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In recent years, with the gradual progress of automatic driving technology, semantic segmentation of road
scenes, as the core of this technology, has become a hot spot of research. However, nowadays, most of the
convolutional (CNN)-based methods appear to be inefficient and costly due to the factors of large amount of
detection data and complex structure. It limits their performance in dealing with some fast response (real-time)
tasks. Addressing the above problems, this paper proposes a capsule network-based semantic segmentation
method for road images, which achieves a good balance between recognition efficiency and detection speed.
Specifically, the DDC-Net designed based on capsule network is used as the baseline network, and different
connection paths are dynamically selected according to pixel affinity during forward propagation. In addition,
DDC-S and DDC-G are designed for spatial detail fusion and semantic fusion, respectively, and the local feature
extraction module (LFCE) is designed using a two-branch structure. Numerous experiments show that the
method described in this paper outperforms most of the current CNN-based methods in terms of model size,
recognition flexibility and overall performance. In ADE20K and Cityscapes test datasets, the method described
in this paper achieves 74.5% and 79.4% mean intersection and merger ratio (mlIoU) accuracies at 63.9fps and
64.8fps, and the experimental results demonstrate the effectiveness of our method.
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1. Introduction

Road image semantic segmentation [1] is an important part
of automatic driving, aiming at distinguishing and labeling
the category to which each pixel location in a road image
belongs. In the past, road detection mainly relied on re-
searchers to manually label the data, and the performance
is more dependent on the accuracy of the labeling, which
is less efficient and susceptible to the subjective influence
of the staff. Nowadays, scene detection based on computer
vision techniques has achieved remarkable results and has
been widely used For example, in the fields of image under-
standing [2], automated driving [3], medical image analysis

[4], and intelligent assistance [5].

With the prominence of deep learning research, Convo-
lutional Neural Networks (CNNs) are gradually becoming
the prime choice for dealing with scene detection. The
introduction of fully convolutional network (FCN) [6] high-
lights the limitations of manual-based methods (For exam-
ple, lack of flexibility, high data accuracy requirements).
For example, Fu et al. [7] used self-attention to construct
a two-branch network, and Zhao et al. [8] proposed PSP-
Net through pyramid pooling. These methods rely on the
ability of CNNs to extract complex features to create more
outstanding performance.

However, limitations of CNNs are gradually emerging.
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In general, recognition accuracy and detection speed are
often considered to be mutually exclusive in the problem.
Most of the models tend to use complex network structures
in order to achieve high accuracy, with large model sizes,
and performance needs to be improved when dealing with
some real-time response tasks.

In order to solve the above dilemma, many lightweight
frameworks have been proposed, such as Chen et al. [9],
Huang et al. [10], Zhao et al. [11], Yu et al. [12], and Paszke
et al. [13]. Although the above methods have made some
contributions to the model size, the effect has certain limi-
tations.

In this paper, a segmentation model based on capsule
network is proposed to achieve a good balance between
performance and detection speed. The capsule network is
utilized with some of the properties of MobileNetV3 -small
to design DDC-Net, the image spatial detail fusion net-
work (DDC-S) and the semantic feature extraction network
(DDC-G) are designed from residual fusion, and the above
network is designed as a local compression feature extrac-
tion module (LFCE) using a deep two-branch structure.
Overall, here are our primary contributions:

1. A new semantic segmentation approach for road im-
ages is proposed based on capsule networks, which
enables the model to obtain denser image features
with lower computational cost.

2. To improve the spatial fusion ability of our model,
a spatial detail fusion network (DDC-S) is designed
using residual shallow convolution, which effectively
enhances the spatial feature focusing ability of the
model.

3. A semantic feature map fusion network (DDC-G) is
proposed to enhance the ability of combining deep
semantic information and shallow spatial information
of images by utilizing multi-scale image feature map-

ping.

4. To reduce the model size and enhance the performance
of the model processing on real-time tasks, a (Local fea-
ture compression extractor, LFCE) module is designed
by utilizing a two-branch structure, which compresses
the DDC-S and DDC-G structures, and effectively im-
proves the feature extraction efficiency.

It is experimentally demonstrated that the method de-
scribed in this paper achieves 74.5% and 79.4% mean inter-
section and merger ratio (mloU) accuracies at 63.9 fps and
64.8 fps.

This paper’s structure continues below. Section II dis-
cusses related work. Section III explains in detail the spe-
cific implementation of our proposed method, including
the specific structure of each section. Section IV gives ex-
perimental results and detailed analysis and a series of
discussions. Finally, we conclude the paper in Section VI.

2. Relate work

2.1. Semantic segmentation of road images

ith the gradual emergence of computer vision technology.
the CNN, with its local awareness [14] and weight sharing
[15], has been outstanding in the road semantic segmen-
tation task, gradually replacing manual detection-based
as the mainstream. In the past few years, researchers
have extracted features by deepening the deep structure of
the model network; for example, Chen et al. [16] adapted
semantic segmentation of urban scenes by using a large
amount of synthetic data. Sun and Li [17] utilized stacked
convolutional layers and three branches of ResNet to en-
hance model performance. Pan et al. [18] connected two
deep information networks in tandem, which was used to
expand the effective sensory field. While these methods
have made some gains in model accuracy, they tend to
have more complex network structures and have limited
performance when dealing with real-time tasks.

In recent years, several pioneering approaches have
been proposed by some researchers to enhance the size
of models. Sun et al. [19] proposed a lightweight recog-
nition framework by fusing real-time RGB-D fusion stud-
ies. Orsic et al. [20] enlarged the sensory field by fusing
shared features with multiple resolutions. Zhang et al. [21]
made some gains in the model lightweight enhancement
by constructing a modular architecture and using only a
few variables for parameterization, and made some gains
in the enhancement of model lightweighting. The above
methods, although they have some enhancement, still have
room for improvement.

In addition, Cheng et al. [22] achieved a more promi-
nent detection speed through a bottom-up approach using
a dual ASPP and dual decoder architecture. Borse et al. [23],
Chen et al. [24], Xie et al. [25], and Bashkirova et al. [26] uti-
lized the advanced Transformer for the semantic segmenta-
tion model framing and achieved better performance. The
breakthroughs in performance of these approaches have
achieved exciting results. However, the adoption of Trans-
former to improve the performance will have the result that
the model cannot well take into account the lightweight.

Therefore, in this paper, we design DDC-Net based on
capsule network by improving the lightweight network
MobileNetV3-small to solve the above difficulties.
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2.2, Capsule Network

The rise of CNNs in the field of machine vision has been
accompanied by some existential flaws. Some of the char-
acteristics of CNNSs, such as when the target undergoes
physical changes such as translations, rotations, scaling,
etc... CNNs do not change the recognition results because
of their changes. Secondly, because high-precision semantic
features require a deeper network structure, which causes
CNN:s to lose more spatial details during processing.

o address the above problems, Sabour et al. [27] pro-
posed the idea of capsule networks. The spatial informa-
tion in the image is encoded as features. According to the
length of the activation carriers to represent the predicted
probability, using dynamic routing, the dynamic link inter-
capsule network paths, to realize the multi-layer cascade
of image spatial information.

Recently, capsule networks have achieved exciting re-
sults in the area of machine vision, Mazzia et al. [28] pro-
posed capsule networks with self-attentive routing by im-
proving dynamic routing and achieved significant results
in feature extraction. Rajasegaran et al. [29] used an al-
gorithm for 3D convolution to achieve deep physical at-
tributes on images by reducing the number of Howard et al.
[30] achieved good results in medical image segmentation
by designing a dual pathway network and realizing the
organic combination of CNN and capsule network. The
above methods are based on capsule networks, and all
of them have made some breakthroughs in model perfor-
mance.

In this work, we integrate some of the characteristics of
capsule networks with DDC-Net to develop a lightweight
baseline network with a good balance between accuracy
and speed, which improves the model’s attention to spatial
detail information while ensuring the overall performance
of the model.

3. Architecture

Inspired by the distinctive ASPP cascade structure intro-
duced by Kirillov et al. [31], Reiher et al. [32], and Yang et al.
[33], and others, this paper proposes a high-performance se-
mantic extraction framework. Illustrated in Fig. 1, the over-
all model comprises three main components: a lightweight
baseline network (DDC-Net), a capsule network (Capsule
Networks), and a locally compressed feature information
capture module (LFCE).

The DDC-Net as a whole uses a pyramid structure for
convolution and cascading between capsule layers. The up-
per half is downsampled through the cascade and passed
into the CAP layer for spatial information capture. Then,
it is passed into the LFCE for the fusion of contextual fea-

ture information and spatial information to complete the
link output. The rest of this chapter describes the three
components of the method in detail.

3.1. Capsule Baseline Network

The baseline network of the model (DDC-Net) is a fu-
sion network that replaces part of the convolution in
MobileNetV3-small, which has completed pre-training on
the ImageNet dataset, with a capsule.

The DDC-Net convolutional part uses MobileNetV3-
small as the main framework. The original structure is
shown in Table 1. MobileNetV3, as the latest lightweight
classification skeleton nowadays, possesses the advantages
of small number of parameters and small model size. It
makes it more suitable for fast response real-time tasks.
After the accumulation of the first two generations of V1
and V2, V3 inherits the residual structure of deeply sep-
arable convolution and linear bottleneck in V1 and V2,
and introduces the SE channel attention mechanism and
NAS (network architecture search) parameter acquisition
module. In addition, a more efficient HEAD is designed
in MobileNetV3, which contains a convolutional layer, a
global average pooling layer and a fully connected layer,
further reducing the number of parameters and compu-
tation. This enables V3 to perform well in several vision
tasks, especially in environments with limited computa-
tional resources such as mobile and embedded devices.

However, as a classification target network, Mo-
bileNetV3’s output of feature maps in the original struc-
ture differs from the semantic segmentation accuracy task.
Therefore, we appropriately changed the original network
structure of MobileNetV3 based on the image feature in-
formation (shown in Table 2). The convolutional and pool-
ing layers after the last bottleneck layer in the original
MobileNetV3-small structure are discarded to obtain a sim-
plified version with 9 remaining bottleneck layers and 96
output channels.

Obviously, it is intuitive to reduce the depth of the net-
work to increase the receptive field and thus the feature
map. However, this would also mean at the same time that
the spatial details of the image are also substantially lost.
Therefore, we fuse the SE module (Squeeze-and-Excitation
module) with Capsule Networks in the bottleneck layer to
improve the model’s capture of spatial information.

Specifically, the SE module consists of two parts:
Squeeze (global information compression) and Excitation
(channel recalibration). The SE module in the original struc-
ture enhances the expressiveness of the network by adap-
tively recalibrating the weights of each channel. CAP cap-
tures the pose and other relationships of features between
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(a) DDC-Nets Baseline network
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{b) Local feature compression extractor model

Fig. 1. Overall structure of DDC-Net. Contains three components (a) DDC-Net Baseline network, (b) Locally compressed

feature information capture module, and (c) Capsule Networks.

Table 1. Original hierarchy of MobileNetV3-small.

Input Operator expsize | #out | SE | NL | S
2242 x 3 conv2d, 3x3 - 16 - HS | 2
1122 x 16 bneck, 3x3 16 16 v. | RE | 2
562 x 16 bneck, 3x3 72 24 - RE | 2
282 x 24 bneck, 3 x 3 88 24 - RE | 1
282 x 24 bneck, 5 x 5 96 40 v | HS | 2
142 x 40 bneck, 5 x 5 240 40 v | HS |1
142 x 40 bneck, 5 x 5 240 40 v |HS |1
142 x 40 bneck, 5x5 120 48 v | HS |1
142 x 48 bneck, 5 x 5 144 48 v | HS |1
142 x 48 bneck, 5 x 5 288 96 v . | HS | 2

72 X 96 bneck, 5 x 5 576 96 v | HS | 1
72 x 96 bneck, 5 x 5 576 96 v | HS |1
72 X 96 conv2d, 1x1 - 576 v | HS | 1
72 x 576 pool, 7 x 7 - - - - 1
12 x 576 | conv2d 1x1, NBN - 1024 - HS | 1
12 x 1024 | conv2d 1x1, NBN - k - - 1

capsules by organizing neurons into capsules. A dynamic
routing algorithm passes information between capsules,
enhancing the model’s ability to capture complex patterns.

For restructuring, in the Squeeze phase, DDC-Net, as in
the traditional SE module, uses global average pooling to
compress the spatial dimensions of the input feature map
into a single channel vector. While in the Excitation phase,
the DDC-Net uses the capsule layer of the capsule network
instead of the fully connected layer, and CAP generates the

attention weights for each channel.

Through the dynamic routing mechanism, the input fea-
tures are mapped to a high-dimensional space and more
complex channel attention is generated. Dynamic routing
will determine which channels should be enhanced or sup-
pressed. This will make the SE module more adaptable and
able to capture more complex feature relationships.
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Table 2. Hierarchical structure of DDC-Net improved version MobileNetV3-small.

Block Input Operation | SE | NL | #Out | S
BlockO | 224 x 224 x 3 conv2d - HS 16 2
Blockl | 112 x 112 x 16 | bottleneck | v RE 16 2
Block2 56 x 56 x 16 bottleneck - RE 24 2
Block3 28 x 28 x 24 bottleneck - RE 24 1
Block4 28 x 28 x 24 bottleneck | v | HS 40 2
Block5 14 x 14 x 40 bottleneck | v | HS 40 1
Block6 14 x 14 x 40 bottleneck | v | HS 48 1
Block7 14 x 14 x 48 bottleneck | v | HS 48 1
Block8 14 x 14 x 48 bottleneck | v | HS 96 2
Block9 7 X7 %X 96 bottleneck | v | HS 96 1

3.1.1. dynamic routing algorithm

In CAP, the type of capsule can be categorized into sub-
type and parent type, and dynamic routing during forward
propagation dynamically links subcapsules based on the
output of the parent capsule. In this paper, we use a trans-
formation matrix to transform the vectors of the input cap-
sules to form a ballot and group them with similar votes.
These votes eventually become the output vectors of the
parent capsule. ¢;; is the similarity weight (coupling coef-
ficient) between the output vectors, which is calculated as
follows:

_ exp (bij>
Yk exp (bij>

Where b;; is the similarity of the lower capsule to the pre-

C,']'

vious capsule, which is initialized by default to 0 before
each iteration. here we use Softmax to normalize the simi-
larity and finally get the similarity weights. Using Softmax
ensures that all weights c;; are nonnegative and sum to
one. Essentially, Softmax enforces the probabilistic nature
of the coupling coefficients ¢;;. Conceptually, computing
the similarity weights measures how likely a capsule is to
activate the capsule.

For all capsules except the first layer capsule, we need
the transformation matrix to transform the dimension by
multiplying it with the output of the lower layer capsule

and obtain the new output (prediction vector) 7;; by multi-

jli
plying the output u; of the next layer capsule by the weight

matrix Wj;.

Ui = Wiitti

The total input s; for a capsule is a weighted sum of all
similarity weights (coupling coefficients) c;; from the next
layer of capsules with all prediction vectors.

S]' = Zcﬁuﬂi

We also define the capsule’s output vector length to in-
dicate the chance that its entity appears in the current input.
Therefore, we ensure that the direction of the capsule’s out-
put is preserved by a squash nonlinear function, while the
length is restricted to less than one, with the short vector
compressed to almost zero and the long vector to little less
than one.

2
I s

I

L/ A—T—] 2

s el

Intuitively, the prediction vector is a vote from the cap-
sule and influences the output of the capsule. If the activa-
tion vector is highly similar to the prediction vector, thereby
indicating good correlation between the two capsules. The
scalar product of the prediction vector and activation vec-
tor measures similarity. b;; is updated and computed as
follows:

b]‘i — b]‘i + ﬁjli ")

As a result, the inter-capsule similarity score takes into
account both likelihood and feature attributes instead of
neurons focusing only on likelihood. The addition of dy-
namic routing algorithms allows DDC-Net to utilize fewer
parameters and choose the connection paths of the inter-
capsule network more flexibly. In addition, the method of
dynamically capturing the hierarchical relationships of the
features avoids the reduction of the feature map dimen-
sions during the CNN maximum pooling process.

3.2. Local feature compression extractor model

Fig. 2 shows the structure of LFCE, which is composed of
two deep neural network branch architectures: a spatial
feature information capture branch, and a semantic fea-
ture fusion branch. The two branches share the generated
feature maps, allowing us to construct segmentation mod-
els more quickly. The above two branch networks will be
introduced separately in the following.
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Fig. 2. Overall structure of the Localized Compressed Feature (LFCE) capture module. It contains a spatial branch (red), a

semantic feature fusion branch (blue), and symbols representing element multiplication.

3.2.1. Spatial integration branch

When dealing with the task of semantic segmentation of
road images, some approaches tend to pursue deeper levels
of semantic information to fulfill the requirements of high-
performance segmentation tasks. This means adopting
complex network structures to increase the model accep-
tance field. However, as the complexity of the structure
increases, the ability of the model to capture spatial infor-
mation is more and more lost.

To address the above problems, we design DDC-S (spa-
tial detail fusion branch). It is connected to the parent
capsule in the capsule baseline network, and the spatial
information activation probability is calculated based on
the activation carriers and affinities for the purpose of spa-
tial information fusion. Specifically, we use the simplified
version of ResNet-18 as the baseline network of this branch,
and the simplified version of ResNet-18 contains only the
first two layers of the original structure of ResNet-18 as the
network structure shown in Table 3.

Table 3. LFCE shallow convolutional spatial detail
extraction branching hierarchy.

Layer | Inputsize | Operation | Channel | Stride
56 x 56 conv2d 64 2

layer0 —g¢ 56 max pool - 2
56 x 56 conv2d 64 1
56 x 56 conv2d 64 1

layerl 56 x 56 conv2d 64 1
56 x 56 conv2d 64 1

The output of DDC-S is connected to the parent capsule
in DDC-Net as the final output. The number of channels
in the final output of this branch is 64. the outputs of the
spatial and semantic branches are spliced together and the

number of channels is adjusted to 40 by a 1x1 convolutional
layer, keeping the feature map size at 28x28 to match the
size of the feature map input from Block4.

3.2.2. Semantic Fusion Branch

For semantic feature fusion, some approaches [31-33]
achieve the effect of combining different input cascade
features by linking the attribute convolution and projection
convolution of BNs respectively. Inspired by Takikawa et
al. [34] for feature fusion, we design the semantic feature
fusion branch network (DDC-G).

DDC-G first connects the feature mapping of two
branches along the channel when the semantic and spa-
tial shallow information is received. Then, normalization
batch processing is applied to shorten the feature distance
and balance the feature scale. Specifically, for high to low
channel fusion, the high channel feature maps are unsam-
pled by a convolution sequence of size 3 x 3 and step size
2 before pointwise summation to expand the number of
channels to 64 (the output of the feature maps is adjusted
to 28 x 28 using block4 as an example). For low to high,
the low channel feature maps are first compressed by 1 x 1
convolution and then upsampled using bilinear interpo-
lation to reduce the fused structure to the original input
image size. The structure is shown in Fig. 3.

4. Experiments

4.1. Datasets

The method proposed in this paper will be evaluated exper-
imentally on ADE20K, CamVid and Cityscapes datasets.
ADE20K (ADE20K Scene Parsing Challenge) is a large-
scale dataset widely used in image scene parsing (Semantic
Segmentation) research, aiming at advancing semantic seg-
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Fig. 3. Semantic feature fusion branch DDC-G bilateral fusion details.

mentation techniques in the field of computer vision in com-
plex scenes. The ADE20K dataset contains about 20,210 im-
ages with varying resolutions and sizes, which cover a rich
and diverse range of environments, including indoor, out-
door, urban, and rural environments. The ADE20K dataset
contains about 20,210 images of different resolutions and
sizes, which cover a rich variety of scenes, including indoor,
outdoor, urban, and rural environments, etc. The ADE20K
dataset is divided into a training set, a validation set and a
test set. The training set contains about 20,210 images, the
validation set contains about 2,000 images, and the test set
contains about 3,000 images. The test set is not provided
with labeling and is used for performance evaluation of
the model. The images in the dataset are labeled with 150
different object classes and scene classes, including people,
vehicles, animals, furniture, natural landscapes, etc. Each
pixel is labeled with the category it belongs to for pixel-
level semantic segmentation. The multi-category object
and scene labeling makes this task a very great challenge
in the evaluation of semantic segmentation methods.

CamVid (Cambridge-driving Labeled Video Database)
is an image dataset for road scenes, which is widely used in
semantic segmentation research in the field of autonomous
driving. It consists of about 701 high-quality images of
Cambridge city street scenes captured from a car driver’s
perspective, covering elements such as city roads, vehicles,
pedestrians and traffic signs, etc. The CamVid dataset is
divided into a training set (367 frames), a validation set
(101 frames), and a test set (233 frames), and each frame is
accurately labeled on a pixel-level, covering 32 road and

city driving-related categories. related categories of road
and city driving. Despite its small size, the CamVid dataset
plays a key role in image parsing and decision making in
automated driving systems, especially in analyzing and
understanding complex scenarios in urban road environ-
ments.

Cityscapes is a dataset focused on semantic segmenta-
tion and object detection tasks in urban scenes. The dataset
provides high-resolution images covering a wide range
of scenes such as city streets, roads, buildings, etc. The
Cityscapes dataset contains about 5,000 high-resolution im-
ages with an image size of 1024x2048, which are divided
into a training set, a validation set, and a test set. The train-
ing set contains 2,975 images, the validation set contains
500 images, and the test set contains 1,525 images. The test
set is provided without annotation and is used to evaluate
the performance of the model. These images cover street
and traffic scenes in real urban environments with different
weather, time of day, and seasons, adding to the diversity
of the data. The method proposed in this paper will be
based on training the training set with the validation set
and the trained model will be evaluated on the validation
set with common semantic categories of road scenes.

4.2. Training details

The baseline backbone network for the model designed in
this paper is based on MobileNetV3-small that has com-
pleted pre-training on the ImageNet dataset and fine-tuned
it after its training is complete. For a fair comparison we
followed the batch size, training iteration scheduling and
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data augmentation strategy of Zhao et al. [11]. The ini-
tial learning rate was 0.006 , the weights were decayed to
0.0005 , the momentum was set to 0.9, the batch size was
set to 16 , and a "multiple" learning rate with a power of
0.9 was used. In the inference process, the same image
resizing and cropping rules as in the above method were
set, and the input image size was resized from 1024 x 2048
to 512 x 1024 for training, and 1024 x 512 for testing on the
cityscape dataset.

4.3. Experimental environment

Table 4 illustrates the comprehensive configuration details
encompassing both hardware and software deployed dur-
ing the experimental phase.

Table 4. Experiment environment.

Environment Configuration

CPU Intel Core i7 12700k
GPU Nvidia Tesla V100 32GB

Memory DDR4 16GB

Hard Disc WestData SSD 1TB

Operating System Windows11
Python 3.8

torch 112.1

4.4. Analysis of results
4.4.1. Cityscapes

As shown in Table 5, we first evaluate several represen-
tative real-time high-performance semantic segmentation
methods on the Cityscapes validation dataset, from which
we can see that the method in this paper achieves a good
balance between detection speed and accuracy, DDC-Net
achieves 79.4%mloU on the validation set with 65 fps , and
with similar inference speeds, it is better than SFNet (DF2)
and BiSeNet2 by 3.8%mloU and 6.6%mloU, respectively. In
addition, while maintaining high accuracy, DDC-Net runs
40% faster SwiftNetRN-18 on the Cityscapes validation set
and 3 times faster than SFNet (ResNet-18). Facing some
accuracyoriented methods (PSPNet, DDRNet-39) although
the difference in accuracy is about 1% — 1.5% mloU, DDC-
Net improves 3-6 times in inference speed in comparison.
It is worth noting that although it slightly lags behind some
methods (For example, BiSeNet1, DFANet, Fast-SCNN) in
terms of inference speed and model size, all of them have a
5%-10% mIoU improvement in terms of model accuracy.
In addition, for the computational complexity (FLOPs),
the information that capsule networks in DDC-Net focus
on is more oriented to the spatial information of the image,
and even though the computational complexity slightly
lags behind that of some methods (For example, ICNet,

DFANet), it meets the lightweight criterion, and there is a

significant increase in the accuracy.

To enhance the credibility of our findings, we have
conducted a comprehensive qualitative analysis using the
CamVid dataset. This is depicted in Fig. 4, where we
present a balanced representation of both successful out-
comes and instances of prediction errors. The results under-
score the proficiency of DDC-Net in navigating complex
urban road scenarios, characterized by varying lighting
conditions, shadows, and traffic density. However, it is
noteworthy that DDC-Net exhibits certain limitations, par-
ticularly in the precision of edge segmentation between
closely resembling objects, as exemplified in the third pre-
diction result of Fig. 4. This shortfall is likely attributed
to the network’s occasional challenges in real-time task
execution. A similar trend is observed in other methods
prioritizing accuracy, such as PSPNet, indicating a com-
mon hurdle in this field of study. It is worth noting that
when dealing with intersecting streetscapes, spatial splic-
ing misalignment occurs occasionally due to the structural
properties of the capsule network (a failure case is given
in Fig. 4). The adjustment for capsule network weights is
worth further optimization and adjustment in the future.

4.4.2. ADE20K

To validate the effectiveness of our method in this paper,
we also evaluated our method on the ADE20K dataset. This
dataset contains about 20,210 images with inconsistent res-
olution and the validation set contains about 2,000 images.
To ensure the fairness of the experimental results, we ran-
domly select 500 images from the validation set for the
experiment. For example, the validation results are shown
in Table 6, from which we can see that the method in this
paper achieves 74.5% mloU on the validation set at 63.9
fps. which is comparable to SFNet in terms of accuracy.
Although DDC-Net is slightly lower than PSPNet in terms
of accuracy, it achieves better inference speed. In terms
of inference speed, DDC-Net has a 78.4% performance im-
provement over ICNet, and although there is a speed gap
with BiSeNet1, it meets the requirements of real-time tasks
and has a 9.4% improvement in accuracy.

4.5. Ablation Experiment

In the previous sections, we have designed a series of meth-
ods aimed at improving model efficiency and inference
speed, and in this section, we will conduct experiments
based on the components (DDC-Net, LFCE) of our pro-
posed methods and present their effectiveness separately.
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Table 5. Comparison of the proposed method with other state-of-the-art methods on Cityscapes validation dataset. Our

results are in boldface.

Method Resolution | FLOPs (G) | Params (M) | Time (ms) | Speed (fps) | mIoU (%)
SENet (DF1) [35] 2048 x 1024 - 9.03 59 90.3 72.1
SENet (DF2) [35] 2048 x 1024 - 10.53 95 65.2 75.6

SFNet (ResNet-18) [35] | 2048 x 1024 2 12.87 123 20.0 78.3
ICNet [11] 2048 x 1024 28.3 26.5 41 31.2 70.1
Fast-SCNN [36] 2048 x 1024 - 1.1 20 133.6 67.5
ERFNet [37] 1024 x 512 27.7 20 26 48.6 69.6
FRRN [38] 1024 x 512 235 - 420 52 76.3
CRF-RNN [39] 1024 x 512 - - 813 29 63.1
PSPNet[40] 713 x 713 412.2 250.8 1069 11.0 80.9
BiSeNet1 [12] 1536 x 768 14.8 5.8 14 96.5 69.8
BiSeNet2 [12] 1536 x 768 55.3 49 19 56.2 72.8
SwiftNetRN-18 [41] 2048 x 1024 104.0 247 97 46.2 73.1
DFANet [42] 1024 x 1024 34 7.8 11 104.3 68.4
DDRNet-39 [43] 2048 x 1024 281.2 32.3 148 23.1 81.3
Ours 1024 x 512 12.8 8.67 16 64.8 79.4

non

indicates that the method does not provide the corresponding result.

Table 6. Comparison of the proposed method with others on the ADE20K validation dataset. Our results are in bold.

Method Time (ms) | Speed (fps) | mlIoU (%)
SFNet (DF1) [35] 68 - 70.5
SFNet (ResNet-18) [35] - 18.9 76.4
ICNet [11] 56 35.8 67.9
Fast-SCNN [36] 21 - 64.3
PSPNet [40] - 13.7 76.8
BiSeNet1 [12] 16 90.6 65.7
SwiftNetRN-18 - - 68.9
DFANet 17 84.3 62.1
Ours 21 63.9 74.5

"o

4.5.1. Capsule Baseline Network

We selected the network consisting of capsule-based net-
work with MobileNetV3 as the baseline network for the
model designed in this paper. To evaluate the effec-
tiveness of this baseline network, two other models are
also included in this section, including MobileNetV1, Mo-
bileNetV2. In addition, for the fairness of the experiments,
MobileNetV3 and MobileNetV2* are added to the experi-
ments for comparison. All the baseline networks are pre-
trained on ImageNet dataset, after downsampling all the
input images to a uniform size (1024 x512 ), the feature size
is unified using bilinear interpolation with the help of the U-
Net structure and evaluated to assess the above-mentioned
baseline networks on cityscape validation dataset.

In Table 7, a comparative analysis of MobileNetV1, Mo-
bileNetV2, and MobileNetV3, both in their original configu-
rations and when integrated with U-Net, is presented. This
analysis reveals a marked enhancement in both accuracy
and inference speed with MobileNetV3. Embodying the
key attributes of its predecessors, MobileNetV1 and V2,

indicates that the method does not provide the corresponding result.

Table 7. Comparison between speed and accuracy of

different baseline network fusion strategies on cityscape

validation dataset.

Baseline Network | mIoU (%) | Speed (fps)
U-Net+MobileNetV1 54.3 22.7
U-Net+MobileNetV2 61.7 60.9
U-Net+MobileNetV3 68.4 62.5

MobileNetV2* 69.1 68.9
Ours 71.2 72.6

* Represents partial replacement of convolutional layers in
the original structure with capsule network layers.

MobileNetV3 innovatively incorporates multi-scale feature
extraction and a channel attention mechanism, leading to a
more optimized structural design and model size. Conse-
quently, MobileNetV3 is selected as the foundational net-
work for DDC-Net, given its superior performance metrics
and architectural advancements. Fig. 5 provides a detailed
comparative analysis of qualitative segmentation perfor-
mance on the CamVid dataset, employing U-Net combined
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(a) Image

(b) Ground Truth

(c) Prediction

Fig. 4. Visualization results on the CamVid dataset, from left to right, the input image, the real image, and our predicted
results. The last two lines show some of the failures.

with MobileNetV2 and an enhanced MobileNetV3 featur-
ing capsule networks.

Compared to MobileNetV3, which uses U-Net with the
original structure, DDC-Net improves the accuracy by 2.8%
mloU and the inference speed by about 16% compared to
the original structure. Compared to MobileNetV2, which
uses U-Net with the original structure, the improved ver-
sion MobileNetV2 improves 7.4% mloU in accuracy and
13% in inference speed compared to the original structure.

From the above experiments, the capsule network-based
baseline network in this paper not only has an improve-
ment in model accuracy, but also has a significant break-

through in inference speed.

4.5.2. Local feature compression extractor model

This section focuses on verifying the effectiveness of the
Localized Compressive Feature Extraction (LFCE) mod-
ule. Since LFCE adopts a deep two-branch structure. In
order to ensure the fairness of the experiment, this part of
the experiment will be combined with the above DDC-Net
for the structural and functional experiments. The struc-
tural experiment includes the comparison of single-branch
structure and the comparison of deep two-branch structure.
The functional experiment includes the comparison of the
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(a) Image (b) Ground Truth

(d) U-Net+MobileNetv2 (e) MobileNetv3*

Fig. 5. Results of qualitative segmentation of U-Net+MobileNetV1, U-Net+MobileNetV2 with MobileNetV3* (using capsule
networks) on the CamVid dataset.

(a) Image

(c) DDC-Net+SSN+CSN

(dl) DDC-Net+LFCE

Fig. 6. An Illustrative Comparison of Qualitative Segmentation Performance.

functionality of each branch network. The results of the
functional experiments are shown in the following table.

Table 8. Comparison of the rate and accuracy of LFCE’s
branch-by-branch network and single-branch structural
spatial detail extraction network (SSN) with single-branch
structural semantic feature fusion structure (CSN) on
cityscape validation dataset.

Method mloU (%) | Speed (fps)
DDC-Net+SSN 72.8 51.2
DDC-Net+CSN 71.6 67.3

DDC-Net+DDC-S 74.6 67.9
DDC-Net+DDC-G 73.9 69.1

From Table 8, we can see that DDC-S improves 1.8%

mloU in accuracy and 32% in inference speed compared
to SSN. Compared to the original structure, the inference
speed only decreases by about 6% compared to the origi-
nal baseline network without added branching structure,
but the accuracy is improved by 3.4% mlIoU. DDC-G im-
proves 2.3% mloU in accuracy and 2.6% in inference speed
compared to CSN. Compared to the original structure, the
accuracy is improved by 2.7% mloU with only 4.8% loss
of inference speed. From the above results, it can be seen
that DDC-S and DDC-G have achieved improvement in
accuracy along with improvement in inference speed com-
pared to SSN and CSN. The functional effectiveness of each
branch network of LFCE is verified.

Fig. 6 displays the qualitative segmentation results for
multiple structures in the CamVid validation set, highlight-
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Table 9. Comparison of the rate and accuracy of the single

branch stacked structure with the LFCE deep two-branch

structure versus the normal deep convolutional network

two-branch structure on the cityscape validation dataset.

LUCE denotes the integration of SSN+CSN using the deep
two-branch structure.

Method mloU (%) | Speed (fps)
DDC-Net+SSN+CSN 747 35.4
DDC-Net+LUCE 73.2 40.8
DDC-Net+LFCE 794 64.8

ing the distinct advantage of DDC-Net+LFCE in detail
processing. Table 9 displays structural experiment findings,
as can be seen from the data, LUCE improves about 15%
in inference speed compared with SSN + CSN. However,
due to the local compression of the two-branch structure,
which changes part of the structure of SSN and CSN, some
of the convolutional layers are not able to output properly,
and there is a decrease of 1.5% mloU in accuracy. However,
LFCE with SSN+CSN has an improvement in inference
speed of about 85% along with an improvement in accuracy
of 4.7%mloU. Compared with LUCE, the accuracy is im-
proved by 6.2%mloU and the inference speed is improved
by about 58%. Fig. 6 displays the qualitative segmentation
results for multiple structures in the CamVid validation set,
highlighting the distinct advantage of DDC-Net+LFCE in
detail processing. The effectiveness of the shallow convolu-
tional two-branch structure of LFCE is verified.

5. Conclusions

This work introduces a new semantic segmentation method
for road images that balances inference speed and efficiency.
The designed model consists of two parts: capsule baseline
network DDC-Net, and locally compressed feature capture
module LFCE. DDC-Net improves the model’s ability to
maintain spatial details by adjusting the network structure
and replacing a part of the convolutional pooling layer
with a capsule network layer. In addition, in LFCE, the
spatial information fusion branch DDC-S and the semantic
fusion branch DDC-G are designed by utilizing the deep
two-branch structure for the effective fusion of deep and
shallow information. High accuracy is maintained while
sustaining the real-time reasoning task. The method pre-
sented in this paper has been proven to be effective through
our experiments on ADE20K and Cityscapes datasets, both
qualitatively and quantitatively.

Xianlei Ge et al.
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