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Abstract

In autonomous-driving real-time semantic segmentation, simultaneously maximizing
accuracy, minimizing model size, and sustaining high inference speed remains challenging.
This tripartite demand poses significant constraints on the design of lightweight neural
networks, as conventional frameworks often suffer from a trade-off between computational
efficiency and feature representation capability, thereby limiting their practical deployment
in resource-constrained autonomous driving systems. We introduce ISANet, an information
supplementary aggregation framework that markedly elevates segmentation accuracy
without sacrificing frame rate. ISANet integrates three key components: (i) the Spatial-
Supplementary Lightweight Bottleneck Unit (SLBU) that splits channels and employs
compensatory branches to extract highly expressive features with minimal parameters;
(ii) the Missing Spatial Information Recovery Branch (MSIRB) that recovers spatial details
lost during feature extraction; and (iii) the Object Boundary Feature Attention Module
(OBFAM) that fuses multi-stage features and strengthens inter-layer information interaction.
Evaluated on Cityscapes and CamVid, ISANet attains 76.7% and 73.8% mloU, respectively,
while delivering 58 FPS and 90 FPS with only 1.37 million parameters.

Keywords: real-time semantic segmentation; information compensation aggregation; lost
spatial information; attention mechanism

1. Introduction

Semantic segmentation stands as a challenging research direction in the field of au-
tonomous driving. With the growing demand for higher segmentation accuracy in au-
tonomous driving systems, semantic segmentation models have become increasingly
complex—this complexity is reflected in larger model sizes and longer running times. Thus,
ensuring both high segmentation accuracy and fast inference speed has become a key
challenge that must be addressed.

To enhance segmentation accuracy and inference speed, a large number of segmenta-
tion networks have been proposed in recent studies. For instance, PSPNet [1] and ICNet [2]
introduced composite pyramid structures, which are designed to expand receptive fields
and extract feature information across different scales. However, the complexity of these
pyramid structures increases computational pressure, thereby exerting a negative impact
on segmentation efficiency. BiSeNet [3] put forward a dual-branch segmentation network,
enabling the separate acquisition of spatial features and semantic features. RESNet [4]
developed a residual structure: by mapping input features to a low-dimensional space
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before performing convolutional operations, this structure reduces computational load and
mitigates overfitting. Additionally, some models have adopted a dual-branch structure
to compress input images and boost inference speed, but this image compression leads
to the loss of feature information, ultimately lowering segmentation accuracy. Although
BiSeNet V2 [5] optimized its fusion module to achieve better segmentation results, it also
increased the number of parameters and computational burden, which in turn affects
operational efficiency.

Since the advent of BiSeNet V2, an increasing number of models have focused on two
core goals: preserving the integrity of spatial information and maintaining the richness of
diverse features [6-9]. ERPNet [10], for example, proposed a feature branch that retains
high-resolution information to acquire spatial features, but this method overly depended
on abundant spatial feature information, making it unsuitable for processing low-resolution
images. DB-Net [11] integrated feature fusion modules into their U-shaped structures to
enhance the integrity of spatial features in the encoder; however, as the network depth
increased, spatial details continued to be lost, which impaired segmentation accuracy. Ro-
boSeg [12] utilized spatial detail reconstruction to supplement missing spatial information
in the feature extraction branch, but this approach increased computational burden and
slowed down inference speed.

To tackle these existing issues—while improving segmentation accuracy and enhanc-
ing efficiency—this paper proposes a novel ISANet based on lost feature compensation.
ISANet is designed with a new multi-aggregation architecture, which includes a Spatial
Feature Acquisition Branch (SFAB) and a Missing Spatial Information Recovery Branch
(MSIRB). Specifically, the SFAB adopts the Spatial Detail Acquisition Module (SDAM) to
improve the richness of spatial features; at the same time, the MSIRB extracts lost spatial
details from the feature extraction module, thereby enhancing the integrity of spatial details.
These two branches ensure the integrity of spatial features with only a small number of
additional parameters, effectively improving segmentation accuracy.

In order to reduce computational burden and boost segmentation efficiency, ISANet
does not use a pre-trained model; instead, it designs a Spatial-Supplementary Lightweight
Bottleneck Unit (SLBU) to construct the network backbone. The SLBU employs depth-
wise separable dilated convolution to expand receptive fields and obtains complete spa-
tial features through compensation branches—this design helps improve the model’s
feature extraction capability. Furthermore, the Object Boundary Feature Attention Mod-
ule (OBFAM) is applied in ISANet to fuse branch information, which further improves
segmentation accuracy.

The main contributions are summarized as follows:

1.  An SLBU is developed for the extraction of feature information. The SLBU has a
small number of parameters, yet it can acquire rich semantic features. Moreover, by
leveraging compensation branches to supplement the lost spatial details, the SLBU is
able to enhance the integrity of spatial features.

2. An OBFAM is put forward for the effective fusion of feature information and com-
pensation information. The OBFAM boosts segmentation performance by integrating
spatial attention branches and channel attention branches, which in turn strengthens
the correlation between features.

3. Alightweight real-time semantic segmentation network named ISANet is proposed.
This network generates only a small number of parameters but still achieves excellent
segmentation accuracy and fast segmentation speed.

To facilitate readers’ understanding of this paper, the structure of the article is orga-
nized as follows: Section 2, “Related Work”, systematically reviews the research status
and limitations in four key directions, including semantic information utilization, spatial
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information recovery, attention mechanisms, and real-time semantic segmentation archi-
tectures. Section 3, “Proposed Method”, elaborates on the overall architecture of ISANet,
covering the design principles of the SLBU and OBFAM, as well as the working mech-
anisms of the SFAB and MSIRB. Section 4, “Experiments”, introduces the experimental
datasets and parameter settings, verifies the effectiveness of each module through ablation
experiments, and compares the performance of ISANet with that of existing mainstream
models. Section 5, “Conclusion and Future Work”, summarizes the core contributions of
ISANet, analyzes the model’s limitations, and proposes future research directions.

2. Related Work
2.1. Semantic Information

Integrating high-quality semantic information—which consists of a large number of
image features [13-16]—can help improve segmentation precision. To enhance the perfor-
mance of pixel classification, researchers have proposed several models; these models typi-
cally achieve this goal by either integrating semantic information from other network stages
or preserving more context information from global features. For example, JPANet [17]
introduced a connected feature pyramid module to optimize feature utilization; SGCP-
Net [18] designed a multi-layer feature fusion module, which enables the capture of more
context information. RELAXNet [19] promoted the interaction between local information
and contextual information, thereby improving both information utilization efficiency and
overall segmentation efficiency. In contrast, MFFN [20] developed a lightweight residual
module, which performs weighted fusion on feature information from different channels to
enhance the richness of features. The experimental results of these models have collectively
demonstrated that two strategies can lead to better segmentation outcomes: one obtains
comprehensive global context information, and the other expands the receptive field.

2.2. Spatial Information

As the number of convolutional layers increases and as downsampling modules are
continuously employed, spatial information is inevitably lost—and this lost information is
difficult to recover. Consequently, enhancing the integrity of spatial features and acquiring
complete spatial details have become critical to improving segmentation accuracy. To
address this challenge, various models have developed specialized solutions. Specifically,
LEDNet [21] and EFRNet [22] integrate features from different network stages, which helps
improve the richness of spatial features. DSANet [23] proposes a spatial encoding module,
enabling the acquisition of relatively complete spatial details. SFANet [24] designs a stage-
aware Feature Enhancement Block, which functions to strengthen the correlation of spatial
features across different stages. DFFNet [25] integrates multi-level features to jointly learn
spatial and semantic information with low computational overhead. SEDNet [26] employs
a feature fusion module to combine features from different stages and utilizes channel
attention based on Atrous Convolution to expand the receptive field. This design avoids
dimensionality reduction during the learning process and enhances the integrity of spatial
features. MSDSeg [27] introduces a cross-layer Attention Fusion Module, which effectively
fuses multi-layer feature information and narrows the discrepancy between high-level
and low-level features. Additionally, it leverages a Feature Enhancement Head based on
global average-pooling and global max-pooling to improve the detection performance
of objects and their boundaries. These approaches optimize spatial information from
a single dimension (e.g., fusion, encoding, attention), failing to establish a closed-loop
framework for lost information detection, targeted recovery, and efficient fusion. This
results in significant trade-offs among spatial detail integrity, computational efficiency, and
scene adaptability.
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2.3. Attention Mechanism

In recent years, the widespread application of attention mechanisms in the field of deep
learning originated from the transformer architecture proposed by Vaswani et al. [28,29].
In their work “Attention is All You Need”, they proposed a pure attention architecture
that abandons the sequential dependence of traditional recurrent neural networks (RNNs).
By capturing global feature dependencies and enabling parallel computation through
self-attention mechanisms, this architecture not only laid the foundation for the develop-
ment of attention models but also promoted their gradual penetration from the field of
natural language processing (NLP) to multiple domains such as computer vision (CV) and
finance. Currently, attention mechanisms have been implemented and demonstrated value
in various fields: In the NLP field, Longformer [30] addresses long-text processing issues
using sliding window attention, while Reformer [31] reduces computational complexity
via locality-sensitive hashing (LSH). In the CV field (especially in the direction of seman-
tic segmentation), ECANet [32] and BiAttnNet [33] filter semantic details through detail
branches; WFDCNet [34] and AaSeg [35] enhance feature dependencies by fusing channel
and spatial attention; LETNet [36], Seaformer [37], and DARGS [38] optimize accuracy and
speed through structural fusion or unit innovation; additionally, Performer [39] improves
model efficiency by means of random projection. In the finance field, Helformer com-
bines attention mechanisms with transformers for cryptocurrency prediction, achieving
an 8-12% higher accuracy than traditional models [40]. Overall, the core advantage of
attention mechanisms lies in accurately capturing critical feature dependencies: they not
only optimize feature mapping and strengthen inter-level correlations but also reduce noise
interference during fusion—this is particularly prominent in semantic segmentation, where
they can directly improve accuracy. Cross-domain practices have all confirmed their role in
optimizing model performance.

2.4. Real-Time Semantic Segmentation Structure

Current real-time semantic segmentation models still face the challenge of improving
the model’s segmentation accuracy while ensuring model inference efficiency and reducing
the number of model parameters. Early studies [1,2,4] adopted the dilated architecture
(Figure 1a), which acquires rich semantic features through dilated convolution. How-
ever, due to the frequent use of downsampling, it fails to extract complete spatial details,
thereby affecting segmentation accuracy. The multi-pathway architecture (Figure 1b) is
designed with dedicated extraction paths for different features to ensure the richness of
feature information [3,5,41,42]. Nevertheless, the lack of information interaction between
branches leads to an increase in parameters and a reduction in segmentation efficiency.
The encoder—decoder architecture (Figure 1c) was applied in studies [14,23,43]; it extracts
feature information through encoding and restores image resolution through decoding.
However, spatial features may be lost during the resolution restoration process, which
impairs accuracy. The attention architecture (Figure 1d) aggregates features in a selective
manner: the feature at each position is a weighted sum of features from all positions, and
this aggregation can be implemented across either the channel or spatial dimension [26,27].
However, the attention architecture struggles to recover the spatial information lost dur-
ing feature extraction operations, ultimately affecting the model’s segmentation accuracy.
Through the “compensation-recovery—fusion” tripartite design, ISANet achieves accurate
extraction of lost features, thereby improving the model’s segmentation accuracy without
additional increases in the number of parameters and computational burden.
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Figure 1. Real-time semantic segmentation model structure comparison. (a) Dilation architecture.

(b) Multi-pathway architecture. (c) Encoder-decoder architecture. (d) Attention architecture.

3. Proposed Method

In this section, the proposed ISANet will be introduced as follows: (1) SLBU;
(2) OBFAM,; (3) the overall structure of the ISANet. The detailed structure of the proposed

ISANet is shown in Figure 2.
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Figure 2. The complete architecture of our proposed ISANet. The blue dashed line indicates the
SFAB, and the green-dashed line indicates the MSIRB.

3.1. Spatial-Supplementary Lightweight Bottleneck Unit (SLBU)

The traditional residual bottleneck unit mainly aims to efficiently extract contextual
and spatial information from feature maps, as shown in Figure 3a—c. Yet, these methods
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often neglect the loss of spatial details during feature extraction, leading to less-than-
ideal segmentation results. To address this, we propose the SLBU: it is designed with
a lost information compensation branch, which can effectively supplement lost spatial
information while extracting feature information at each stage.
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Figure 3. Comparison with other network bottleneck residual modules. “N” is the number of output
channels, “D” indicates depth-wise separable convolution, and “DD” denotes depth-wise dilated
separable convolution. (a) EABR Module of RELAXNet [19]. (b) SS-nbt Module of LEDNet [21].
(c) FDSS-bt Module of DFENet [25]. (d) The proposed SLBU. The green dotted line in (d) represents
the reuse of the spatial details lost in feature extraction.

As shown in Figure 3d, the SLBU integrates a green-dashed “lost-information compen-
sation” route. Incoming channels are first split into two parallel processing streams; this
design not only reduces FLOPs but also promotes the generation of complementary encod-
ings. The first stream employs depth-wise separable convolutions to capture neighboring
fine-grained cues, while the second stream leverages deeply stacked dilated convolutions
to model long-range contextual information. Within each stream, traditional n x n depth-
wise kernels are substituted with consecutive n x 1 and 1 x n depth-wise operators. This
modification expands the receptive span while reducing the per-pixel computational work-
load [44-47]. To alleviate the gridding artifacts typically caused by dilated convolutions [48],
the SLBU adopts a steadily increasing dilation schedule (from small to large), which helps
smooth the sampling lattice [49]. A subsequent channel shuffle operation re-establishes
inter-group connectivity and further enhances the model’s representational capacity.

To visually demonstrate the proposed SLBU, the detailed steps are shown in
Algorithm 1.

Algorithm 1: SLBU

Input: input image x;,

Output: feature map your

t Xin < Caxa(xin)

S Ylefts Yright < fsprit(Xin)

¢ Yiesr1 < Cixza <C3><1,d (yle ft))

—_

2

3

4 Yrignt 1 ¢ Cixa.da | Cax,da | Yright

5: Yieft_re — Yieft = Yleft 1

6: Yright _re A Yright — Yright 1

70 Yieft 2 < Cin (yleftje) + Caxad <yleft_1>
8 Yright 2 < Cix1 (yrightje) + Cax3,dd | Yright 1
9

: Your < C1x1 (fChunnel Shuffle( Yieft 2, Yright 2 ) + Xin
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Here, C;,,x, 4 denotes a depth-wise convolution with an m x n kernel, followed by
BatchNorm and PReLU operations. C,,», 47 denotes a depth-wise separable convolution
with an m x n kernel, followed by BatchNorm and PReLU operations. fs,;(-) represents
the channel split operation, [| denotes the feature fusion operation, and fcpannel shuffle(*)
denotes the channel shuffle.

3.2. Object Boundary Feature Attention Module (OBFAM)

Most semantic segmentation models utilize skip connections for fusing feature in-
formation across different stages. Nevertheless, the characteristic information of distinct
locations exhibits unique attribute features: high-level features contain abundant contex-
tual information, yet their spatial information remains incomplete due to downsampling
processes; in contrast, low-level features retain relatively complete spatial information, but
their contextual information is insufficient. Thus, fusing low-level and high-level features
via skip connections may not yield optimal fusion performance.

To resolve this issue, numerous segmentation networks have incorporated attention
mechanisms to selectively highlight salient features and fuse them at various stages of
feature maps [50-53]. Correspondingly, we propose the OBFAM to efficiently fuse sup-
plementary spatial features by extracting branches for model features. As illustrated in
Figure 4, OBFAM comprises spatial and channel attention branches. For the channel atten-
tion branch, global average-pooling (GAP) and 1 x 1 standard convolution are employed to
capture channel feature information. This design better fits the nonlinearity degree between
channels, enhances inter-channel correlation, and reduces computational overhead. For the
spatial attention branch, average-pooled and max-pooled features are acquired through
parallel average-pooling and max-pooling operations, respectively, endowing the branch
with superior spatial representation capability.

Concatenate

@ Point-Wise Add X Point-Wise Multiply

Figure 4. The structure of OBFAM.

Though both OBFAM and CBAM [52] incorporate spatial and channel attention mech-
anisms into their designs, the two models differ entirely from each other. In terms of the
channel attention mechanism, CBAM compresses the spatial dimension of the input feature
map—this compression results in the loss of feature information, which in turn impairs
the final segmentation performance. On the contrary, the OBFAM makes use of 1 x 1
convolution, a method that maximizes the preservation of feature information.
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When it comes to the spatial attention mechanism, CBAM first concatenates the
feature maps generated by two pooling operations, then applies a convolution operation to
construct a spatial attention map. This sequence of operations has a negative impact on the
model’s inference speed. By contrast, OBFAM adopts a simple addition operation, which
effectively balances the relationship between segmentation accuracy and inference speed.
The specific implementation steps of EFAM are detailed in Algorithm 2.

Algorithm 2: OBFAM

Input: input image x;,

Output: feature map yout

1o Yenanner < fSigmoid(Clxl(fGAP(xiH))) X Xin

2: yspecial — fSigmoid(Cl x1 ( [,faz;e (xin )rfmax (xin )} )) X Xin
3: Yout — Yehannel + yspecial

Here, f;ap denotes the global average-pooling operation, Cy represents a standard
convolution with a1 x 1 kernel, fSigmoid indicates the Sigmoid operation, fye.n represents
the mean of a tensor with dimension 1, [| denotes the feature fusion operation, and fiux
denotes the maximum value of a tensor with dimension 1.

3.3. Information Supplementary Aggregation Network (ISANet)

The whole network can be split into three branches: the SFAB, the MSIRB, and the
main branch of feature extraction. The feature extraction branch includes the Initial Block,
the OBFAM, downsampling module, and the MFCM composed of different SLBU. Different
dilation rates ranging from minor to large are applied to avoid grid artifacts for better
results [48,49], with a series of prime numbers {3,3,7,7,13,13} designed as MFCM dilated
rates. The overall network is presented in Figure 2, and the detailed operation configuration
is shown in Table 1.

Table 1. Detailed architectural configuration of ISANet.

Layer Operator Mode Output Size
1 3 x 3 Conv Stride 2 32 x 256 x 512
2 3 x 3 Conv Stride 1 32 x 256 x 512
3 3 x 3 Conv Stride 1 32 x 256 x 512
Concatenate - 35 x 256 x 512
4 Downsample Block - 64 x 128 x 256
5-6 2 x SLBU Dilated 2 64 x 128 x 256
7-8 2 x SLBU Dilated 2 64 x 128 x 256
Concatenate - 67 x 128 x 256
9 Downsample Block - 128 x 64 x 128
10-11 2 x SLBU Dilated 3 128 x 64 x 128
12-13 2 x SLBU Dilated 7 128 x 64 x 128
14-15 2 x SLBU Dilated 13 128 x 64 x 128
Concatenate - 131 x 64 x 128
16 1 x 1 Conv Stride 1 128 x 64 x 128
17-19 3 x SLBU Dilated 2 128 x 64 x 128
20 1 x 1 Conv Stride 1 131 x 64 x 128
21 OBFAM - 131 x 64 x 128
22 1 x 1 Conv Stride 1 131 x 64 x 128
23 UpSample Block - 131 x 128 x 256
24 OBFAM - 131 x 128 x 256
25 1 x 1 Conv Stride 1 131 x 128 x 256
26 UpSample Block - 131 x 256 x 512
27 3 x 3 Conv Stride 2 C x 256 x 512
28 UpSample Block - C x 512 x 1024

Downsampling Block: The downsampling block employs the initial block structure
of Enet [54], and this design works by enlarging the receptive field, enabling more ef-
fective collection of context information. That said, excessive downsampling may result
in feature maps with low resolution and incomplete spatial information, which in turn
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exerts a negative impact on segmentation accuracy. In order to balance inference speed and
segmentation accuracy, ISANet is configured with only two downsampling blocks; in the
end, the size of the sampled image is reduced to 1/8 of the input image.

Spatial Feature Acquisition Branch (SFAB): To make up for the spatial features lost in
the process of feature extraction, the SFAB captures feature maps with different resolutions
from the input images. Feature extraction for this branch is accomplished through the
SDAM, of which specific position is shown by the blue dashed line in Figure 2. Designed
as a shallow structure, the SDAM processes feature mapping by utilizing two parallel
connections for avg-pooling and max-pooling. After that, a 3 x 3 convolution is used to
capture the feature information produced by the feature mapping. Among these operations,
max-pooling serves to retain texture information, while avg-pooling is responsible for
maintaining scene information—together, they achieve the transfer of feature information
across different stages.

Missing Spatial Information Recovery Branch (MSIRB): Through skip connections,
the MSIRB restores the lost spatial edge features to the main branch feature map with
the corresponding resolution. Meanwhile, it extracts the differential feature maps before
and after each MFCM by means of upsampling and 1 x 1 convolution. These differential
feature maps contain a large number of spatial edge features that were lost during feature
extraction operations. As a consequence, the spatial information of the target feature map
can be preserved, and segmentation accuracy is thereby enhanced. This design not only
effectively strengthens the correlation of spatial features inside the segmentation network
but also increases the richness of edge information and improves segmentation efficiency.

4. Experiments

In this section, datasets and experimental designs are described. The ablation experi-
ments of ISANet main modules are conducted on the urban Cityscapes datasets. Finally,
the proposed model is compared with other excellent methods on Cityscapes and CamVid
datasets, proving the excellence of the proposed model.

4.1. Experimental Settings
4.1.1. Cityscapes

The urban scene dataset Cityscapes [55] contains images with a resolution of
1024 x 2048, covering 19 semantic categories in total. The dataset is split into three subsets:
the training set comprising 2975 images, the validation set comprising 500 images, and the
testing set comprising 1525 images. In our experiments, only the images with detailed and
accurate labels were utilized for the testing process.

4.1.2. CamVid

CamVid [56] serves as an additional dataset tailored for urban scene tasks in
autonomous-driving applications. This dataset features images with a resolution of
360 x 480, covering 11 distinct semantic categories in total. The 367 images included
in CamVid are split into three subsets: the training set, the verification set, and the test
set. Specifically, the verification set contains 101 images, while the test set comprises
233 images.

4.1.3. Settings

All experiments are carried out on the Python 3.10 platform, with a Titan XP GPU,
PyTorch 1.8, CUDA 11.7, and cuDNN V8.4 serving as supporting hardware and software.
The evaluation tests for inference speed are performed on a single Titan XP GPU; in these
tests, we calculate the average value based on 100 frames, with the measurement unit
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being FPS. For the data enhancement process, during the model training phase, we employ
three strategies for the input images: random horizontal flipping, average subtraction,
and random scaling. The specific values included in the random scaling operation are
{0.75,1.0,1.25,1.5,1.75,2.0}.

For the Cityscapes, the small-batch stochastic gradient descent (SGD) algorithm [57] is
used for model training. Specifically, the batch size is configured as 8, the momentum is set
to 0.9, and the weight decay is set to 10~%. In terms of the learning rate strategy, the ‘poly’
strategy is employed; the initial learning rate is set to 4.5 x 1072, and the corresponding
power parameter is 0.9. The calculation formula for the learning rate can be expressed

as follows: ‘
iter

Ir =Irjgiyy x (1 = ————
init X ( max_iter

) power (1)

Additionally, online hard sample mining losses (OHEM) are used as the loss function
for model training. Given that the network does not utilize a pre-training scheme, we set
the number of training epochs to 1000, which helps in achieving the optimal training effect.

For the CamVid dataset, the Adam optimizer is employed to optimize the training
process. The specific parameters of this optimizer are configured as follows: momentum
is set to 0.9, the associated weight decay is 104, and the batch size is 8. Meanwhile, the
initial learning rate is set to 1074, and all models are trained for a total of 1000 epochs.
With reference to the approach in ENet, a class weighting scheme is applied to the CamVid
dataset to address the issue of class imbalance. This class weighting scheme is defined

as follows: ,

ln(c + Pclass)

where c is an additional super parameter set to 1.10.

(2)

Welgss =

4.2. Ablation Studies

This section focuses on validating the performance of each module within the entire
network, and this validation is carried out through adequate ablation experiments. To
analyze the experimental effects, we use the Cityscapes datasets as the experimental
basis. Specifically, the ablation experiments themselves are conducted on the Cityscapes
training dataset, while the Cityscapes validation dataset is utilized to evaluate the effects of
these experiments.

4.2.1. Ablation Study for MFCM

In the ISANet model, the MFCM incorporates SLBU in varying quantities. To explore
how the backbone depth and dilated rate influence segmentation efficiency, we designed a
series of MFCM modules—each equipped with a different number of SLBU—to conduct
comparative experiments. For these experiments, we conducted comparisons using three
key metrics: mloU, FPS, and Params. Here, M and N denote the different numbers of
SLBU used in the two MFCM modules, and the specific experimental results are presented
in Table 2.

As displayed in Table 2, both the number of MFCM modules and the configured dilated
rate exert a notable influence on segmentation accuracy. The MFCM module is capable of
expanding the receptive field to a considerable extent, thereby enabling the acquisition of
more abundant feature information. However, with an increase in the number of MFCM
modules, the dilated rate will also rise continuously—this phenomenon not only leads to a
decline in segmentation accuracy but also generates more model parameters, which in turn
has a negative effect on inference speed. For this reason, the SLBU is set with parameters
M =4 and N = 6. Additionally, by examining the experimental groups involving MFCM
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modules with the same number of SLBUs, it can be observed that better segmentation
accuracy is achieved when the dilated rates are set to {2,2} and {3,3,7,7,13,13}, respectively.

Table 2. Evaluation results of different model depth on Cityscapes. M and N represent the number of
SLBUs used by the two MFCM.

M N Dilation Rates mloU (%)  Speed (fps)  Params (M)
4 4 2,2,2,2},{3,3,7,7} 72.5 60 1.14
4 6 2,2,2,2413,3,7,7,13,13} 76.7 58 1.37
4 6 12,2,2,2}14.4,8,8,16,16} 75.8 52 1.37
4 6 12,2,2,217,7,13,13,23,23} 76.1 55 1.37
4 8 (2,2,2,2},{3,3,7,7,13,13,23,23} 74.4 49 1.53
4 8 {2,2,2,2},{4,4,8,8,16,16,32,32} 74.1 46 1.53
6 4 (2,2,2,2,2,2}13,3,7.7} 73.7 53 1.14
6 6 (2,2,2,2,2,2},{3,3,7,7,13,13} 74.7 47 1.42
6 6 {2,2,2,2,2,2},{4,4,8,8,16,16} 73.4 43 1.42
6 8 (2,2,2,2,2,2},{3,3,7,7,13,13,23,23} 754 40 1.51
6 8 {2,2,2,2,2,2},{4,4,8,8,16,16,32,32} 75.1 41 1.51

4.2.2. Ablation Study of SDAM and MSIRB

This section aims to confirm the advantages of SIEB and MSIRB in enhancing spatial
information, and this confirmation is realized through ablation experiments. As presented
in Table 3, the MSIRB module manages to improve the segmentation accuracy performance
by 3.1%, and it accomplishes this with only a small increase in the number of parameters.
For the SFAB, although its parameter count rises by 0.05 M, it achieves a segmentation
accuracy of 73.3%—a value significantly higher than the 70.6% segmentation accuracy of
the basic model.

Table 3. Evaluation results of SDAM and MSIRB on Cityscapes.

Module mloU (%) Speed (fps) Params (M)
Base 70.6 72 1.21
Base + SFAB 73.3 67 1.26
Base + MSIRB 73.7 66 1.26
Base + SFAB + MSIRB 76.7 58 137

The results of these four ablation experiments indicate that both MSIRB and SFAB
exert a positive effect on the model, effectively boosting the segmentation precision. Taking
into account the lightweight structural design goal of ISANet, we integrate the SFAB and
MSIRB modules into the model; this integration enables the model to reach a mIoU of
76.7% while maintaining a real-time inference speed of more than 50FPS. Ultimately, the
experimental results prove that the proposed SDAM and MSIRB modules can enhance
segmentation accuracy without compromising inference speed.

4.2.3. Ablation Study of OBFAM

To conduct comparative analyses on the Cityscapes and CamVid datasets, we compare
the classic SE module [51], CBAM [52], and our proposed OBFAM in Tables 4 and 5. From
these two tables, it can be observed that the network integrated with the SE module attained
the lowest segmentation accuracy. The reason for this lies in the fact that the SE module
only adopts a channel attention mechanism, failing to make effective use of the spatial
information contained in feature maps.

Table 4. Evaluation results of different attention mechanism modules on Cityscapes.

Attention Mechanism mloU (%) Speed (fps) Params (M)
SE [51] 74.9 61 135
CBAM [52] 75.7 21 1.35

OBFAM 76.7 58 1.37
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Table 5. Evaluation results of different attention mechanism modules on CamVid.
Attention Mechanism mloU (%) Speed (fps) Params (M)
SE [51] 725 92 1.35
CBAM [52] 73.1 33 1.35
OBFAM 73.8 90 1.37

In contrast, both OBFAM and CBAM leverage both spatial and channel attention
mechanisms—this design allows them to comprehensively enhance the utilization rate of
valuable feature information. Although the CBAM module has 0.02M fewer parameters
than the OBFAM, it compresses channel information during operation, which leads to the
loss of some feature details. As a consequence, CBAM achieves segmentation accuracy
that is 0.7% and 1% lower than that of OBFAM on the two datasets, respectively. In terms
of inference speed, the parallel structure of the OBFAM gives it a distinct advantage: it
reaches high inference speeds of 58FPS and 90FPS, which are significantly faster than
the 21FPS and 33FPS achieved by the CBAM module. Ultimately, ablation experiments
confirm that the OBFAM is capable of improving segmentation accuracy without sacrificing
inference speed.

4.2.4. Ablation Study of SLBU

This section focuses on comparing the performance of the SLBU with that of other
advanced bottleneck units. The modules selected for this comparison include the Bottle-
neck from RESNet [4], the EABR Module from RELAXNet [19], the SS-nbt Module from
LEDNet [21], and the FDSS-bt Module fromDFFNet [25]. As presented in Table 6, the
experimental network equipped with the Bottleneck module achieves the quickest infer-
ence speed, yet it has the lowest segmentation accuracy. The root cause of this lies in the
Bottleneck module’s shallow depth and the small number of branches dedicated to feature
extraction. In contrast, the bottleneck units used in other experimental networks feature
greater model depth and a multi-branch structure—these characteristics enable them to
obtain better segmentation accuracy.

Table 6. Evaluation results of different feature extraction units on Cityscapes.

Bottleneck Unit mloU (%) Speed (fps) Params (M)
Bottleneck 71.0 80 0.19
SS-nbt 73.5 54 1.21
EABR 74.1 60 1.04
FDSS-bt 74.7 56 1.04
SLBU-L 75.1 63 1.37
SLBU 76.7 58 137

Compared with the other comparison units, the SLBU is uniquely designed with
an additional lost space information reconstruction branch. This branch can enhance
the richness of spatial information and thereby improve segmentation accuracy. The
effectiveness of this lost space information reconstruction branch is validated by the SLBU-
L model: this model, which removes the reconstruction branch, only sees a slight increase
in inference speed (merely 5 FPS). While the SLBU-L model has the same number of
parameters as the SLBU, its segmentation accuracy is 1.6% lower than that of the SLBU
(which retains the reconstruction branch). These results clearly demonstrate the positive
effect of the SLBU on boosting the model’s segmentation accuracy. On the whole, the
ablation experiments fully confirm that the SLBU exhibits superior performance when
compared with the other bottleneck units in the comparison set.
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4.3. Comparison with Other Lightweight SOTA Methods

At the initial stage of model training, the raw images and their corresponding labels
are cropped to specific sizes: 512 x 1024 for the Cityscapes dataset and 360 x 480 for the
CamVid dataset. This cropping operation helps lower the required amount of computation
and reduce the GPU memory consumption. During the testing phase, inference is per-
formed directly using the original size of the dataset images without additional processing.

4.3.1. Results on Cityscapes

As exhibited in Table 7, ISANet achieves the highest IoU in 11 out of 19 categories
without utilizing any additional pre-trained data. For the remaining 7 categories where
it does not rank first, ISANet still maintains a medium-to-high level of segmentation
accuracy. Taking the “Wall” category as an example, ISANet attains an IoU of 54.5%,
which is merely 0.1 percentage point lower than the optimal value (85.6% by SEDNet [26])
and significantly outperforms all other comparative models. In the “Terrain” category,
ISANet achieves an IoU of 70.4%, trailing only 0.2 percentage points behind the best-
performing method (SEDNet [26] with 70.6%). Additionally, ISANet secures a top-two
position in categories such as “Fence” and “Truck”, which verifies its competitiveness even
in non-top-ranked categories.

Table 7. Per-class IoU (%) results on Cityscapes. “Avg” represents the average results of all these
categories. The best results are shown in bold.

Method Roa Sid Bui Wal Fen Pol TIi Tsi Veg Ter Sky Per Rid Car Tru Bus Tra Mot Bic Avg
EFRNet [22] 979 8.1 907 452 504 590 626 684 919 694 942 785 598 934 523 608 537 499 642 697
DABNet [14] 979 8.0 906 455 501 593 635 677 918 701 928 781 578 937 528 637 560 513 668 701
LEDNet [21] 981 795 916 477 499 628 613 728 926 612 949 762 537 909 644 640 527 444 716 706
FBSNet [43] 980 832 915 509 535 625 676 715 927 705 944 85 638 939 505 560 376 562 701 709

FDDWNet [58] 98.0 824 911 525 512 599 644 689 925 703 944 808 598 940 565 689 486 557 677 715
MSCFNet [59] 977 828 91.0 490 525 612 671 714 923 702 943 827 627 941 509 661 519 576 702 719
LETNet [36] 98.2 836 91.6 509 53.7 610 667 705 925 705 949 823 617 944 550 724 570 576 693 728
LBN-AA [60] 982 840 916 507 495 609 690 736 926 703 944 830 657 949 620 709 533 625 718 736
MSDSeg [25] 984 844 917 506 524 585 653 698 925 707 950 943 597 946 603 772 683 549 703 740
SEDNet [26] 985 853 921 546 533 594 690 737 926 706 949 831 674 953 703 813 763 625 718 764

ISANet 98.7 854 924 545 535 629 703 744 934 704 955 83.6 68.5 9.4 701 774 756 621 725 76.7

Overall, ISANet ranks first with a mloU of 76.7%, representing a 0.3 percentage
point improvement over the second-ranked SEDNet [26] (76.4%). It also outperforms
LBN-AA [60] and LETNet [36] by 3.1 and 3.9 percentage points, respectively. The afore-
mentioned results fully demonstrate that ISANet exhibits superior and comprehensive
semantic segmentation performance on the Cityscapes test set.

Table 8 presents quantitative comparisons between ISANet and other lightweight
semantic segmentation methods on the Cityscapes. The comparative results show that
ISANet is capable of attaining both better segmentation accuracy and faster inference speed,
while utilizing a smaller number of parameters. Specifically, models that have the same
parameter count as ISANet fail to reach the same level of segmentation accuracy; on the
other hand, models that can achieve segmentation accuracy comparable to ISANet demand
a larger number of parameters.

SANet achieves 58 FPS on a single TITAN XP GPU, which comfortably exceeds the
30 FPS threshold required for real-time semantic segmentation applications. While some
models demonstrate higher raw speed (e.g., BisNet-V2 at 156 FPS and LETNet at 150 FPS),
these models achieve 4.1% and 3.9% lower mloU, respectively, compared to ISANet.

When evaluating computational efficiency through the lens of parameter count,
ISANet’s 1.37 M parameters place it among the more lightweight models in the comparison
set. Notably, models with fewer parameters (CGNet, FBSNet, and FDDWNet) sacrifice
significant accuracy (5.2-5.9% lower mloU) to achieve their compact size. Conversely,
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models approaching or exceeding ISANet’s accuracy (SEDNet, SegFormer, Seaformer)
require substantially more parameters (4.8-61.8 x higher).

Table 8. Comparison with state-of-the-arts image semantic segmentation methods on Cityscapes
dataset. The best results are shown in bold.

Methods Backbone Input Size FPS Params (M) FLOPs (G) mlIoU (%)
CGNet [13] No 360 x 640 74 0.50 6.0 64.8
NDNet [61] No 1024 x 2048 40 0.50 14.0 65.3
EFRNet [22] No 512 x 1024 44 2.10 21.0 69.7
DABNet [14] No 512 x 1024 94 0.76 10.5 70.1

SGCPNet [18] No 1024 x 2048 103 0.61 4.5 70.9
FBSNet [43] No 512 x 1024 90 0.62 9.7 70.9
FDDWNet [58] No 512 x 1024 60 0.80 85.0 71.5
MSCENet [59] No 512 x 1024 50 1.15 17.1 719
MLEFNet [62] ResNet34 512 x 1024 72 3.99 15.5 72.1
EMFANet [63] No 512 x 1024 41 1.03 40.7 72.1
BisNet-V2 [5] No 512 x 1024 156 340 21.2 72.6
MGSeg [64] ShuffleNet 1024 x 2048 101 4.50 16.2 72.7
LETNet [36] No 512 x 1024 150 0.95 13.6 72.8

BSNet [65] No 512 x 1024 63 9.57 39.2 72.8

LBN-AA [60] No 448 x 896 51 6.20 495 73.6

PACAMNet [66] No 512 x 1024 62 11.10 19.8 73.9
MSDSeg [25] No 512 x 1024 51 2.3 6.5 74.0
ATONet [67] No 1024 x 2048 42 13.30 134.5 74.4
Seaformer [37] No 1024 x 2048 2 4.00 8.0 75.9
SegFormer [28] Mit-BO 1024 x 2048 1 84.70 125.5 76.2
SEDNet [26] STDC1 768 x 1536 105 6.63 65.9 76.4
ISANet No 512 x 1024 8 1.37 12.6 76.7

The FLOPs metric further highlights ISANet’s efficiency advantage. With 12.6G FLOPs,
ISANet delivers the highest mIoU (76.7%) among models with comparable computational
complexity. SEDNet, which achieves 76.4% mloU (only 0.3% lower), requires 65.9G FLOPs—
more than 5x the computational cost of ISANet. Meanwhile, SGCPNet, which operates
with the lowest computational cost (4.5G FLOPs), lags behind ISANet by 5.8% in mloU.

ISANet achieves the highest mloU (76.7%) among all compared methods, representing
a clear accuracy advantage:

It outperforms the next highest accuracy (SEDNet at 76.4%) while using 1/5 of the
computational resources.

It exceeds the accuracy of lightweight transformer-based models like LETNet by 3.9%.

It outperforms other efficient architectures such as DABNet and BisNet-V2 by 6.6%
and 4.1%, respectively.

Qualitative analysis (Figure 5) confirms these quantitative results, with ISANet demon-
strating superior segmentation at object boundaries and for small objects including street
lamps, billboard outlines, and bus rearview mirrors. Notably, under challenging conditions
with strong lighting interference and complex backgrounds, ISANet maintains accurate
segmentation without misclassifying building edges as street lamps—a common error ob-
served in DABNet and BiSeNet-V2. This edge preservation capability stems from ISANet’s
effective capture and preservation of spatial feature integrity throughout the network.

ISANet’s multi-branch architecture introduces moderate computational overhead
compared to the simplest single-branch designs, but this investment is strategically justi-
fied by the resulting accuracy gains. The network achieves an optimal balance between
segmentation accuracy, computational efficiency, and real-time performance—a critical
triad for practical deployment in resource-constrained environments such as autonomous
driving systems. This balanced performance distinguishes ISANet from competitors that
typically sacrifice either accuracy for speed or efficiency for precision.
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Figure 5. Semantic segmentation results on Cityscapes. (a) Original images. (b) Ground truth.
(c) Our ISANet. (d) DABNet [14]. (e) BisNet-V2 [5].

4.3.2. Results on CamVid

We further conducted an evaluation of ISANet’s performance on the CamVid testing
dataset and organized the evaluation results into Table 9. When compared to models with a
similar parameter size, ISANet achieves higher segmentation accuracy. When pitted against
larger models (in terms of parameter count), ISANet delivers better segmentation results
while using fewer parameters—this effectively showcases its superior performance. Fig-
ure 6 provides a visual comparison of the segmentation results generated by DABNet [14],
BiSeNet-V2 [5], and ISANet. As observed in Figure 6, some small objects—particularly
slender ones such as street lamps—are prone to being misclassified into other categories
or completely omitted. Both DABNet [14] and BiSeNet-V2 [5] exhibit ambiguous and
incorrect segmentation of such objects. The fundamental cause of this phenomenon is
that small objects contain limited spatial feature information, which is highly susceptible
to loss during the feature processing stage. In contrast, ISANet enhances the integrity of
spatial features by extracting and fusing the lost spatial features, thereby achieving superior
segmentation accuracy compared to the other models. The aforementioned experiments
fully demonstrate the excellent performance of ISANet.

Table 9. Comparison with state-of-the-art image semantic segmentation methods on CamVid. The
best results are shown in bold.

Methods Backbone Input Size FPS Params (M) FLOPs (G) mloU (%)
NDNet [61] No 360 x 480 52 0.50 1.2 57.2
EFRNet [22] No 360 x 480 133 2.10 6.9 65.0
CGNet [13] No 360 x 480 59 0.50 4.5 65.6
DABNet [14] No 360 x 480 81 0.76 3.5 66.4

FDDWNet [58] No 360 x 480 72 0.80 28.1 66.9
EMFANet [63] No 360 x 480 32 1.03 13.3 67.5
LBN-AA [60] No 720 x 960 39 6.20 85.2 68.0

BSNet [65] No 720 x 960 131 9.57 29.7 68.4

BisNet-V2 [5] No 720 x 960 116 3.40 279 68.7
FBSNet [43] No 360 x 480 120 0.62 32 68.9
SGCPNet [18] No 720 x 960 278 0.61 15 69.0
MSCFNet [59] No 360 x 480 66 1.15 5.6 69.3
MLEFNet [62] ResNet34 720 x 960 57 3.99 20.4 69.4
PACAMNet [66] No 720 x 960 81 11.1 15.0 69.8
ATONet [67] No 720 x 960 93 13.30 443 70.1
LETNet [36] No 360 x 480 200 0.95 4.5 70.5
MGSeg [64] ShuffleNet 360 x 480 127 4.50 13 71.1
Seaformer [37] No 720 x 960 3 4.00 2.6 71.6
SegFormer [28] Mit-BO 720 x 960 2 84.70 414 72.7
SEDNet [26] STDC1 720 x 960 165.6 6.63 21.9 72.8
MSDSeg [25] No 720 x 960 44 2.3 22 734

ISANet No 360 x 480 90 137 4.2 73.8
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Figure 6. Semantic segmentation results on CamVid. (a) Original images. (b) Ground truth. (c) Our
ISANet. (d) DABNet [14]. (e) BisNet-V2 [5].

5. Conclusions and Discussion

In this paper, we put forward a novel information supplementary aggregation net-
work (ISANet) model. By extracting and utilizing lost spatial features, ISANet strikes
an outstanding balance among segmentation accuracy, operational efficiency, and model
size. Different from methods that rely on complex structures, ISANet is designed with
the Spatial-Supplementary Lightweight Bottleneck Unit (SLBU) and a dedicated feature
extraction branch—this design enables the model to acquire more comprehensive feature
information and boost inference accuracy. Among these components, the Spatial Feature
Acquisition Branch (SFAB) works to enhance the richness of spatial information, while the
Missing Spatial Information Recovery Branch (MSIRB) supplements the spatial features
that have been lost, thereby improving the precision of edge segmentation. Additionally,
the Object Boundary Feature Attention Module (OBFAM) is capable of mitigating noise
disturbance and strengthening the interactivity between features. Experimental results
show that the proposed ISANet achieves excellent segmentation performance, with the
advantages of fewer parameters and real-time inference speed. It should be noted that al-
though ISANet achieves an mloU improvement through the SLBU and multi-branch design,
the increased structural complexity leads to a decrease in inference speed and an increase
in computational burden, which still requires comprehensive trade-off considerations in
specific deployment scenarios. The current study is conducted based on clear visual images,
and the model’s robustness remains to be enhanced when facing diverse and dynamically
changing real-world environments. Meanwhile, for low-bandwidth embedded devices, it
is also necessary to further optimize the multi-branch structure to ensure that the inference
speed can still be guaranteed while improving segmentation accuracy.
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