscapes
dataset.

(b) BiseNetV1 (c) BiseNetV2(a) Row image (d) Text algorithm

Figure 8. Error graphs of BiseNetV1, BiseNetV2 and the algorithm in this paper on Cityscapes data set.
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In Figure 8, Figure 8(a) is the input image, Figure 8(b) is the segmentation error diagram of
BiseNetV1, Figure 8(c) is the segmentation error diagram of BiseNetV2, and Figure 8(d) is the segmen-
tation error diagram of the algorithm in this paper. The white part represents the correct classification,
and the black part represents the wrong classification. By comparing the proportion of the black and
white area in the red box and the input image, it can be seen that after adding the module proposed in
this paper, the target shape is obviously clearer, and the boundary is smoother, and a finer segmenta-
tion result is obtained. In addition, the evaluation of the proposed algorithm on the CamVid dataset
achieves 78.4% mIoU, which is 1.7% higher than BiseNetV2.

The experimental results show that the proposed algorithm can effectively compensate the spatial
information loss of features, further refine the edge of features, and enhance the recognition ability of
long and large objects. At the same time, the feature context representation ability is improved, the
loss of small target information is reduced, and more precise segmentation results are obtained, which
has good semantic segmentation performance.

4. Conclusion

Aiming at the shortcomings of current semantic segmentation algorithms, this paper proposes a
lightweight multi-branch network for real-time semantic segmentation. Firstly, the algorithm obtains
irregular features and more edge information through auxiliary branches, so as to strengthen the
recognition ability of long and large targets. At the same time, in order to improve the segmentation
accuracy and avoid the decrease of model inference speed, the algorithm uses asymmetric convolution
to design auxiliary branches to save inference time. Secondly, the alignment and fusion module
is designed to guide and fuse the feature maps of multiple branches, so as to alleviate the feature
misalignment in the fusion of multi-branch networks and improve the recovery ability of small
target details. Finally, in order to consider the importance of global information, a global context
module is designed in the last stage of the semantic branch. These structures are tightly coupled
and jointly optimized to ensure the algorithm has excellent performance in semantic segmentation.
Experiments on the Cityscapes and CamVid datasets demonstrate that the proposed algorithm is
between segmentation accuracy and inference speed.A good balance is achieved, and its semantic
segmentation performance is significantly improved. In the following work, we will further analyze
the algorithm and improve the semantic branches to improve the accuracy of the model.
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