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Abstract

With the development of autonomous driving and general real-time vision applications,
semantic segmentation is increasingly expected to provide reliable pixel-level scene under-
standing under strict latency and computational constraints. Existing real-time semantic
segmentation methods still struggle to effectively balance contextual semantics and lo-
cal details during feature fusion. This difficulty may lead to boundary blur and the loss
of fine-grained structures, and is mainly related to insufficient selectivity and boundary
friendliness in the fusion process. To address this issue, the Edge-Guided Residual Spatial
Gating Fusion Network (ERSGNet)is proposed as a three-branch decoupled framework for
real-time semantic segmentation. In the ERSGNet, detail features Fd, contextual features Fc,
and edge features Fe are separately extracted to reduce mutual interference among different
types of information. Spatially Gated Interaction (SGI) is introduced to inject contextual se-
mantics into the detail branch in a pixel-wise selective manner, the Parallel Context Pyramid
(PCP) is used to enhance multi-scale contextual representation, and Edge-Guided Residual
Spatial Gating Fusion (ERSG-Fuse) performs edge-guided adaptive fusion between Fd and
Fc under the guidance of Fe. The ERSGNet is evaluated on the CamVid and Cityscapes
datasets. On CamVid, the ERSGNet achieves 73.33% mean Intersection-over-Union (mIoU)
at 166.27 frames per second (FPS). On Cityscapes, the ERSGNet achieves 69.21% mIoU at
53.93 FPS. These results suggest that the ERSGNet achieves a favorable accuracy–efficiency
trade-off while supporting boundary-related and fine-grained structural representation.

Keywords: real-time semantic segmentation; feature fusion; edge-guided fusion; spatial
gating; boundary refinement; lightweight networks

1. Introduction
With the development of autonomous driving and general real-time vision applica-

tions, semantic segmentation is increasingly expected to provide reliable pixel-level scene
understanding under strict latency and computational constraints. Therefore, maintain-
ing segmentation accuracy while ensuring inference efficiency has become a key issue in
real-time visual perception and road-scene semantic segmentation, where efficient feature
extraction and robust representation under complex scene variations are important con-
cerns [1–5]. Compared with image classification or object detection, semantic segmentation
requires stable region-level semantic discrimination. It also requires accurate preserva-
tion of boundary information, small targets, and fine-grained structures to support more
complete and reliable scene representations [6]. Recent boundary-guided real-time segmen-
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tation studies further confirm the role of boundary-related information in preserving local
details and reducing boundary ambiguity in lightweight segmentation models [7].

Although real-time semantic segmentation has made significant progress in recent
years, the key limitation of existing methods lies not merely in whether high-level seman-
tic features and local detail features are extracted simultaneously, but in the difficulty of
effectively balancing contextual semantics and local details during feature fusion. Represen-
tative real-time methods have improved semantic representation and overall segmentation
performance through dual-branch modeling, dual-resolution interaction, efficient context
aggregation, attention-based information fusion, adaptive feature fusion, and multi-path
guidance [4,5,8–13]. However, this coordination remains insufficient in boundary regions,
fine-grained structures, and small-scale targets. This limitation is mainly related to insuffi-
cient selectivity, position sensitivity, and boundary friendliness in the fusion process.

To alleviate this feature-fusion difficulty in real-time semantic segmentation, the Edge-
Guided Residual Spatial Gating Fusion Network (ERSGNet) is proposed as a three-branch
decoupled framework. The three branches are responsible for local detail extraction, contex-
tual semantic modeling, and boundary information encoding, thereby providing a clearer
division of roles for subsequent feature interaction and fusion. At the intermediate inter-
action stage, a pixel-wise selective interaction mechanism is adopted to inject contextual
semantics into the detail branch on demand, which helps preserve detail fidelity before
final fusion. At the end of the context branch, parallel context aggregation is employed to
enhance multi-scale semantic representation and provide a stronger contextual prior while
maintaining deployment efficiency. Accordingly, the ERSGNet produces detail features Fd,
contextual features Fc, and edge features Fe for subsequent feature fusion. At the final fusion
stage, Edge-Guided Residual Spatial Gating Fusion (ERSG-Fuse) is proposed to generate
a lightweight single-channel spatial gate from edge features. The spatial gate determines
whether each pixel location should rely more on detail features or contextual semantics.
Residual gated fusion is then combined with a learnable boundary residual injection, so
that boundary information can guide the final fusion and enhance the final representation
in a controllable manner. This design helps improve the segmentation quality of boundary
regions and small targets while maintaining real-time performance.

The main contributions are summarized as follows:

• To address the problem that contextual semantics tend to overwhelm local details
during feature fusion in real-time semantic segmentation, a three-branch decoupled
framework is developed for detail, context, and edge modeling. The three branches
output Fd, Fc, and Fe, respectively, thus providing a decoupled feature foundation for
local detail preservation, contextual semantic modeling, and boundary enhancement.

• To alleviate the interference of strong semantic responses with detail representations
during intermediate feature interaction, Spatially Gated Interaction (SGI) is introduced.
SGI realizes on-demand injection of contextual semantics through a pixel-wise gating
mechanism. In addition, a Parallel Context Pyramid (PCP) is introduced at the end of
the context branch to aggregate multi-scale contextual semantics in parallel, thereby
enhancing contextual representation while maintaining efficient deployment.

• To better balance contextual semantics and local details at the final fusion stage,
Edge-Guided Residual Spatial Gating Fusion (ERSG-Fuse) is designed. Through a
boundary-guided single-channel spatial gate, residual gated fusion, and a learnable
boundary residual injection, ERSG-Fuse realizes position-sensitive and boundary-
aware selective fusion between detail features and contextual semantics. This design
helps improve the representation of boundary regions and small targets under a
comparable computational cost.
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2. Related Work
From the perspective of existing research routes, related methods can be grouped into

three categories.

2.1. Semantic Representation Enhancement Methods

The first category, represented by SegFormer, Atrous Spatial Pyramid Pooling (ASPP)-
based encoder–decoder semantic segmentation studies, recent DeepLabV3+-based studies
for autonomous driving segmentation, and the Lightweight Real-Time Semantic Segmen-
tation Network with Efficient Transformer and CNN (LETNet), focuses on enhancing
high-level semantic representation through stronger semantic modeling, global model-
ing, and multi-scale representation [6,14–16]. In addition, recent studies on road-scene
segmentation indicate that robust semantic representation and structured semantic orga-
nization remain important issues in semantic segmentation [5]. LETNet further shows
that a U-shaped CNN can be combined with a Transformer to strengthen global model-
ing in lightweight real-time segmentation. Overall, these methods improve region-level
category discrimination and confirm the effectiveness of stronger semantic modeling in
complex driving scenes. However, their main focus is stronger semantic representation,
while local detail preservation during feature fusion under real-time constraints is less
explicitly addressed.

2.2. Lightweight Efficient Segmentation Methods

The second category, represented by Fast Semantic Segmentation Networks (Fast-
SCNNs), Context-Guided Networks (CGNets), Efficient Dense Modules with Asym-
metric Convolution (EDANet), the Efficient Spatial Pyramid Network v2 (ESPNetv2),
and Efficient Bottleneck Unit Networks (EBUNets), together with recent hardware-aware
lightweight models, mainly aims to reduce computational cost and shorten the inference
path through lightweight backbones, early downsampling, and efficient convolutional
structures [1–3,17–21]. These methods provide an efficiency foundation for real-time seg-
mentation, and recent hardware-aware designs further show that deployment-oriented
optimization can improve practical efficiency. For example, Fast-SCNNs use learning-to-
downsample to shorten the inference path, EDANets combine asymmetric convolution
with dense connectivity, and ESPNetv2 and EBUNets reduce complexity through efficient
convolutional or bottleneck designs. However, early downsampling and compact fea-
ture extraction may weaken high-resolution details. Subsequent lightweight decoding
or compensation structures are also often insufficient to fully recover boundary cues and
fine-grained shape information, which increases the risk of insufficient detail preservation
during feature fusion.

2.3. Branch-Wise Feature Coordination and Boundary-Aware Fusion Methods

The third category, represented by BiSeNetV2, Deep Dual-Resolution Networks (DDR-
Nets), PP-LiteSeg, Lightweight Attention-Guided Asymmetric Networks (LAANets), Fast
Bilateral Symmetrical Networks (FBSNets), attention-guided decoding methods, and recent
adaptive feature-fusion and boundary-guided real-time segmentation networks, has begun
to separately model detail features and contextual semantics through dual-branch, multi-
path, guided-interaction, adaptive-fusion, or boundary-guided strategies [4,5,7–10,13,22,23].
These studies indicate that feature coordination and boundary-aware representation remain
active issues in real-time semantic segmentation. Although this category is closer to the
core issue, its fusion processes still tend to emphasize overall information integration and
regional semantic consistency. For instance, BiSeNetV2 and DDRNets focus more on the
effective exchange and aggregation of features across different branches or resolutions,
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whereas PP-LiteSeg and LAANets place greater emphasis on efficient context enhancement
and attention-guided feature aggregation. FBSNets further use semantic information and
spatial detail branches with feature aggregation to balance contextual semantics and spa-
tial details. Similarly, guided multi-path and boundary-guided methods mainly improve
global representation, adaptive feature fusion, or the efficiency of utilizing guiding informa-
tion. Therefore, although existing methods have achieved significant progress in real-time
segmentation, targeted modeling for selective and boundary-aware coordination during
feature fusion remains insufficient.

Overall, existing studies have advanced real-time semantic segmentation from three
main perspectives: semantic representation enhancement, lightweight efficient segmen-
tation, and branch-wise feature coordination with boundary-aware fusion. These studies
provide useful foundations for balancing segmentation accuracy and inference efficiency.
However, under real-time constraints, how to selectively coordinate contextual semantics,
local details, and boundary-related information during feature fusion remains insufficiently
addressed. This motivates the design of an ERSGNet, which introduces a three-branch de-
coupled framework and an edge-guided residual spatial gating fusion module to improve
boundary-aware and position-adaptive feature fusion.

3. Materials and Methods
3.1. Overall Architecture of the ERSGNet

To address the feature-fusion difficulty described above, the ERSGNet adopts a three-
branch decoupled feature extraction framework, consisting of a detail branch D, a context
branch C, and an edge branch E. These branches explicitly model local details, contextual
semantics, and boundary information, thus providing a clearer feature basis for subsequent
interaction and fusion. As illustrated in Figure 1, the overall network consists of a shared
encoder, three task-oriented branches, and a final feature fusion module.

Among the three branches, the detail branch maintains a relatively high spatial res-
olution in order to preserve local details and spatial structures. However, the semantic
discrimination capability of the detail branch is limited. Therefore, SGI is introduced at
the intermediate stages of the detail branch to supplement semantic information from
the context branch through pixel-wise on-demand injection. This design helps the detail
branch retain spatial resolving capability before final fusion while reducing premature
domination by strong semantics during interaction. Thus, SGI supports subsequent fusion
by preserving detail fidelity.

The context branch continuously downsamples features in order to enlarge the re-
ceptive field and stabilize low-frequency semantics. At the end of the context branch, the
PCP is used to aggregate contextual information from different ranges in parallel, thereby
forming a stronger and more efficient global semantic representation. Rather than directly
producing the final prediction, the PCP provides a more reliable semantic prior for fusion
by improving contextual stability.

The edge branch is responsible for extracting high-frequency structural information
near boundaries and primarily serves to guide the final fusion decision. The rationale
behind the edge branch is that semantics within object interiors are usually relatively
consistent, whereas semantic changes are mainly concentrated around boundary regions.
Therefore, boundary locations are where local details and contextual semantics are more
likely to require differentiated treatment. Based on this observation, the edge branch ob-
tains boundary-related responses by introducing semantic differential information and
further refines structural cues in subsequent layers. Accordingly, SGI and the PCP support
edge-guided final fusion from the perspectives of detail fidelity and contextual stability,
respectively, while ERSG-Fuse performs the final coordination between contextual seman-
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tics and local details. Finally, the fused features are fed into the segmentation head to
generate the prediction, and an auxiliary prediction head can be employed during training
to enhance intermediate supervision.

D
SGI

D
SGI

D

C C C PCP ERSG
-Fuse S-Head

E
ADD

E
ADD

E

Up

Output

1/2

Input

1/4
1/8

1/8 1/8 1/8

1/16
1/32 1/64

1/8 1/8 1/8

Figure 1. Overall architecture of the Edge-Guided Residual Spatial Gating Fusion Network (ERSGNet).
The network consists of a shared encoder stem and three decoupled branches for detail, context,
and edge modeling. Spatially Gated Interaction (SGI) is applied in the detail branch, the Parallel
Context Pyramid (PCP) is used in the context branch, and Edge-Guided Residual Spatial Gating
Fusion (ERSG-Fuse) performs the final fusion. ADD denotes element-wise addition, Up denotes
upsampling, and S-Head denotes the segmentation head.

3.2. SGI: Spatially Gated Interaction

In multi-branch real-time segmentation, the context branch usually contains richer
semantic information, but its low-resolution representation tends to lose boundary and
geometric details. By contrast, the detail branch can preserve spatial structures, yet often
lacks sufficient semantic discrimination capability. With naive fusion strategies such as
direct addition or concatenation, strong semantic features may interfere with detail repre-
sentations, causing blurred boundaries and the loss of small-target structures. To address
this issue, SGI is introduced at the intermediate interaction stage. Through pixel-wise se-
mantic injection from the context branch, the detail branch can absorb contextual semantics
while preserving local detail representations. In this way, SGI prepares the detail branch
for subsequent edge-guided selective fusion by improving semantic supplementation and
maintaining detail fidelity.

The core of SGI lies in pixel-wise gated interaction. Figure 2 provides an overview of
SGI. For the corresponding pixel vectors from the detail branch and the context branch, SGI
generates a weighted output by computing a gating coefficient. The gating coefficient can
be regarded as a learned scalar field over the spatial domain, and each value assigns an
adaptive interpolation weight to the corresponding pixel location. Accordingly, the SGI
output can be interpreted as a pixel-wise gated combination of the detail and context
responses. Boundary and fine-grained structural regions can retain more detail information,
whereas interior regions can absorb more contextual semantics. This interaction allows the
detail branch to maintain high-resolution representations while receiving stable semantic
supplementation. In ERSGNet, SGI is applied twice in the detail branch to enhance detail
representations at different scales before the final fusion stage.

In implementation, before computing the gating coefficient, the context feature is first
spatially aligned with the detail feature. The pixel-wise feature vectors from the detail
branch and the context branch are denoted as vd and vc, respectively. Two branch-specific
projection functions, fd(·) and fc(·), are then used to map the two feature vectors into
a common embedding space with the same dimension. Specifically, fd(·) and fc(·) are
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implemented as independent 1× 1 convolutional projections followed by normalization.
The projection and gating computation are formulated as

fd(vd) = Norm
(

Convd
1×1(vd)

)
,

fc(vc) = Norm
(
Convc

1×1(vc)
)
,

σ = Sigmoid( fd(vd) · fc(vc)).

(1)

Here, Convd
1×1 and Convc

1×1 have independent learnable parameters. The gating coef-
ficient σ can be interpreted as an affinity-like gating coefficient between the detail and
context responses.

OutSGI = σvc + (1− σ)vd. (2)

When σ is large, the output relies more on the semantically stronger context features;
otherwise, it retains the detail-branch representation. In this way, SGI realizes selective
semantic injection while helping prevent excessive detail suppression.

Conv 1×1 + Norm

1−σ(x)

σ(x)

Pink tensor: detail feature
Green tensor: context feature
Orange map: spatial gating map
Blue tensor: SGI output

Legend

Conv 1×1 + Norm

Figure 2. Structure of SGI (Spatially Gated Interaction) for pixel-wise selective semantic injection from
the context branch into the detail branch. Conv denotes convolution, and Norm denotes normalization.

3.3. PCP: Parallel Context Pyramid

To construct a more stable global scene prior under real-time constraints, semantic
segmentation methods usually employ pyramid pooling and its variants for contextual
modeling. To balance contextual representation capability and inference efficiency, the Par-
allel Context Pyramid (PCP) is adopted. As shown in Figure 3, multi-scale connections
are restructured in the PCP, and the channel allocation of each scale is appropriately com-
pressed. This design improves module parallelism and enables efficient multi-scale context
aggregation in lightweight models. The PCP provides a stronger and more reliable se-
mantic prior for subsequent feature interaction from the perspective of contextual stability.
This semantic prior helps the context branch produce more consistent and discriminative
contextual semantics before the final fusion stage, thereby creating favorable conditions for
edge-guided selective fusion.

Given an input feature map X ∈ RCin×H×W , the PCP constructs a multi-scale context
representation through parallel pooling branches, and the resulting branch features are
fused on a unified spatial grid to produce the context-enhanced feature Fc. The parallel
pooling branches can be viewed as scale-dependent transformations defined on a shared
spatial lattice, so that contextual responses from different receptive ranges remain directly
comparable after alignment. The final aggregation preserves the base response while
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incorporating multi-scale contextual increments under controlled channel compression.
The computation can be abstracted as

B = P0(X),

Sk = Up(Pk(Poolk(X))) + B, k = 1, . . . , 4,

P = G3×3(Concat(S1, S2, S3, S4)),

Fc = Pout(Concat(B, P)) + Pres(X).

(3)

Here, Poolk(·) denotes context pooling at four scales, and Up(·) indicates bilinear in-
terpolation to align features to (H, W). The four pooling branches consist of adaptive
global average pooling and average pooling with kernel/stride/padding settings of
k = 17, s = 8, p = 8, k = 9, s = 4, p = 4, and k = 5, s = 2, p = 2. After each
pooled response is projected by a 1× 1 convolutional block, it is bilinearly upsampled
to the spatial size (H, W) and added to the base response B. The operators P0(·), Pk(·),
Pout(·), and Pres(·) denote role-specific projection blocks based on 1× 1 convolutions.
Specifically, P0(·) generates the base response, Pk(·) projects the pooled response at the
k-th scale, Pout(·) performs output channel compression, and Pres(·) provides the residual
shortcut. The operator G3×3(·) denotes the grouped 3× 3 convolutional refinement with
four groups applied to the concatenated multi-scale features. In this formulation, B serves
as the base reference, while Sk introduces aligned contextual responses from different
ranges before joint compression and residual correction.

In ERSGNet, the PCP is deployed at the end of the context branch to aggregate multi-
scale semantic features, providing a stronger context feature Fc for subsequent fusion.

Conv 1×1

Global AvgPool
Conv 1×1

AvgPool k=17, s=8, p=8
Conv 1×1

AvgPool k=9, s=4, p=4
Conv 1×1

AvgPool k=5, s=2,p=2
Conv 1×1

Conv 1×1

Bilinear Up

G
rouped 3×

3 C
onv

groups = 4

Bilinear Up

Bilinear Up

Bilinear Up

Figure 3. Structure of the PCP (Parallel Context Pyramid) for parallel multi-scale context aggregation
in the context branch. AvgPool denotes average pooling.

3.4. ERSG-Fuse: Edge-Guided Residual Spatial Gating Fusion

ERSG-Fuse is proposed for the final tri-branch feature fusion under strict real-time
budgets. The module helps reduce boundary blur and the loss of small-target structures,
and it also provides an interpretable, low-cost, and optimization-stable interaction mech-
anism at the fusion stage. As shown in Figure 4, given the detail features Fd, contextual
features Fc, and edge features Fe, ERSG-Fuse first aligns the three branches to the same
channel dimension and then performs feature fusion.

Semantic changes are mainly concentrated around boundary regions, whereas object
interiors usually require stronger regional consistency. Therefore, boundary locations
require differentiated treatment during fusion. Unlike traditional fusion methods such
as direct addition or concatenation, ERSG-Fuse does not assume that all spatial locations
should combine detail features and contextual semantics in the same manner. Instead,
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an edge-guided spatial gate is introduced to model location-dependent fusion weights.
Direct addition or concatenation can be regarded as a spatially uniform fixed mixture,
and this fixed mixture cannot explicitly express location-specific fusion requirements.
By contrast, the edge-guided gate models the fusion coefficient as a position-dependent
function conditioned on boundary information, thereby turning feature fusion from a
fixed combination into a condition-adaptive combination. In this formulation, G can be
viewed as a scalar field defined on the spatial domain, and each value determines the local
interpolation ratio between detail and contextual responses. After spatial alignment and
channel projection, the transformed detail, context, and edge features are denoted as F̃d, F̃c,
and F̃e, respectively. Based on this formulation, a single-channel spatial gate is generated
from the transformed edge features:

G = Sigmoid
(
Cg(F̃e)

)
, G ∈ [0, 1]1×H×W , (4)

where Cg(·) denotes the 1× 1 convolution used for gate generation. The single-channel
spatial gate assigns a fusion weight to each pixel only in the spatial dimension, so the
additional computational cost remains low and the fusion design remains suitable for real-
time deployment. Using the transformed edge features F̃e as the gating condition makes
the fusion weights more sensitive to boundary regions and structural variations. These
regions often involve higher semantic uncertainty and stronger local structural variations,
where a spatially uniform fixed fusion rule may be insufficient. By generating G from F̃e,
ERSG-Fuse adaptively adjusts the fusion weights according to boundary-related responses.

Subsequently, a residual gated fusion form is adopted to coordinate detail features
and contextual semantics at the pixel level:

Y0 = F̃d + G⊙ (F̃c − F̃d), (5)

where G is broadcast along the channel dimension during the element-wise operation. This
form defines a position-adaptive residual interpolation from F̃d to F̃c. When G is small,
the output preserves more detail features; when G becomes large, semantic information
is progressively strengthened. Compared with direct replacement or simple weighted
summation, this residual gated fusion does not abruptly disrupt the original representation
of the detail branch, but instead regulates the intensity of semantic injection in a controlled
manner. This continuous transition helps maintain optimization stability during feature
fusion. On this basis, a learnable boundary residual injection is further introduced to
enhance boundary representation:

Y1 = Y0 + β F̃e. (6)

Here, β is initialized to 0, so that the module behaves close to a stable baseline at the
beginning of training. As training proceeds, the network can adaptively learn the strength
of boundary enhancement, thereby achieving a better balance between stable convergence
and boundary reinforcement. In this formulation, the boundary term acts as a learnable
residual correction on top of Y0 rather than as a direct replacement. This design keeps the
contribution of edge information explicitly controllable. Finally, the fusion output is passed
through a 3 × 3 convolutional refinement block C f (·) to obtain the final fused feature
Ffuse = C f (Y1). The final fused feature is then fed into the segmentation head to generate
the prediction results. ERSG-Fuse achieves edge-guided, position-adaptive, and residually
stable final fusion with relatively low additional cost, thereby improving the selectivity,
position sensitivity, and boundary friendliness of feature fusion.
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Legend D: Detail feature

C: Context feature

E: Edge feature

Detail feature D
(Cd, Hd, Wd)

D

Context feature C
(Cc, Hc, Wc)

C

Edge feature E
(Ce, He, We)

E

Spatial Alignment to Detail Size
Bilinear resize for C and E

C

C aligned
(Hd, Wd)

E

E aligned
(Hd, Wd)

Channel Projection
(1x1 Conv + GN + ReLU)

1x1
Projection D'

D'
(C, Hd, Wd)

1x1
Projection

C'

C'
(C, Hd, Wd)

1x1
Projection E'

E'
(C, Hd, Wd)

Gate Generation from E'

1x1 Conv
+ Sigmoid

Spatial Gate G
(1, Hd, Wd)

Residual Gated Interpolation

Y0 = D' + G ⊙ (C' − D')

Boundary Residual Injection

Scale by β
(learnable)

β × E'

− ×

+

+

Y0

Y1

3x3 Conv
+ GN

+ ReLU

Fused Feature
(C, Hd, Wd)

Figure 4. Structure of ERSG-Fuse (Edge-Guided Residual Spatial Gating Fusion) for edge-conditioned
final tri-branch fusion. GN denotes group normalization, and ReLU denotes the rectified linear unit.

3.5. Algorithmic Summary of ERSGNet

To improve the readability of the proposed framework, Algorithm 1 summarizes the
training and inference procedure of the ERSGNet. The main workflow, including feature
extraction, SGI-based interaction, contextual aggregation, edge-guided fusion, prediction
generation, and loss optimization, is described in the algorithm.

The training objective used in Algorithm 1 is detailed in the following subsection.

Algorithm 1 Training and inference pipeline of ERSGNet

Input: training samples D = {(I, Ygt, Bgt)}; inference image Itest; loss weights λseg, λaux, λbnd, λba.
Output: trained parameters Θ and final prediction Ŷ.
Notation: Fd, Fc, and Fe denote the final detail, context, and edge features before ERSG-Fuse, respectively.
Faux

d and Faux
e denote the intermediate detail and edge features used for auxiliary semantic supervision

and boundary supervision. Hseg(·), Haux(·), and Hbnd(·) denote the main segmentation head, auxiliary
segmentation head, and boundary prediction head, respectively.

1: Initialize ERSGNet parameters Θ.
2: while training is not finished do
3: for each mini-batch (I, Ygt, Bgt) ∈ D do

# Forward pipeline
4: F0 ← Stem(I);
5: (Fd, Fc, Fe, Faux

d , Faux
e )← ThreeBranchSGI,PCP(F0);

6: Ffuse ← ERSG-Fuse(Fd, Fc, Fe);
7: Ŷseg ← Hseg(Ffuse);
8: Ŷaux ← Haux(Faux

d );
9: B̂← Hbnd(Faux

e );
# Loss mapping

10: Lseg ← ℓseg(Ŷseg, Ygt);
11: Laux ← ℓaux(Ŷaux, Ygt);
12: Lbnd ← ℓbnd(B̂, Bgt);
13: Lba ← ℓba(Ŷseg, Ygt, B̂);
14: L ← λsegLseg + λauxLaux + λbndLbnd + λbaLba;
15: Θ← Optimizer(Θ,∇ΘL);
16: end for
17: end while

# Inference
18: Ftest

0 ← Stem(Itest);
19: (Ftest

d , Ftest
c , Ftest

e )← ThreeBranchSGI,PCP(Ftest
0 );

20: Ftest
fuse ← ERSG-Fuse(Ftest

d , Ftest
c , Ftest

e );
21: Ŷseg ← Hseg(Ftest

fuse);

22: Ŷ ← arg maxc Ŷ(c)
seg;

23: return Ŷ.
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3.6. Training Objective and Loss Function

To improve both regional semantic consistency and boundary delineation quality,
a joint training strategy that combines primary segmentation supervision, auxiliary seman-
tic supervision, and boundary supervision is adopted. The primary segmentation branch
focuses on learning region-level semantic consistency; the auxiliary semantic supervision
stabilizes intermediate feature learning; and the boundary branch provides supervision
for high-frequency structural cues, which helps suppress boundary information loss and
enhances boundary delineation quality.

The overall training objective consists of four terms: the primary segmentation loss
Lseg, the auxiliary semantic loss Laux, the boundary supervision loss Lbnd, and the
boundary-aware semantic re-weighting term Lba. The total loss is formulated as a
weighted sum:

L = ∑
i∈{seg,aux,bnd,ba}

λi Li. (7)

where λseg, λaux, λbnd, and λba are weighting coefficients. If a particular term is not used,
its corresponding coefficient is set to zero.

In the implementation, the coefficients for the four loss terms are set to λseg = 1.0,
λaux = 0.4, λbnd = 20.0, and λba = 1.0. It should be emphasized that the relatively large
coefficient λbnd = 20.0 is assigned to the boundary binary cross-entropy (BCE) loss Lbnd,
rather than to the auxiliary semantic loss Laux. The auxiliary semantic loss is weighted by
λaux = 0.4, while the primary segmentation loss is weighted by λseg = 1.0.

The use of a larger coefficient for Lbnd is motivated by the sparsity of boundary pixels.
Since boundary pixels occupy only a small proportion of an image, a small boundary loss
coefficient may cause the boundary supervision signal to be overwhelmed by dominant
non-boundary regions. Therefore, λbnd = 20.0 is used to preserve effective boundary
supervision. This setting does not mean that the auxiliary semantic loss or the boundary
supervision term replace the primary segmentation objective. The numerical behavior and
sensitivity of this coefficient are further analyzed in the experimental section.

3.7. Datasets

Experiments are conducted on two widely used urban road-scene semantic seg-
mentation benchmarks, CamVid and Cityscapes [24,25]. To ensure fair comparison
and reproducibility, fixed class definitions, data splits, and evaluation protocols are
adopted, and the training and testing procedures are kept consistent within each con-
trolled experimental group.

3.7.1. CamVid

CamVid is a classic road-scene semantic segmentation dataset that is commonly used
to validate and compare lightweight real-time segmentation models [24]. For CamVid-11
(11 classes), the split definition of 367 training images, 101 validation images, and 233 test
images at a resolution of 960× 720 is followed [24,26].

To avoid evaluation bias caused by inconsistent label palettes or class-index map-
pings, the label palette and class mapping are verified and unified, ensuring that the same
11-class definition is used in both training and evaluation. All CamVid training, validation,
and testing in the experiments strictly follow the same list files and dataset root config-
uration, which helps ensure consistent settings for the ablation studies and the reported
ERSGNet results.
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3.7.2. Cityscapes

Cityscapes is a large-scale urban street-scene benchmark covering diverse cities, sea-
sons, illumination conditions, and traffic participants, which presents high scene complexity
and poses substantial generalization demands [25]. The standard 19-class training label
set and the official split, including 2975 training images and 500 validation images, are
adopted for training and evaluation. Cityscapes is evaluated on the official test set [25].

From an implementation perspective, Cityscapes provides two annotation encod-
ings, labelIds and labelTrainIds. To ensure consistency between training labels and the
evaluation protocol, annotations are converted to labelTrainIds, and the corresponding
training and validation list files are generated accordingly. This processing helps avoid label
inconsistency caused by duplicated or incorrect mappings, facilitates a consistent train-
ing/evaluation pipeline, and ensures compatibility with the official evaluation protocol on
large-scale road scenes.

3.8. Experimental Settings

All experiments are conducted on a Windows workstation with an Anaconda envi-
ronment. PyTorch 2.5.1 with Compute Unified Device Architecture (CUDA) 12.1 is used,
and training and evaluation are performed on a single NVIDIA GeForce RTX 4060 Laptop
graphics processing unit (GPU) with 8 GB memory. All runs are specified by configuration
files together with command-line arguments; command-line overrides take precedence as
the effective settings to facilitate reproducibility. Unless otherwise stated, the loss weights
are set to λseg = 1.0, λaux = 0.4, λbnd = 20.0, and λba = 1.0. Here, λbnd denotes the coeffi-
cient of the BCE loss rather than the weight of the auxiliary semantic loss. During training,
the checkpoint with the best validation performance (best) is saved, and the results are
reported on the designated evaluation split. For CamVid-11, the validation split is used for
model selection, convergence monitoring, and hyperparameter sensitivity analysis, while
the final performance is reported on the held-out test split. The test split is not used for
hyperparameter tuning. For Cityscapes, the final segmentation accuracy is reported on the
official test split.

For CamVid-11, the split definition of 367 training images, 101 validation images,
and 233 test images at a resolution of 960× 720 is followed [24,26]. The training split is
used for model training, and the validation split is not used as the final test split. Training
is conducted for 50 epochs with a batch size of 4. Both multi-scale training and random
horizontal flipping are enabled. For the ablation and sensitivity analyses, the corresponding
controlled training schedules are specified in their own subsections.

For Cityscapes, the 19-class trainId setting is used, following the standard split of
2975 training images and 500 validation images, with the official test split used for final
evaluation. Training is conducted for 50 epochs with a batch size of 2. Multi-scale training
and random horizontal flipping are disabled to keep the Cityscapes training setting simple
and consistent under the single-GPU setting. To improve stability under small-batch train-
ing, Group Normalization (GroupNorm) is used in the ERSG-Fuse module. Synchronized
batch normalization is not adopted because all experiments are conducted on a single GPU.
For CamVid-11, the initial learning rate is set to 0.005. For Cityscapes, the initial learning
rate is set to 0.01. For both datasets, stochastic gradient descent (SGD) is used as the opti-
mizer with momentum of 0.9 and weight decay of 0.0005. Online Hard Example Mining
(OHEM) is used for semantic supervision with a threshold of 0.9 and a kept-pixel number
of 131,072. Mean Intersection-over-Union (mIoU) is used as the primary accuracy metric.

For frames per second (FPS) evaluation, all locally measured models are tested under
the same inference protocol on the RTX 4060 Laptop GPU. The model is set to evaluation
mode, and inference is performed under torch.no_grad() with single-precision floating-
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point (FP32) input tensors and batch size 1. CUDA synchronization is used for timing.
Unless otherwise specified, 50 warm-up iterations and 200 timed iterations are used, and the
average FPS over repeated runs is reported. The input resolution is 960× 720 for CamVid
and 2048× 1024 for Cityscapes. For the representative competing models re-measured in
this work, the same hardware and inference protocol are used.

For computational complexity, THOP (PyTorch-OpCounter) is used to profile multiply–
accumulate operations (MACs) with a single forward pass. The model is set to evaluation
mode, and profiling is performed under torch.no_grad(), so backward propagation
is not included. The dummy input is an FP32 tensor with batch size 1, i.e., (1, 3, H,
W). Giga floating-point operations (GFLOPs) are reported as 2× giga MACs (GMACs),
following the convention that one MAC corresponds to two floating-point operations. Since
no custom counting rules are used, the results follow the default THOP profiling rules;
unsupported operations are not manually added. Thus, the reported GFLOPs should be
interpreted as a static operation-count estimate rather than a hardware-dependent runtime
measurement. For consistency, all variants of the proposed model are profiled using the
same script and counting protocol. Specifically, the input resolution is 960× 720 for CamVid
and 2048× 1024 for Cityscapes, resulting in 35.116 GFLOPs and 106.137 GFLOPs for the
proposed model, respectively.

4. Results
4.1. Sensitivity Analysis of the Boundary Loss Coefficient

To further examine the influence of boundary supervision strength, a sensitivity
analysis of the boundary BCE loss coefficient λbnd is conducted on the CamVid validation
split. In this experiment, λbnd is varied among 5, 10, 20, 30, and 40, while all other training
settings are kept unchanged. Since this experiment aims to evaluate the relative sensitivity
of the boundary loss coefficient rather than to re-estimate the final benchmark performance,
a 10-epoch training setting is adopted.

As shown in Figure 5, the model obtains final validation mIoU values of 80.06%,
79.84%, 80.09%, 79.15%, and 78.36% when λbnd is set to 5, 10, 20, 30, and 40, respec-
tively. The performance remains relatively stable when λbnd is within the range of 5 to
20, with λbnd = 20 achieving the highest final validation mIoU among the tested settings.
However, further increasing the coefficient to 30 or 40 leads to a noticeable performance
drop, suggesting that over-emphasizing boundary supervision may disturb the balance
between boundary learning and semantic segmentation. Therefore, λbnd = 20 is adopted
as a balanced setting in the experiments.
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Figure 5. Sensitivity analysis of the boundary binary cross-entropy (BCE) loss coefficient λbnd on the
CamVid validation split. mIoU denotes mean Intersection-over-Union.
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4.2. Ablation Experiments

To validate the effectiveness of the proposed components, ablation experiments are
conducted on CamVid-11, focusing on three key modules: SGI, PCP, and ERSG-Fuse.
All ablations follow the same data split and training protocol. The mIoU is reported
using the checkpoint with the best validation performance, and the test set is used for
evaluation to support fair and reproducible comparisons. Inference speed is measured on
the same hardware with the same timing script, and the reported FPS is the average of
three repeated runs.

4.2.1. Ablation Setup and Variant Definitions

The full model is taken as the baseline (E0), and four controlled variants are con-
structed by either removing a key module or replacing ERSG-Fuse with a controlled fusion
baseline. All variants follow the principle of minimal modification and keep the network
interfaces unchanged.

• E0: Full model with SGI + PCP + ERSG-Fuse enabled.
• E1: w/o SGI. SGI is removed by skipping the SGI-related paths in the forward pass,

while all other branches and prediction heads are kept unchanged. This variant
evaluates the contribution of pixel-wise gated interaction.

• E2: w/o PCP. PCP is removed and replaced with a lightweight 1 × 1 projection
module, while the output channel dimension and the interfaces to subsequent fusion
and prediction heads are kept unchanged. This variant measures the contribution of
multi-scale context aggregation.

• F0: ERSG-Fuse→ Add. ERSG-Fuse is replaced with a non-learnable fusion baseline
(Add): after spatial alignment and the same feature projections, element-wise addition
(Fd + Fc) is used as the fused output, while the subsequent structure is kept identical
to the ERSG-Fuse setting. This variant is designed to evaluate the importance of
edge-guided fusion compared with naive summation.

• F1: ERSG-Fuse→ Concat-1× 1 convolution. ERSG-Fuse is replaced with a learnable
concatenation-based fusion baseline: after spatial alignment and the same feature
projections, the aligned features are concatenated along the channel dimension and
then compressed by a 1× 1 convolution to match the original fusion output dimension.
The subsequent prediction head remains unchanged. This variant provides a stronger
and commonly used fusion baseline than simple addition, and is used to examine
whether ERSG-Fuse provides additional benefits beyond learnable channel mixing.

4.2.2. Ablation Results and Analysis

Table 1 reports the ablation results on the CamVid-11 test set. Overall, removing
SGI or the PCP leads to a clear accuracy drop, while replacing ERSG-Fuse with different
fusion baselines results in different accuracy–speed trade-offs. To further examine the
accuracy–efficiency behavior of the proposed fusion design, an additional comparison with
a learnable Concat-1× 1 convolution fusion baseline is conducted.

Table 1. Ablation results on CamVid-11. FPS denotes frames per second.

Experiment ID SGI PCP Fusion mIoU (%) FPS

E0 ✓ ✓ ERSG-Fuse 73.33 166.27
E1 × ✓ ERSG-Fuse 71.30 176.79
E2 ✓ × ERSG-Fuse 71.86 176.82
F0 ✓ ✓ Add 70.52 169.40
F1 ✓ ✓ Concat-1 × 1 73.30 148.21
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Overall, the ablation results show that both SGI and the PCP contribute to the accuracy
of the full model, while introducing a noticeable runtime cost of approximately 10 FPS.
Removing SGI reduces mIoU from 73.33% to 71.30%, suggesting that pixel-wise guided
interaction contributes to branch interaction and fine-grained representation, while the
speed increases from 166.27 to 176.79 FPS. Similarly, removing the PCP decreases mIoU
from 73.33% to 71.86%, suggesting that multi-scale context aggregation contributes to
semantic discriminability, with FPS increasing from 166.27 to 176.82.

For the fusion strategy, replacing ERSG-Fuse with naive addition (Fd + Fc) reduces
the mIoU to 70.52%, indicating that direct summation is insufficient to effectively integrate
features from different branches. The Concat-1× 1 baseline introduces learnable channel
mixing by concatenating the aligned features and compressing them with a 1× 1 convolu-
tion, and it achieves a competitive mIoU of 73.30%. This result shows that learnable fusion
is substantially more effective than simple addition in this setting. However, the perfor-
mance gap between ERSG-Fuse and Concat-1× 1 is small in the single-run result. Therefore,
we do not interpret the 0.03 percentage-point difference as a reliable accuracy advantage.

To further examine this small difference, we additionally conduct a multi-seed stability
analysis between ERSG-Fuse and the Concat-1 × 1 baseline. The results are reported
in Table 2. Across three random seeds, ERSG-Fuse obtains 73.61± 0.32% mIoU, while
Concat-1× 1 obtains 73.24± 0.23% mIoU. Although ERSG-Fuse shows a higher average
mIoU, the result is better interpreted as comparable segmentation accuracy rather than a
statistically conclusive accuracy advantage. The more consistent advantage of ERSG-Fuse
lies in inference efficiency. ERSG-Fuse reaches 166.27 FPS, compared with 148.21 FPS for
Concat-1× 1.

Table 2. Multi-seed stability analysis between ERSG-Fuse and the Concat-1 × 1 baseline. Values are
reported as mean ± standard deviation (SD).

Method Seed 1 Seed 2 Seed 3 Mean ± SD

Concat-1 × 1 73.30 73.43 72.98 73.24± 0.23
ERSG-Fuse 73.33 73.95 73.54 73.61± 0.32

This accuracy–efficiency behavior can be further understood from the structural dif-
ferences between the two fusion strategies. Concat-1× 1 performs dense channel mixing
after concatenating multiple branch features, which increases the channel dimension before
compression. In contrast, ERSG-Fuse avoids direct high-dimensional concatenation and
assigns different roles to its internal components. First, the edge-guided gate generates a
single-channel spatial modulation map from the edge feature, allowing the fusion weights
to vary across spatial locations without performing dense channel mixing over concate-
nated features. Second, the residual gated interpolation Y0 = F̃d + G⊙ (F̃c − F̃d) formulates
fusion as a position-adaptive transition from detail features to contextual features, with the
detail branch preserved as the reference representation. Third, the learnable boundary
residual injection Y1 = Y0 + βF̃e introduces edge information as a controlled residual cor-
rection rather than as a full concatenated branch. In addition, edge-branch supervision
provides explicit training signals for the edge representation, making the edge feature more
suitable for gate generation and boundary residual correction. Therefore, these components
should be interpreted as complementary structural designs for efficient boundary-aware
fusion. Overall, ERSG-Fuse provides an efficient alternative to concatenation-based channel
mixing, achieving comparable segmentation accuracy with higher inference speed.

To further examine the performance on detail-sensitive categories, class-wise Intersection-
over-Union (IoU) results are reported for CamVid-11 categories that contain thin structures,
small object regions, or complex object boundaries. Specifically, Pole, SignSymbol, Fence,
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Pedestrian, and Bicyclist are selected for this analysis, since these categories are more
sensitive to local detail preservation and boundary localization.

As shown in Figure 6, the full model E0 achieves favorable class-wise results on
the selected detail-sensitive categories. Compared with the additive fusion baseline F0,
E0 improves Pole, SignSymbol, Fence, Pedestrian, and Bicyclist by 3.06, 3.92, 2.75, 2.42,
and 9.72 percentage points, respectively, indicating that ERSG-Fuse is more effective than
direct summation for these detail-sensitive categories. Compared with E1 and E2, E0
achieves higher IoU on Pole, SignSymbol, Pedestrian, and Bicyclist, showing that SGI
and the PCP contribute to the representation of small or structurally complex categories.
Compared with F1, E0 achieves higher IoU on SignSymbol and Bicyclist, and also obtains
a slightly higher overall mIoU and higher inference speed as reported in Table 1. These
results suggest that ERSG-Fuse provides an effective and efficient fusion strategy for
detail-sensitive semantic segmentation.

Although ERSGNet improves the representation of several detail-sensitive categories,
very small objects and slim structures, such as poles and fences, remain challenging.
A possible direction for future work is to further enhance the interaction between boundary
cues and high-resolution detail features, so that thin structures and small object regions
may receive more focused feature refinement. In addition, more targeted supervision for
rare or narrow categories may also help improve their IoU.

To further provide qualitative evidence, Figure 7 presents the prediction results of
different ablation variants on representative CamVid samples.
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Figure 6. Class-wise Intersection-over-Union (IoU) comparison on detail-sensitive CamVid-11 categories.

As shown in Figure 7a, compared with the ablation variants, the full model produces
clearer object boundaries and less merging in regions containing vehicles and traffic signs.
As shown in Figure 7b, compared with the full model, the variant without SGI shows more
noticeable merging between the two pedestrians, and the road intersection becomes less
clearly separated. As shown in Figure 7c, all ablation variants exhibit varying degrees
of degradation in the left-side sidewalk region compared with the full model, while the
bicyclist also undergoes different levels of shape distortion.
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(a)

(b)

(c)

Figure 7. Qualitative comparison of ERSGNet and its ablation variants on three representative
images from the CamVid test set. In each subfigure, the columns from left to right show the input
image, ground truth (GT), the full ERSGNet, ERSGNet without SGI, ERSGNet without PCP, and
the additive-fusion (Add) variant: (a) a road-intersection scene near a service station; (b) an urban
street scene containing cyclists, pedestrians, and vehicles; (c) a residential street scene with roadside
buildings, vehicles, and a cyclist.

4.3. Input-Resolution Robustness Analysis

To examine the robustness of ERSGNet to test-time input-resolution variation, the same
trained checkpoint is evaluated on the CamVid-11 test split under different forced input
resolutions without retraining. For each setting, each input image is resized to the target
resolution before inference, and the prediction is resized back to the original label resolution
for mIoU calculation.

As shown in Figure 8, the mIoU gradually decreases as the input resolution is reduced
from 960× 720 to 768× 576 and 640× 480. This trend is expected because lower input
resolutions reduce local boundary details and small-object cues. Nevertheless, ERSGNet
remains evaluable under all tested resolutions and does not exhibit abrupt performance
degradation. The resolution-robustness results indicate that the proposed model is not
restricted to a single fixed input size under the tested resolution settings, while the standard
960× 720 resolution remains the most effective setting for CamVid-11 evaluation.
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Figure 8. Input-resolution robustness analysis on CamVid-11.
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Taken together, ERSG-Fuse provides a favorable accuracy–speed trade-off among the
tested components, whereas SGI and the PCP further contribute complementary improve-
ments at a moderate speed cost. The IoU results of several detail-sensitive categories further
show that the performance gain of the proposed model is not limited to the overall segmen-
tation accuracy, but is also reflected in categories that rely more heavily on fine-grained
structures and local boundary cues. These results are consistent with the motivation that
the proposed fusion strategy helps balance contextual semantics and local details during
feature interaction.

4.4. Comparison Experiments
4.4.1. CamVid Comparison and Discussion

Table 3 summarizes the quantitative comparison on CamVid-11 in terms of mIoU, FPS,
and GFLOPs. It provides an overall reference for the accuracy–efficiency trade-off among
representative real-time segmentation models.

Table 3. CamVid-11 comparison with representative real-time segmentation models. GFLOPs denotes
giga floating-point operations, and GPU denotes graphics processing unit.

Model mIoU (%) FPS GFLOPs GPU

ERSGNet 73.33 166.27 35.116 RTX 4060
BiSeNetV2 [8] 72.40 84.64 21.236 RTX 4060
EBUNet [21] 72.20 65.05 48.595 RTX 4060
LAANet [22] 72.19 47.32 24.955 RTX 4060
LETNet [16] 70.50 24.17 38.722 RTX 4060
FBSNet [23] 68.90 13.58 62.387 RTX 4060

On CamVid-11 [24], the ERSGNet achieves 73.33% mIoU. Specifically, the ERSGNet
outperforms the BiSeNetV2, EBUNet, LAANet, LETNet, and FBSNet by 0.93, 1.13, 1.14,
2.83, and 4.43 percentage points, respectively. These results indicate that the ERSGNet
achieves competitive segmentation accuracy under the CamVid-11 evaluation protocol.

The FPS and GFLOPs values in Table 3 are measured under the same input resolution
of 960× 720, the same RTX 4060 Laptop GPU, and the same PyTorch inference setting.
Under this unified setting, the ERSGNet achieves 166.27 FPS with 35.116 GFLOPs. Its
measured FPS is higher than those of all compared models in the table. In terms of
computational complexity, the ERSGNet requires more GFLOPs than the BiSeNetV2 and
the LAANet, but fewer GFLOPs than the EBUNet, LETNet, and FBSNet. Therefore, the
ERSGNet does not achieve its performance by simply minimizing theoretical computation.
Instead, it provides a favorable balance between segmentation accuracy, practical inference
speed, and moderate computational complexity.

From a structural perspective, the CamVid-11 results may be associated with the
branch-specialized and edge-guided design of the ERSGNet. Compared with the dual-
path design of the BiSeNetV2, the ERSGNet further introduces an edge branch to provide
boundary-related guidance for the final fusion stage. This additional boundary cue may
help reduce the interference between contextual semantics and local details during feature
fusion. Compared with lightweight efficient models such as the EBUNet and LAANet,
the ERSGNet does not only rely on compact convolutional design or attention-guided
aggregation. Instead, SGI selectively injects contextual semantics into the detail branch,
while the PCP strengthens multi-scale contextual representation before final fusion. Com-
pared with the LETNet and FBSNet, which strengthen semantic modeling or bilateral
feature aggregation, the ERSGNet further uses ERSG-Fuse to perform edge-guided residual
spatial gating fusion. This design may help preserve local structural cues during feature
integration, which is consistent with the higher mIoU observed in Table 3.
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The runtime result also suggests that the additional branch design does not prevent
the ERSGNet from maintaining practical inference speed under the tested setting. Although
the ERSGNet has more GFLOPs than the BiSeNetV2 and LAANet, it achieves higher FPS on
the same hardware and input resolution. This may be related to its shared low-level feature
extraction, relatively shallow edge branch, SGI applied only at two intermediate detail-
branch stages, channel-compressed parallel context aggregation in the PCP, and lightweight
single-channel spatial gates in ERSG-Fuse. These designs are intended to control the extra
cost introduced by detail, context, and edge modeling.

Overall, the CamVid-11 comparison shows that the ERSGNet achieves the best mIoU
and the highest measured FPS among the compared models under the unified evaluation
setting. Since its GFLOPs are not the lowest, the advantage of the ERSGNet should be
understood as an accuracy–efficiency trade-off associated with its edge-guided feature
fusion design, rather than as a minimum-complexity design.

4.4.2. Cityscapes Comparison and Discussion

Table 4 reports the quantitative comparison on Cityscapes, including mIoU, FPS,
and GFLOPs. It provides an overall reference for the accuracy–efficiency trade-off under
the standard urban street-scene evaluation protocol.

Table 4. Cityscapes-19 comparison with representative real-time segmentation models.

Model mIoU (%) FPS GFLOPs GPU

ERSGNet 69.21 53.93 106.137 RTX 4060
CGNet [18] 64.80 23.17 57.162 RTX 4060
BiSeNet [27] 68.40 25.42 238.967 RTX 4060

Fast-SCNN [17] 68.00 85.48 14.289 RTX 4060
EDANet [19] 67.32 23.55 71.704 RTX 4060

ESPNetv2 [20] 66.15 46.60 39.624 RTX 4060

On Cityscapes-19 [25], all FPS and GFLOPs values in Table 4 are measured under
the same input resolution of 2048× 1024, the same RTX 4060 Laptop GPU, and the same
PyTorch inference setting. The official test-set mIoU returned by the evaluation server is
used as the primary metric. The ERSGNet achieves 69.21% mIoU on the test set. Specifically,
the ERSGNet outperforms the CGNet, BiSeNet, Fast-SCNN, EDANet, and ESPNetv2 by
4.41, 0.81, 1.21, 1.89, and 3.06 percentage points, respectively [17–20,27]. These results indi-
cate that the ERSGNet achieves competitive segmentation accuracy on the more complex
Cityscapes benchmark.

Under the same 2048 × 1024 input setting, the ERSGNet achieves 53.93 FPS with
106.137 GFLOPs. Compared with the BiSeNet, the ERSGNet obtains higher mIoU, higher
FPS, and lower GFLOPs, indicating that the ERSGNet achieves better accuracy and runtime
performance than this dual-path baseline under the unified evaluation setting. Compared
with the CGNet, EDANet, and ESPNetv2, the ERSGNet achieves higher mIoU and higher
FPS, although it requires more GFLOPs. This suggests that although the ERSGNet requires
more GFLOPs than these compact models, it still maintains practical inference speed
under the unified runtime setting. This may be related to the relatively shallow edge
branch, SGI applied only at two intermediate detail-branch stages, channel-compressed
parallel context aggregation in the PCP, and the lightweight ERSG-Fuse module. Compared
with Fast-SCNN, the ERSGNet improves mIoU by 1.21 percentage points, but its FPS
is lower and its GFLOPs are higher. This indicates that extremely compact learning-to-
downsample designs still retain advantages in raw speed and theoretical computation,
while the ERSGNet focuses more on improving segmentation accuracy through richer
feature coordination.
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From a structural perspective, the above results are consistent with the design motiva-
tion of the ERSGNet. The CGNet, EDANet, ESPNetv2, and Fast-SCNN mainly improve
efficiency through compact convolutional structures, context-guided blocks, efficient dense
modules, or early downsampling. These designs reduce computation, but high-resolution
detail and boundary cues may be weakened during feature extraction. The BiSeNet im-
proves real-time segmentation through a dual-path structure that separates spatial details
and semantic context. The ERSGNet further introduces an edge branch and uses SGI, the
PCP, and ERSG-Fuse to coordinate detail features, contextual semantics, and boundary-
related responses. The higher mIoU in Table 4 is consistent with the expected benefit of this
additional edge-guided feature coordination under the full-resolution Cityscapes setting.

Overall, the Cityscapes-19 comparison shows that the ERSGNet provides a favorable
accuracy–efficiency trade-off under the unified 2048× 1024 evaluation setting. Its main ad-
vantage lies in achieving the highest mIoU among the compared models while maintaining
practical real-time inference speed. Meanwhile, ERSGNet is not the most lightweight model
in terms of GFLOPs, so its benefit should be interpreted as accuracy-oriented efficient fusion
rather than a minimum-complexity design.

5. Conclusions
This work targets real-time semantic segmentation for autonomous driving and gen-

eral real-time vision applications, with a particular focus on boundary blur and small-
structure loss in lightweight models. The ERSGNet is proposed together with its key fusion
module, ERSG-Fuse. The ERSGNet adopts a tri-branch design with dedicated detail, con-
text, and edge branches: SGI enables on-demand semantic injection into the detail branch,
while the PCP performs parallel multi-scale aggregation at the end of the context branch to
enhance multi-scale contextual representation. Prior to prediction, ERSG-Fuse generates a
single-channel spatial gate conditioned on edge features to realize location-sensitive fusion,
and further combines residual gated fusion with learnable boundary residual injection. This
design is intended to improve the selectivity of feature fusion and boundary delineation
quality while keeping the additional computational overhead under control.

Experiments on CamVid and Cityscapes show that the ERSGNet achieves competitive
performance in both segmentation accuracy and practical inference efficiency under the
tested settings (CamVid: 73.33% mIoU at 166.27 FPS; Cityscapes: 69.21% mIoU at 53.93 FPS).
For the comparison experiments, FPS and GFLOPs are measured under the same input
resolution, hardware platform, and PyTorch inference setting within each dataset, which
provides a direct reference for evaluating the accuracy–efficiency trade-off. Ablation studies
further support the complementary roles of SGI, the PCP, and ERSG-Fuse. Class-wise
IoU analysis on detail-sensitive categories, unified FPS and GFLOPs comparisons with
representative baselines, loss-weight sensitivity analysis, and input-resolution robustness
analysis provide additional evidence for the effectiveness of the proposed design under the
tested settings. Overall, the results suggest that the ERSGNet provides an effective edge-
guided fusion strategy for improving boundary-related and fine-grained representation,
leading to competitive segmentation accuracy and a favorable accuracy–efficiency trade-off.

Future work will proceed in three directions. First, stronger lightweight backbones will
be explored to further enhance semantic representations without significantly increasing
computational cost. Second, more refined boundary supervision and structural constraints
will be investigated to improve robustness under challenging conditions. Third, the in-
ference pipeline will be further optimized for deployment, aiming to achieve a better
accuracy–speed trade-off.
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