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Abstract. Real-time semantic segmentation requires accurate dense prediction 

under strict latency and computational constraints. Although dual-branch archi-

tectures provide an effective accuracy–efficiency trade-off, they remain suscep-

tible to boundary degradation during cross-branch fusion, insufficient scale di-

versity for small and medium objects, and feature misalignment introduced by 

content-agnostic upsampling. These limitations are particularly evident around 

class transitions, thin structures, and distant objects. To address these issues, we 

propose the Boundary-Centric Fusion and Selective Semantic Pyramid Injection 

Network (BCSNet). Its central design is a shared boundary representation that 

coordinates three boundary-sensitive operations within a lightweight two-branch 

architecture. BCFR uses this representation to regulate bidirectional cross-branch 

interaction and local logit refinement. SL-FPN-SI performs per-pixel semantic-

scale selection through a compact feature pyramid. BCRAU restricts content-

adaptive reassembly to boundary-related regions while retaining bilinear interpo-

lation elsewhere. Under a controlled RTX 4090 evaluation protocol, BCSNet-L 

achieves 79.5% mIoU at 107.0 FPS on Cityscapes, while BCSNet-S obtains 

76.5% mIoU at 189.8 FPS. On CamVid, BCSNet reaches 77.1% mIoU at 156.8 

FPS. The results indicate that BCSNet provides a competitive accuracy–effi-

ciency trade-off under the evaluated desktop-GPU setting. Embedded deploy-

ment and hardware-specific operator optimization remain subjects for further in-

vestigation. 

Keywords: Real-time semantic segmentation, Boundary-aware learning, Multi-

scale representation, Adaptive upsampling 
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1 Introduction 

Semantic segmentation assigns a semantic label to each image pixel and is a fundamen-

tal component of dense scene understanding in autonomous driving, robotic navigation, 

and related perception tasks. In latency-sensitive applications, segmentation models 

must identify drivable areas, vehicles, pedestrians, traffic signs, and other safety-rele-

vant objects while satisfying limited computation and memory budgets. Despite recent 

progress, real-time semantic segmentation remains challenging because high-resolution 

prediction requires both fine spatial detail and sufficiently strong semantic context. Im-

proving one of these properties often increases computational cost or weakens the other, 

resulting in a persistent trade-off among regional accuracy, boundary quality, and in-

ference efficiency. 

To improve this trade-off, recent methods have adopted efficiency-oriented back-

bones, asymmetric resolution processing, and lightweight feature interaction. A repre-

sentative solution is the dual-branch paradigm, in which a high-resolution branch pre-

serves spatial information and a low-resolution branch captures semantic context. BiSe-

NetV2 [24], DDRNet [5], and GCNet [23], among others, illustrate the effectiveness of 

this design. Nevertheless, prediction errors remain concentrated around object con-

tours, thin structures, and small or distant instances. Accurate recognition in these re-

gions depends not only on high-resolution features, but also on cross-scale alignment, 

semantic scale diversity, and controlled interaction between detail and semantic repre-

sentations. 

We identify three related limitations in existing real-time segmentation pipelines. 

First, cross-branch fusion is commonly implemented by bilinear upsampling followed 

by convolutional mixing, which may attenuate high-frequency details and weaken 

boundary responses. Second, the semantic branch often provides limited scale diversity 

for small and medium objects, whereas introducing heavy pyramid decoders increases 

latency and memory cost. Third, interpolation-based upsampling is efficient but con-

tent-agnostic, and thus may introduce feature misalignment near class transitions. Alt-

hough dense adaptive upsampling can improve local alignment, applying it to the entire 

feature map is usually unfavorable for real-time inference. These limitations are not 

isolated; they are most harmful in boundary-critical regions, where fusion, semantic 

injection, and cross-scale alignment jointly determine the final prediction quality. 

These findings suggest a boundary-centric design principle: modeling capacity should 

be adaptively allocated to error-prone boundary regions instead of being uniformly ex-

panded over the entire spatial domain. 

Based on this principle, we propose BCSNet (Boundary-Centric Fusion and Selec-

tive Semantic Pyramid Injection Network), an efficient two-branch framework in which 

a shared boundary representation coordinates three boundary-sensitive operations. 

BCFR regulates asymmetric bidirectional interaction between semantic and detail fea-

tures and performs local logit refinement. SL-FPN-SI constructs a compact semantic 

pyramid and predicts location-dependent scale weights for selective semantic injection. 

BCRAU combines bilinear interpolation with regional content-adaptive reassembly, 

where the adaptive path is evaluated only in boundary-related regions. These 



 BCSNet 3 

 

components are designed as coordinated uses of a common boundary signal rather than 

independent feature-enhancement modules. 

The main contributions of this work are summarized as follows: 

─ We propose BCSNet, a boundary-centric real-time semantic segmentation frame-

work that selectively allocates additional modeling capacity to boundary-critical re-

gions, providing a focused design for improving boundary quality under a con-

strained efficiency budget. 

─ We introduce BCFR, a shared-boundary-guided fusion and refinement module that 

uses boundary cues to regulate bidirectional cross-branch interaction and enhance 

local contour preservation with limited computational overhead. 

─ We design SL-FPN-SI, a lightweight semantic pyramid with selective injection, to 

introduce scale-adaptive semantic cues into the high-resolution stream, improving 

the representation of small and medium objects without relying on a heavy decoder. 

─ We propose BCRAU, a boundary-conditioned region-adaptive upsampling operator 

that restricts content-aware reassembly to boundary regions for efficient cross-scale 

alignment. Experiments on Cityscapes, CamVid, and COCO-Stuff10K, together 

with controlled ablation studies, indicate that BCSNet achieves a practical accuracy–

efficiency trade-off. 

2 Related Work 

2.1 Real-Time Semantic Segmentation 

Real-time semantic segmentation seeks a balance between dense prediction accuracy 

and deployment efficiency [11]. Representative CNN-based methods such as BiSe-

NetV2 [24] and DDRNet [5] improve this trade-off through dual-branch feature de-

composition and repeated cross-resolution fusion, while PIDNet [21] introduces ex-

plicit boundary-aware modeling to alleviate detail oversmoothing. More recent meth-

ods explore stronger context modeling under real-time constraints, including RTFormer 

[17], SeaFormer [16], AFFormer [3], SCTNet [22], and GCNet [23]. In contrast to 

methods that rely on an additional heavy semantic pathway or an explicit auxiliary 

branch, BCSNet employs a shared boundary representation to guide cross-branch in-

teraction and boundary-sensitive refinement within a lightweight two-branch frame-

work [24]. 

2.2 Multi-Scale Context and Boundary Modeling 

Multi-scale semantic representation and boundary preservation remain two central 

challenges in urban-scene parsing, especially for thin structures and small objects. Re-

cent efficient architectures enhance contextual representation through token pyramids, 

mobile-friendly attention, or training-time semantic guidance, as exemplified by 

TopFormer [27], SeaFormer [16], AFFormer [3], and SCTNet [22]. Meanwhile, bound-

ary-aware designs such as PIDNet [21] show that explicitly modeling contour 
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information is beneficial for detail recovery. However, existing methods typically treat 

semantic enrichment and boundary correction as loosely coupled processes [20]. 

BCSNet addresses them jointly by combining selective semantic pyramid injection 

with shared boundary guidance [15], thereby improving contextual diversity and con-

tour precision without introducing a heavy decoding stage [13]. 

2.3 Adaptive Upsampling and Feature Alignment 

Accurate cross-scale fusion further depends on feature alignment during upsampling. 

FPN [6] establishes a standard top-down multi-scale aggregation scheme, but interpo-

lation-based alignment may still blur object boundaries. CARAFE [18] demonstrates 

that content-aware reassembly can improve feature upsampling, although applying 

such adaptive operators densely over the full image is often unfavorable for real-time 

deployment. Our boundary-constrained adaptive upsampling follows the same content-

aware motivation, but restricts adaptive reassembly to narrow boundary regions while 

retaining bilinear interpolation elsewhere, improving boundary alignment with a lower 

computational cost [8]. 

3 Methodology 

3.1 Overall Network Architecture 

Given an input image 𝐈 ∈ ℝ𝐻×𝑊×3, BCSNet adopts a two-branch architecture. The 

semantic branch progressively reduces the spatial resolution to output strides 16, 32, 

and 64 to capture contextual information. The detail branch maintains an output stride 

of r = 8 to preserve spatial structures and class transitions. As shown in Fig. 1, the 

branches exchange information at multiple stages. Semantic features are aligned and 

injected into the detail stream, while selected detail features are fed back to the semantic 

stream. After the final semantic stage, a lightweight context aggregation module pro-

duces a compact semantic representation. This representation is fused with the detail 

stream to obtain 𝐅hi ∈ ℝ
𝐻

𝑟
×

𝑊

𝑟
×𝐶

. A lightweight segmentation head predicts initial logits 

𝐙 ∈ ℝ
𝐻

𝑟
×

𝑊

𝑟
×𝐾

 for 𝐾 classes. 

Throughout the paper, r denotes the output stride of the high-resolution detail branch, 

whereas k denotes a semantic-branch stride. 𝒰𝑘→𝑟 and 𝒟𝑟→𝑘 denote spatial upsampling 

and downsampling alignment, respectively. 𝐁 is the soft boundary probability, 𝐆 is the 

continuous routing gate, 𝐌 is the thresholded and dilated boundary-band mask, and 

𝐌align is the corresponding mask resized to the target alignment resolution. The oper-

ator ⊙ denotes element-wise multiplication with spatial broadcasting over channels. 
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Fig. 1. Overall architecture of the proposed BCSNet. The network follows an efficient two-

branch design and integrates BCFR, SL-FPN-SI, and BCRAU for boundary-aware fusion, 

multi-scale semantic enhancement, and boundary-sensitive feature alignment. 

3.2 Boundary-Centric Cross-Branch Fusion and Refinement 

As illustrated in Fig. 2, BCFR derives a shared boundary representation from the high-

resolution detail branch and uses it for cross-branch feature routing and local logit re-

finement. The module consists of boundary estimation, asymmetric bidirectional rout-

ing, and boundary-band refinement. 

Boundary representation. Following the structure shown in Fig. 2, we first predict 

a boundary probability map from the high-resolution detail feature 𝐅det: 

 𝐁 = 𝜎(𝑔bnd(𝐅det)), 𝐁 ∈ [0,1]
𝐻

𝑟
×

𝑊

𝑟  (1) 
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where 𝑔bnd(⋅) is a lightweight boundary head implemented by a depthwise separa-

ble convolution. For numerical stability, the boundary probability map is clipped as 

 𝐆 = clip(𝐁, 10−6, 1 − 10−6) (2) 

where 𝐆 is used as the boundary gate. 

 

Fig. 2. Illustration of the proposed BCFR module. BCFR uses a shared boundary representation 

to guide bidirectional cross-branch interaction and boundary-focused refinement. 

Boundary-guided bidirectional fusion. Let 𝐅sem and 𝐅det denote semantic and de-

tail features at a fusion stage, with output strides k and r, respectively. We first align 

their spatial resolutions and channel dimensions: 

 𝐅̃sem = 𝒰𝑘→𝑟(𝒞(𝐅sem)), 𝐅̃det = 𝒟𝑟→𝑘(ℰ(𝐅det)) (3) 

where 𝒞(⋅) and ℰ(⋅) are 1 × 1 convolutions, 𝒟𝑟→𝑘(⋅) denotes downsampling align-

ment, and 𝒰𝑘→𝑟(⋅) denotes upsampling alignment. 

For semantic-to-detail injection, the boundary gate modulates feature fusion:  

 𝐅det
+ = 𝜙d ((1 − 𝐆) ⊙ 𝐅̃sem + 𝐆 ⊙ 𝐅det) (4) 

where 𝜙d(⋅) is a 3 × 3 depthwise separable convolution. For detail-to-semantic feed-

back, boundary-localized detail cues are injected into the semantic branch: 

 𝐅sem
+ = 𝐅sem + 𝜙s(𝒟𝑟→𝑘(𝐆) ⊙ 𝐅̃det) (5) 

where 𝜙s(⋅) is also implemented by a 3 × 3 depthwise separable convolution. The 

two routing directions serve different purposes. In semantic-to-detail routing, the con-

tinuous gate retains high-resolution responses around predicted boundaries and intro-

duces semantic information mainly in spatially homogeneous regions. In detail-to-se-

mantic routing, only boundary-weighted detail features are propagated, which limits 

the transfer of unrelated low-level responses into the semantic stream. 



 BCSNet 7 

 

 

Fig. 3. Illustration of the proposed SL-FPN-SI module. It constructs a lightweight semantic 

pyramid and selectively injects scale-adaptive semantic cues into the high-resolution stream. 

Boundary-aware refinement and loss. A boundary band mask 𝐌 is obtained from 

B: 

 𝐌 = 𝛿(𝐁; 𝜏) (6) 

where 𝛿(⋅) denotes thresholding at τ = 0.5 followed by 2-pixel dilation with a 3 × 3 

square structuring element. The initial logits are refined only inside the boundary band: 

 𝐙′ = 𝐙 + 𝐌 ⊙ ℎ(𝐙) (7) 

where  ℎ(⋅) is a lightweight residual refinement block with two DW-separable 3 × 3 

convolutions. 

The overall objective is 

 ℒ = ℒseg + 𝛼ℒaux + 𝛽ℒbnd + 𝛾ℒref (8) 

Here, ℒseg is the main segmentation loss, ℒaux is the auxiliary segmentation loss, 

and ℒbnd supervises the boundary map using ground-truth boundaries. The refinement 

loss is computed only within the boundary band: 

 ℒref =
1

∑ 𝐌𝑝 (𝑝)+𝜖
∑ 𝐌𝑝 (𝑝) ⋅ ℒCE (𝐙′(𝑝), 𝐘gt(𝑝)) (9) 

where 𝐘gt  is downsampled to stride r by nearest-neighbor interpolation, and 𝜖 =

10−6. We set 𝛼 = 0.4 , 𝛽 = 0.2, and 𝛾 = 0.1 in all experiments. 

3.3 Semantic Lightweight Feature Pyramid with Selective Injection 

As shown in Fig. 3, SL-FPN-SI introduces multi-scale semantic information without 

constructing a heavy high-resolution decoder. It first forms a compact pyramid from 

semantic-branch features and then predicts location-dependent scale weights for injec-

tion into the high-resolution stream. 

Lightweight semantic pyramid. Given semantic features {𝐒𝑘}𝑘∈𝒦  with output 

strides 𝒦 = {16,32,64} , where 𝐒𝑘 ∈ ℝ
𝐻

𝑘
×

𝑊

𝑘
×𝐶𝑘 , lateral embeddings are obtained by 
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 𝐏𝑘 = ℓ𝑘(𝐒𝑘), 𝑘 ∈ 𝒦 (10) 

where all pyramid features share 𝐶pyramid = 64 channels. Coarse-to-fine fusion is 

then performed as 

 𝐏𝑘fine
← 𝜌 (𝐏𝑘fine

+ 𝒰bil(𝐏𝑘coarse
)) (11) 

where 𝑘fine < 𝑘coarse , and 𝜌(⋅) is a 3 × 3 depthwise separable convolution. 

Selective injection. Each pyramid feature is aligned to stride 𝑟 = 8 : 

 𝐏̅𝑘 = 𝒰𝑘→𝑟(𝐏𝑘), 𝑘 ∈ 𝒦 (12) 

Per-pixel scale weights are computed as 

 𝝅 = softmax(𝑔sel([𝐅hi , {𝐏̅𝑘}𝑘∈𝒦 , 𝐁])) (13) 

where 𝑔sel is a 1 × 1 convolution that outputs |𝒦| channels, and the softmax is ap-

plied along the scale dimension. Therefore, for every spatial location p, the weights 

satisfy 𝜋𝑘(𝑝) ≥ 0 and ∑ 𝜋𝑘𝑘∈𝒦 (𝑝) = 1 . The injected feature is consequently a nor-

malized mixture of semantic scales rather than an unconstrained accumulation of pyr-

amid features. 

The injected semantic feature is 

 𝐏inj = ∑ 𝜋𝑘𝑘∈𝒦 ⊙ 𝜓𝑘(𝐏̅𝑘), 𝐅hi
+ = 𝐅hi + 𝐏inj (14) 

where 𝜓𝑘(⋅) is a 1 × 1 channel adapter. 

3.4 Boundary-Conditioned Region-Adaptive Alignment Upsampling 

As illustrated in Fig. 4, BCRAU combines a full-map bilinear path with a regionally 

activated adaptive path. Bilinear interpolation provides the default aligned feature, 

while content-adaptive reassembly replaces the bilinear result only within boundary-

related regions. 

Regional mixture. The two-path mixture shown in Fig. 4 is formulated as follows. 

Given a source feature map 𝐗 ∈ ℝ
𝐻

𝑘
×

𝑊

𝑘
×𝐶

 to be upsampled from stride 𝑘 to 𝑟 , the bilin-

ear result is 

 𝐗̃ = 𝒰bil(𝐗) (15) 

Let 𝐗̃ denote the adaptive reassembly result, and let 𝐌align denote the binary bound-

ary band 𝐌 resized to the target resolution by nearest-neighbor interpolation. The final 

aligned feature is 

 𝒰𝑘→𝑟(𝐗) = 𝐌align ⊙ 𝐗̂ + (1 − 𝐌align) ⊙ 𝐗̃ (16) 

where 𝐌align is broadcast along the channel dimension. 
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Fig. 4. Illustration of the proposed BCRAU module. BCRAU applies content-adaptive upsam-

pling only within boundary regions while preserving bilinear interpolation elsewhere. 

Content-adaptive reassembly. Reassembly weights over an  𝑁 × 𝑁 neighborhood 

are predicted as 

 𝐊 = softmax (𝑔ker([𝒰bil(𝜂(𝐗)), 𝐌align])) (17) 

where  𝑁 = 3 by default, 𝜂(⋅) reduces the channel number to C/4, and 𝑔ker(⋅) is im-

plemented by two depthwise separable 3 × 3 convolutions. The softmax is applied 

along the neighborhood dimension. For target location p, the adaptive output is 

 𝐗̂(𝑝) = ∑ 𝐊𝑞∈𝒩(𝑝) (𝑝, 𝑞)𝐗̃(𝑞) (18) 

where 𝒩(𝑝) denotes the 𝑁 × 𝑁 target-grid neighborhood centered at p. 

Implementation. BCRAU is implemented with an optimized tile-level strategy. The 

target feature map is partitioned into regular tiles, and a tile is activated if it overlaps 

with 𝐌align. Adaptive reassembly is evaluated only for activated tiles, while inactive 

tiles reuse the bilinear result. For reproducibility, we also provide a dense PyTorch 

fallback that implements bilinear upsampling, kernel prediction, adaptive reassembly, 

mask processing, and output mixing with standard dense tensor operations. Unless oth-

erwise specified, the reported BCRAU latency refers to the optimized tile-level imple-

mentation and includes all operator costs. 

4 Experiments 

We evaluate BCSNet on three semantic segmentation benchmarks and conduct con-

trolled ablation studies on Cityscapes to analyze the contribution of each proposed com-

ponent. To make the accuracy–efficiency comparison more interpretable, we explicitly 

specify the evaluation protocol. 

Protocol. The main accuracy–efficiency comparison is reported on Cityscapes, 

while all ablation studies are conducted on the Cityscapes validation set under identical 

training and inference settings. In Table 1, “*” denotes a model reimplemented and 

measured by us on a single NVIDIA RTX 4090 GPU under the listed input resolution. 

FPS values of unmarked methods are taken from the corresponding publications and 
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are not directly hardware-normalized. The proposed BCSNet variants and all marked 

baselines are evaluated using the same timing procedure. Unless otherwise specified, 

BCRAU latency is measured using the optimized tile-level implementation and in-

cludes all mask-processing and adaptive-reassembly operations. 

4.1 Datasets 

Cityscapes. Cityscapes [2] provides 5,000 finely annotated images with a native res-

olution of 1024 × 2048, including 2,975 images for training, 500 for validation, and 

1,525 for testing. The test annotations are withheld for online evaluation, and 19 se-

mantic classes are used. 

CamVid. CamVid [1] contains 701 labeled frames at a native resolution of 960 × 

720. We follow the standard 367/101/233 train/validation/test split and report results 

under the 11-class protocol. 

COCO-Stuff10K. COCO-Stuff10K [7] contains 10,000 densely annotated images, 

with 9,000 images for training and 1,000 images for validation. Unlabeled pixels are 

ignored during training and evaluation. We use an input resolution of 512 × 512 for 

both training and evaluation on this dataset. 

4.2 Evaluation Metrics 

We use mean Intersection over Union (mIoU) as the primary accuracy metric. For each 

class 𝑘, IoU and mIoU are computed as 

 IoU𝑘 =
TP𝑘

TP𝑘+FP𝑘+FN𝑘
, mIoU =

1

𝐾
∑ IoU𝑘

𝐾
𝑘=1  (19) 

where TP𝑘  , FP𝑘  , and FN𝑘  denote true-positive, false-positive, and false-negative 

pixels for class k, respectively, and K is the number of semantic classes. Inference effi-

ciency is measured by frames per second (FPS): 

 FPS =
1000

𝑡̅
 (20) 

where 𝑡̅ denotes the average inference latency in milliseconds per image. We also 

report GFLOPs to reflect the computational cost of a single forward pass under the 

evaluated input resolution. To assess boundary quality, we report Boundary F-score 

(BF), where contour maps are extracted from segmentation masks following [26] and 

evaluated with a tolerance of 2 pixels. BF is used in the ablation study to evaluate 

whether the boundary-centric design improves contour-oriented behavior in addition to 

global region accuracy. 

4.3 Main Results 

Table 1 presents the accuracy–efficiency comparison on Cityscapes. Under the matched 

RTX 4090 evaluation protocol, BCSNet-S achieves 76.5% mIoU at 189.8 FPS with 

8.7M parameters and 27.2 GFLOPs, demonstrating a favorable balance between 
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segmentation accuracy and computational efficiency. Compared with the reimple-

mented DDRNet-23-Slim baseline, BCSNet-S improves mIoU by 0.2 percentage points 

while requiring fewer GFLOPs. GCNet-S reports slightly higher throughput but lower 

segmentation accuracy; however, its FPS is taken from the original publication and is 

therefore not directly comparable under the same hardware setting. With ImageNet-1K 

pretraining, BCSNet-S (IN-1K) further improves mIoU from 76.5% to 77.2% without 

changing the parameter count or computational complexity, while maintaining nearly 

identical inference speed because the network architecture remains unchanged. 

Increasing the model capacity yields further accuracy improvements. BCSNet-M 

achieves 77.5% mIoU at 134.0 FPS, whereas BCSNet-L reaches 79.5% mIoU at 107.0 

FPS, attaining the highest mIoU among the methods listed in Table 1 while retaining 

real-time inference speed under the measured setting. 

Table 1. Accuracy efficiency comparison on Cityscapes. “*” denotes models reimplemented 

and retested by us on a single RTX 4090 GPU under the listed input resolution. “ImageNet” in-

dicates whether ImageNet pretrained weights are used. 

Method Resolution 
FPS 

↑ 

Params 

(M) ↓ 

GFLOPs 

(G) ↓ 

Image

Net 

mIoU 

(%) ↑ 

ICNet [28] 1024 × 2048 181.3 24.9 74.3 × 71.6 

Fast-SCNN* [14] 1024 × 2048 325.9 1.4 7.3 × 71.0 

SwiftNetRN-18 [10] 1024 × 2048 39.9 11.8 104.0 ✓ 75.4 

CGNet [19] 1024 × 2048 73.9 0.5 27.5 × 68.3 

BiSeNetV1* [25] 1024 × 2048 116.8 13.3 118.0 ✓ 74.4 

BiSeNetV2* [24] 1024 × 2048 132.4 3.4 98.4 × 73.6 

STDC1* [4] 1024 × 2048 183.7 8.3 67.5 × 71.8 

STDC2* [4] 1024 × 2048 132.8 12.3 93.8 × 74.9 

HyperSeg-M [9] 512 × 1024 59.1 10.1 7.5 ✓ 76.2 

HyperSeg-S [9] 768 × 1536 45.7 10.2 17.0 ✓ 78.2 

PP-LiteSeg-T2 [12] 768 × 1536 96.0 – – ✓ 76.0 

PP-LiteSeg-B2 [12] 768 × 1536 68.2 – – ✓ 78.2 

DDRNet-23-Slim* 

[5] 
1024 × 2048 166.4 5.7 36.3 × 76.3 

DDRNet-23* [5] 1024 × 2048 106.0 20.3 143.0 × 78.0 

PIDNet-S* [21] 1024 × 2048 128.7 7.7 47.3 × 75.4 

PIDNet-M* [21] 1024 × 2048 78.2 28.7 177.0 × 77.2 

PIDNet-L* [21] 1024 × 2048 64.2 37.3 275.0 × 77.8 

SCTNet-S-Seg75* 

[22] 
768 × 1536 168.7 4.6 16.0 × 74.7 

SCTNet-B-Seg75* 

[22] 
768 × 1536 157.3 17.4 63.2 × 78.5 

GCNet-S [23] 1024 × 2048 193.3 9.2 45.2 × 75.3 

GCNet-M [23] 1024 × 2048 105.0 34.2 178.0 × 77.0 
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Method Resolution 
FPS 

↑ 

Params 

(M) ↓ 

GFLOPs 

(G) ↓ 

Image

Net 

mIoU 

(%) ↑ 

GCNet-L [23] 1024 × 2048 88.0 45.2 232.0 × 78.6 

BCSNet-S 1024 × 2048 189.8 8.7 27.2 × 76.5 

BCSNet-S (IN-1K) 1024 × 2048 188.8 8.7 27.2 ✓ 77.2 

BCSNet-M 1024 × 2048 134.0 32.3 171.2 × 77.5 

BCSNet-L 1024 × 2048 107.0 42.6 221.2 × 79.5 

 

Table 2 presents the cross-dataset comparison and cumulative transfer ablation re-

sults on CamVid and COCO-Stuff10K. On CamVid, the dataset-specific BCSNet base-

line achieves 75.8% mIoU at 166.7 FPS. Sequentially introducing BCFR and SL-FPN-

SI increases the mIoU to 76.4% and 76.8%, respectively, while the complete model 

with BCRAU reaches 77.1% mIoU at 156.8 FPS. Compared with the baseline, the full 

configuration improves mIoU by 1.3 percentage points with a throughput reduction of 

9.9 FPS. Among the listed methods, BCSNet achieves accuracy close to PIDNet-S, 

with 77.1% versus 77.2% mIoU, while reporting higher throughput of 156.8 versus 

142.8 FPS. GCNet-S provides higher reported throughput but lower accuracy, obtain-

ing 76.6% mIoU at 210.6 FPS. 

Table 2. Cross-dataset comparison and cumulative transfer ablation on CamVid and COCO-

Stuff10K. The BCSNet rows progressively add BCFR, SL-FPN-SI, and BCRAU to the corre-

sponding dataset-specific baseline. All BCSNet variants within each dataset use identical train-

ing and evaluation settings. 

Dataset Method Resolution FPS↑ mIoU ↑ 

CamVid 

DDRNet-23-Slim [5] 960 × 720 189.

3 
76.2 

PIDNet-S [21] 960 × 720 142.

8 
77.2 

GCNet-S [23] 960 × 720 210.

6 
76.6 

BCSNet baseline 960 × 720 166.

7 
75.8 

+ BCFR 960 × 720 163.

4 
76.4 

+ SL-FPN-SI 960 × 720 160.

1 
76.8 

+ BCRAU 960 × 720 156.

8 
77.1 

COCO-

Stuff10K 

AFFormer-B [3] 512 × 512 46.5 35.1 

RTFormer-B [17] 512 × 512 90.9 35.3 

SCTNet-B [22] 512 × 512 141.

5 
35.9 

BCSNet baseline 512 × 512 155.

7 
33.9 

+ BCFR 512 × 512 152.

3 
34.4 

+ SL-FPN-SI 512 × 512 148.

6 
34.9 
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Dataset Method Resolution FPS↑ mIoU ↑ 

+ BCRAU 512 × 512 145.

3 
35.2 

A consistent cumulative improvement is observed on COCO-Stuff10K. Starting 

from 33.9% mIoU at 155.7 FPS, BCFR and SL-FPN-SI progressively improve the re-

sult to 34.4% and 34.9%, respectively, and the complete configuration reaches 35.2% 

mIoU at 145.3 FPS. This corresponds to a 1.3-point improvement over the baseline 

with a throughput reduction of 10.4 FPS. BCSNet also outperforms AFFormer-B and 

approaches RTFormer-B and SCTNet-B in accuracy, while maintaining higher re-

ported throughput than these methods in the listed comparison. Overall, the consistent 

gains across both datasets indicate that BCFR and SL-FPN-SI provide the primary ac-

curacy improvements, whereas BCRAU contributes an additional 0.3-point gain on 

each dataset. 

Overall, BCSNet achieves a competitive accuracy–efficiency trade-off across City-

scapes, CamVid, and COCO-Stuff10K. The consistent gains over the dataset-specific 

baselines further demonstrate the effectiveness and cross-dataset applicability of the 

proposed modules. 

4.4 Ablation Studies 

Table 3 reports the cumulative component ablation, boundary-mask sensitivity, and 

BCRAU implementation comparison on the Cityscapes validation set. Starting from 

the baseline, BCFR improves mIoU from 75.6% to 76.4% and BF from 79.1 to 79.8, 

demonstrating the effectiveness of boundary-guided cross-branch interaction and local 

refinement. Adding SL-FPN-SI further increases the performance to 77.0% mIoU and 

80.2 BF, confirming the benefit of selective multi-scale semantic injection. With 

BCRAU, the complete model achieves 77.2% mIoU and 80.5 BF at 189.8 FPS. Com-

pared with the baseline, the full configuration provides gains of 1.6 mIoU points and 

1.4 BF points, while reducing throughput from 201.4 to 189.8 FPS. 

The sensitivity results support the use of τ = 0.5 and a 2-pixel dilation as the default 

boundary-mask settings. Reducing the threshold to 0.3 enlarges the activated boundary 

region, decreasing throughput from 189.8 to 186.8 FPS without improving accuracy. 

Increasing it to 0.7 raises throughput to 191.2 FPS but reduces mIoU and BF to 76.9% 

and 80.1, respectively. Similarly, a 1-pixel dilation provides slightly higher throughput 

but lower accuracy, whereas a 3-pixel dilation expands the processed region and re-

duces FPS to 187.6 without additional performance gains. The default configuration 

therefore provides the most favorable accuracy–efficiency trade-off among the evalu-

ated settings. 

The final comparison evaluates the dense PyTorch fallback and the optimized tile-

level implementation of BCRAU. Both implementations achieve identical results of 

77.2% mIoU and 80.5 BF, indicating that the execution strategy does not affect predic-

tion quality. The tile-level implementation increases throughput from 171.8 to 189.8 

FPS and reduces peak memory consumption from 2876 MB to 2412 MB. These results 



14  M. Li et al. 

 

demonstrate that regional execution improves the efficiency of BCRAU while preserv-

ing its segmentation performance. 

Table 3. Component ablation, parameter sensitivity, and BCRAU implementation comparison 

on the Cityscapes validation set. Each sensitivity experiment varies one factor at a time while 

keeping the remaining settings fixed. Default settings are shown in bold. GFLOPs denote the 

dense-equivalent arithmetic cost, whereas FPS reflects the actual regional execution strategy. 

Setting mIoU ↑ BF ↑ FPS ↑ GFLOPs 

↓ 

Peak Mem. 

↓ 
Component ablation 

Baseline 75.6 79.1 201.4 20.4 – 

+ BCFR 76.4 79.8 197.0 21.8 – 

+ SL-FPN-SI 77.0 80.2 193.1 24.3 – 

+ BCRAU 77.2 80.5 189.8 27.2 2412 MB 

Boundary-threshold sensitivity 

τ = 0.3 77.1 80.4 186.8 27.2 – 

τ = 0.5 77.2 80.5 189.8 27.2 – 

τ = 0.7 76.9 80.1 191.2 27.2 – 

Boundary-band dilation sensitivity 

d = 1 pixel 77.0 80.2 190.5 27.2 – 

d = 2 pixels 77.2 80.5 189.8 27.2 – 

d = 3 pixels 77.1 80.4 187.6 27.2 – 

BCRAU implementation 

Dense PyTorch fallback 77.2 80.5 171.8 27.2 2876 MB 

Tile-level BCRAU (T = 8) 77.2 80.5 189.8 27.2 2412 MB 

Fig. 5 analyzes the internal design choices of the proposed modules. For BCFR, both 

the routing-only and refinement-only variants improve over the baseline, while the 

complete BCFR design achieves the best result in this group. This indicates that bound-

ary-guided routing and local refinement provide complementary effects. For SL-FPN-

SI, naive concatenation improves performance, but selective injection with 

K={16,32,64} achieves a better accuracy–efficiency balance. Adding the stride-8 level 

further increases mIoU to 77.1%, but reduces FPS to 190.6, suggesting that the default 

scale set is more suitable for the targeted real-time setting. 
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Fig. 5. Ablation results of the proposed modules on the Cityscapes validation set. (a) Design 

ablation of BCFR. (b) Design ablation of SL-FPN-SI. (c) Design ablation of BCRAU. (d) FPS 

trend across representative module variants. mIoU and BF measure segmentation accuracy and 

boundary quality, respectively, while FPS reflects inference efficiency. 

For BCRAU, full-image adaptive upsampling improves mIoU from 77.0% to 77.3% 

and BF from 80.2 to 80.6. In contrast, the proposed boundary-only adaptive strategy 

preserves most of the accuracy gain while maintaining real-time throughput. The 

boundary-only 3 × 3 variant obtains 77.2% mIoU and 80.5 BF at 189.8 FPS, while the 

5 × 5 variant reaches 77.3% mIoU and 80.6 BF at 185.6 FPS. These results confirm 

that dense adaptive reassembly is the main source of latency and that restricting adap-

tive alignment to boundary regions provides a more favorable trade-off between bound-

ary-sensitive alignment and inference efficiency. 

4.5 Qualitative Visualizations 

Fig. 6 presents qualitative comparisons among PIDNet, GCNet, and the proposed 

BCSNet on representative Cityscapes validation images. The highlighted regions 

mainly cover boundary-sensitive areas, including sidewalks, poles, traffic signs, road-

side structures, and distant small objects. Compared with the competing methods, 

BCSNet produces more continuous object contours and more stable class transitions 

around these regions. This suggests that the proposed boundary-centric design helps 

reduce the boundary blurring and local semantic confusion commonly observed in 

high-resolution urban-scene segmentation. 
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Fig. 6. Qualitative comparison on representative Cityscapes validation images among PIDNet, 

GCNet, and the proposed BCSNet. Red boxes highlight boundary-sensitive regions and small 

or thin objects, where accurate contour preservation and semantic consistency are challenging. 

In addition to contour preservation, BCSNet maintains more coherent predictions 

for large semantic regions such as roads, buildings, and vegetation, while better retain-

ing thin structures and small objects. These observations are consistent with the quan-

titative ablation results, where the proposed modules improve both mIoU and BF. Over-

all, the qualitative results provide visual evidence that BCFR, SL-FPN-SI, and BCRAU 

jointly contribute to boundary-aware fusion, multi-scale semantic enhancement, and 

boundary-sensitive feature alignment. 

5 Conclusion 

This paper introduced BCSNet, a boundary-centric framework for real-time semantic 

segmentation. The framework uses a shared boundary representation to coordinate 

cross-branch interaction, semantic-scale selection, and regional adaptive alignment 

within a two-branch architecture. BCFR performs boundary-guided feature routing and 

local logit refinement, SL-FPN-SI forms a normalized mixture of semantic scales, and 

BCRAU restricts content-adaptive reassembly to boundary-related regions. Experi-

ments on Cityscapes, CamVid, and COCO-Stuff10K show that BCSNet provides com-

petitive segmentation accuracy and throughput under the reported settings. The ablation 

results further indicate that the proposed components are associated with improvements 

in both mIoU and boundary F-score. The current study has several limitations. First, 

latency is evaluated primarily on a desktop GPU and does not establish performance on 

embedded or low-power hardware. Second, the cross-dataset evaluation does not di-

rectly measure robustness to adverse illumination, weather, occlusion, or domain shift. 

Third, the boundary analysis relies mainly on an aggregate BF metric and does not 

separate errors by class, object size, or boundary distance. Future work will investigate 
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hardware-specific optimization, model compression and quantization, adverse-condi-

tion robustness, and more detailed boundary-error analysis. 
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