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Fig. 2 Adaptive sampling convolution
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Fig. 3 Boundary refinement module
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Fig. 4 Feature propagation module
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rh B o FIMERE PR THROR . A SCHE Cityscapes %X
PR LT T RGNS, ARSI 3,

SRR BT BiSeNetV2 HULER, 1R AMIs
AELR (Baseline); 4 — 2H B UE A% 48 ] AR 2 46 FUTE I 45
PRI 5 A A\ A S A A LB A S
R, DOULER AR Bl N 20 (i FH s X B AR R 1Y
A

IS R R, ARG Al A IS BT 3L
BRI - BURS BE R R, X AT RE= R A WAL L 42 )R 2% 2
D2 T MY ASC i . BRM BEHAI
FPM 8 M B T2 & 3 FIRG BE . InA ASC Bk,

%1 RREAEMRMEE £ Cityscapes # & £ 695 B i e st it

Table 1 Performance comparison of different convolution kernels on Cityscapes

Kernel size Params/M FLOPs/G mloU/%
DCN (k=3) 25 6.5 74.67
DCN (k=5) 3.8 8.5 75.11
DCN (k=7) 45 10.8 74.05
ASC (k=3) 2.8 7.1 76.18
ASC (k=5) 4.2 9.5 76.07
ASC (k=7) 5.0 12.0 76.45

% 2 TR ta AR e 69 P B AT E
Table 2 Performance comparison of different boundary refinement modules

Params/M FLOPs/G mloU/%
GS-Gate 38.5 78.9 77.88
AlignFeat 16.8 45.2 75.09
BEM 5.1 12.5 75.65
BRM 8.3 21.7 77.85
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mloU % Baseline $2 7} T 0.44%., %45 B 18 i 3% )8 35 FX
R RFESNE , TR T R0 v] AR (a2 B, 3 T A
PSR ROBE H bR 1 35 N g 77 . BRM S 9 in A fifi
BRNet 1) mIoU #H [t Baseline &5 T 2.11%, #idiF &
FIMUHFNaR 22 5% enm AL T X BLE BRI AE S, i
AE PR BRI 4R BUE 230 B 4017 . FPM B sl fff s
mloU %% Baseline 32 7+ T 0.23%, 1M /e 4% 8 15 4 P
B | IR (= =N 0] L o L e (5 7 22 s a5
PRI

SN B N\ TR LS A BB DI
PRI o SN SEER4S A ASC ALELRT BRM e, A
¢ Baseline 2T+ T 3.89%. 55 -L A5 H 45 A ASC FER
1 FPM #5ibk, A% Baseline #2711 1.36%. 5 /\ZH505:
454 BRM 5 He fl FPM #5245 Baseline #2 F1 T
2.49%, ILH L[R5 A ASC. BRM 1 FPM =4~
BEHL, B0 IE T 4 B HUI G N 943 %0, BRNet 1Y
mloU %5 Baseline #2551 5.69%, UEH T 4B H by [A]
FHXF ST AL S FI R ) DTHR

THANCIR S R, AR SCHR s RS HRAE AN 2 1T
Pl 7B A RRIE FRIA UG SRS RE T, $2F T I i

SRS SCor B HERRE o
3.3.4 AR EASLRI BT

HIR S0 3 7 S0k T 25 A 20k K R S PR )
o Ry BT A T PPAG AR SCAr 2 ) BRM. ASC. FPM
PR 1 RO R AR LRI A3, A/ NI T S5itT
(1 TR T RE RS H i X B & 9e g . o, 0 g s A
BEM 5| FAKJZE W 45 2% 21 i 75 Btttk & 5 (5 8
DCN 3 3 2 285 18 2 SR A 7 0 f 444 5 A5 780 6k LA JE 728 )
ST AEER B N . FARSS IR 4,

He 4 mT %0, A SCHE Y i B AN e R E (BRM)
AU A PRI Z O, K5 AR RS
H(ASC) W PRRIE I JE € 1 . BRM+ASC 414 1 1
e E LT AT Al A, X5 45T BRM 7831 5 4il 1k
55 ASC 7E [ 35 V8K 37 BF R 2% b s sk oAb, A2
T, BEM+ASC 4 A HREAXTEAK, UiB] BRM 7Ei 3
Ab b ELAR A Y 5] A RRAE 4 2 45 e (FPM) 4
BRM+ASCHFPM £ 5 16, R 1 g JK 21 77 35k i 119
81.43%, X FH] FPM il i 22 RUEEFRAE 9 A 201 34 5 il
A, BEWIT BRM 5 ASC BERIZN . S5 78/ E
B, BRM fE R0, 5 ASC. FPM “E41 (AL (R 44

%3 HEEBRER

Table 3 Results of ablation experiments

NO. Baseline DCN (3x3) ASC (3x3) BRM FPM mloU/%
1 v 75.74
2 \ v 74.67
3 v v 76.18
4 v v 77.85
5 \ v 75.97
6 v v v 79.63
7 v v v 77.10
8 \ v v 78.23
9 v v v v 81.43
R4 BB BEERTIILER
Table 4 Comparison results of module combination ablation experiments
NO. BRM BEM ASC (3x3) DCN (3x3) FPM Module mloU/%
1 v \ BEM+DCN 75.84
2 v v BEM+ASC 76.81
3 v BRM+DCN 78.23
4 v BRM+ASC 79.63
5 Vv \ V' BEM+DCN+FPM 76.64
6 v v v BEM+ASC+FPM 77.70
7 v \ \ BRM+DCN+FPM 78.66
8 V' v V' BRM+ASC+FPM 81.43
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BT ISR, BE BRI AT B
%EO

3.4 EERH

S} T YAEAS SR Y BRNet A58 7E R [R] FR5E T 1)
ZEAPERERITREME, A SO BRNet 52 R EAT R EMR
T A EI L AT T X SIS . BT R AR R A 5
% MY LMIINet™, £ 4 32 %8 #4 (1) BiSeNetV2 Al
DDRNet, k&K 0 H b (9 557 SegNeXt™, %t F
Transformer 22 #4 (19 EfficientViT"" #1 SCTNet"" 45, LA
Kl Mamba 224 1) SegMAN™ 53 S6 48 70 5 1 43
5T LA 5 5 (R S H R N R sk
KA B B AR LS mIoU, mPA LUK WK (FPS) K i
AR A B BRI 241 . mloU Al mPA FH TPk
RUTE S BT 55 A PEREZR B, iR U T PPAR A 780 14 H:
PEERRE (FPS), HARSZIREE AN 5 fis,

SCIZEIRRI, AR SCHE A BRNet 78 43RG B FiE
PR Z A S T R4 i P . BRNet ) mloU ik %]
81.43%, TE4r &I AR TR/ xF b8, (ORT
EfficientViT; [ali}, H FPS A% 67 fis, FEFLH ERLN
AL FRRE ST . X RIIET [ 35 R R A R R 1Y
SRFERWS , AR R T ARFE R ST HAR A FEAE, 1Lk,
BiSeNetV2 45 £ 43 S 444t FAUAE i Ja — )2 A TRAIE 38
HSRFOOEA SRR A5 B, ASGES 5 ARE %
BASTHUAT R T X —n)

Fllf Mamba 2244 1Y) SegMAN Y JRy R 4u Ty, I
FH W 2 7 1 R 5 1 T AL 38 A T R 5 R A 1
ABEST . PEM ZERRLIE i 52 XA R AL RS A 3
HC LT AR B, {HHES Transformer Hefff 4k BH i &
B, MZ T, BRNet R H 0971 A4 AR A B fis

nZgce, X84 TRESEZEIVE, NMUERE/N,
EPRAE T EE A ER, XRVIHAERIEZ B AL bR
I FH A A B O i %) 3 PR R S T (B

55 BiSeNetV2 Fll DDRNet 45 4 5 5 if (B R AH b
BRNet 7553545 B ik — 2%, DUBUINREIR L T 0K
EET .

5 IR T 4B AE Cityscapes 045 % I 1) mIoU
55 FPS WIHICE /3 Ai, AT B UL b, 43 A7 A W) 33325 7y
RER L . MK E AT LU AR SO AR AR A H 50 v iy 410
P

T A1E Pl BRNet 7EANEYIN B bRt A5 F1 07 Y
FP, ARCEBT Cityscapes a4 248 W H EA
RFPER/NE BRI TR 8T, AFE17 A (person)
H 4717 (bicyele) . 2CiH 75 AT (traffic light) Fl15¢ 38 b i
(traffic sign) &, XLESEHIFELPRacl Y b A E 2R
X, SR TH BRGNS, rEIMERE R, g s
g 6 s, JE7R T BRNet 5 HABR HOA AR 326/
H #5259 mloU.

5 0LRW], BRNet 76147 2 1/ HARZE G rh 152
BT PERERE T, BN, TEEEFE4SE5) I, BRNet #HEL T
X FEAE R mIoU $27F T 5.65% LA b5 fEACElE 54T
5 _F, BRNet i BB 6] A B4R T T8 1 5.77%.
X— R EZIH YT ASC Al BRM B BRE TAE, e
FRURMSE /N RUEE H bt e A s o o B8 s 1) 20 S T

3.5 EMSH

H T EWERAR SCR L R TR, A SO
BiSeNetV2 Il DDRNet #1717 T &P tb &40 4, 45 an
6 fin. 14 6 IR —3 R T IR G, 55 5 %t
N ) B SRR RIARE(E, WisE =FE B 23T

k5 sfbiXBsER

Table 5 Results of comparison experiments

Method Reference mloU/% mPA/% FPS
LMIINet [38] 72.00 — 87
BiSeNetV2 [26] 75.74 81.81 73
GCNet [44] 77.30 — 62
DDRNet [27] 77.97 86.01 58
PIDNet [28] 78.74 86.44 60
SegNeXt-tiny [39] 78.55 86.14 66
PEM [45] 79.00 — 40
SCTNet [41] 79.80 — 31
SegMAN [42] 80.30 — 53
EfficientViT [40] 82.10 — 49
BRNet (Ours) — 81.43 88.82 67
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84
EfficientViT
82+ (@]
SegMAN BRNet(Ours)
80 ) ©
SCTNet PIDNet
PEM @ SegNeXt-tiny
78 |
§ DDRNet @ GCNet
o
IS L
76 0)
BiSeNetV2
74 |
LMINet
72t @
70 . . . . A . .
30 40 50 60 70 80 90
FPS
B 5 Cityscapes # 4% % L 49 mloU-FPS # % &
Fig. 5 mloU-FPS scatter plot on cityscapes
%6 ) BARIT RIS S E 10U/%
Table 6 Results of small object comparison experiments loU/%
Method mloU Pole Traffic light Traffic sign Person Motorcycle Bicycle
BiSeNetV2 75.74 61.09 67.30 76.21 78.32 53.45 73.81
DDRNet 77.97 64.43 69.99 77.94 80.95 59.08 76.29
PIDNet 78.74 65.14 71.48 79.06 81.75 62.33 77.25
BRNet (ours) 81.43 70.14 77.25 83.04 84.66 67.98 80.03

BiSeNetV2, DDRNet [k & BRNet (] 43 ] 45 S . % £
BiSeNetV2 F1 DDRNet {4 & XS tbxt %, FEHT =
FAE LI S B A RR RN 5 A SCT AR R AT A o
BiSeNetV2 f Jy A TA B XL 43 S SE L AL, 48y 5
BRNet s AL, T3 74 HEWAXT LG, i E
1™ & BRNet (2 3 . DDRNet U J& 5 — 54 5L
P 55H5 B YAy T e B LR P s RO A, R H AR S
ARSCEE 3L, A Bh TR BRNet 75 A2 et iR
TEgr 1. MIEL 6 Ay RISE R T L& #H: BRNet /E5H—17
AN REAE HERR 23 H S A S T AT N DA G AR B 5

M%7, X UER] BRNet 7540 PRI A I A 53¢
A BRI ERYE . 55 =47, BRNet AU HIH
TAMERS AT, RS I S EAR A, WO
T IAEAL B IR B AN H AR A B ) Uk e, AR
WA A FHUE B S PU4T, BRNet 7EBHSZAL (T
N5 B, TR X O A 43 B g R A
PO HAE ST 275 5 TSR BEAE LR R5 R A B 1 I RICR
REASAT AR X A i SR 7. 55 AT /R T BRNet fig

ST 4 b A F) AT R Y R R R A N, BRI
TEHARER BRI B DL R, ARIR AR 4 S R3] H bR
NFIAR T B ESBOEPI YR, XL FAE T
BRNet 7E40 B LA SRS S AR I B2 2 5L, AT RE
PRAF RS BE R O EI85CR . X159 45 T BRNet ) BRM
I ASC,

SIS UEAS OB TE B2 23R T A8 N iz ke gy, il
H WildDash2 % #is 8%} Cityscapes [ Il 25 (A 7R £ 170
R, A R AR AT AT AnT S0 B i b H L, 2R
7 FiR.

SRR, EINGEREeMFERNER T, 4
S A BRNet #58 WildDash2 304 5 R B 4 =
() 5 %5 35 42 32 AL fiE /1 . BRNet L) 35.81% fY mIoU FI
50.27% [ mPA 1 35 8 8 2 BO LA, Hirh mloU
AR A SegNeXt-tiny #£ T+ 0.44%; % DDRNet 1|
PTHT 18.83%, B UE THERINS g KA T Ayt .
{HAFERE S, FrABRITE Cityscapes il %k )5 H 45%iT
BRI PERE Y IR 2 R, X B T R EXE
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Ground truth

Original

BiSeNetV2

DDRNet BRNet

B 6 Cityscapes %% % T AL #4745

Fig. 6 Visual segmentation results of the Cityscapes dataset

Ay ETE S B PR M . SegNeXt-tiny FY L 5+ R P25 T
HEZREBPIERET, WA SCH 8 o 7 541 1A
el SRR A, P T RSN R 25 45 T i 4 il
fe S, &7 JRR T RRIYE WildDash2 BiE 4 il #i4k
ELE N

& 7 WildDash2 £t 4% % L a9t bk 3522 R /%

Table 7 Comparative experimental results on the WildDash2 dataset/%

Method mloU mPA
LMIINet 13.67 —
GCNet 25.35 —
BiSeNetV2 28.41 43.16
DDRNet 16.98 28.36
PIDNet 21.12 33.16
SegNeXt-tiny 35.37 50.19
BRNet (Ours) 35.81 50.27

miE 7 Bos, fEE BEIOCAME T, BiSeNetv2
1 DDRNet S5 1) 431125 5 3 B Sk i) v SCTRVE RV
WATRIG; MAEN T RTIT, XERA R
SRR, WA BbrE RS ek, AN, fEE e
Yiserh, W HORIRY R h 2353 EI A5 BRI AN o 3 2 [n] 8
FEPETHRAESEIRE S 2B, SRR B sm G IR . I
AT e 5N I FUE B R R EUREIR 1k, AH
2R, et T SIS F 3 RS BT R Y

NFHME R, BRNet EHEAE LR IREE T SC B 5 ARE 43 1 o
WasrEl 2, I RBLH Iz fL g

hyitt— 2 BUEAS SCRERUAE S 2 S e T iz Ak g
1£ BDD100K %48 % I X} 7£ Cityscapes I Il 25 (1B A it
1370 A B R R A TR 0, AASEIEAG
HEsEz (e ERE B4R 8 i,

S eE LN, 7 BDD100K %di4E |-, BRNet 5
AU RECR S T OB TERE, H mloU iK% 43.18%, HH#KL
T AR I KL . X UERA T BRNet 78 XA [T
W S RIS 5 T i B BER SN RE ST .

[ 8 J#/R T £ BRI 7E BDD100K B4 1Y E P X
Fgi g,

AT AR T DU Y, AR IR R AF i 3 5
(S—47/R 1), BRNet {/5RECRFFAE I A9 73 HISCR , Uil
PRI TEBIARS 0 T A Rk 7655 AT T A
yrE|gE R AT BiSeNetV2 il DDRNet, BRNet £
HPREEF I 886 M T R B, e i A R ik
BUHI A 20 . NS =47 B28 HATHIRBIRT L, s i)
SEEESREILEE AR . HF R AE IR B AR UGE I, AR
LU X LAY HH B4 DR BTG 43 81 515 73 B34, , BRNet
REfS A RENITT 7 B BUR h R e e B R, RWZ
BT AR 52 22 A48 AP 248 AT SE I o3 B RE ) 5 B
B,
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Original Ground truth

BiSeNetV2

DDRNet BRNet

B 7 WildDash2 # 4 & T AL 447 4%
Fig. 7 Visual segmentation results of the WildDash2 dataset

% 8 BDD100K # 4% % L 69sftbiX e 4 R /%
Table 8 Comparative experimental results on the BDD100K dataset/%

Method mloU mPA
LMIINet 23.58 —
GCNet 33.49 —
BiSeNetV2 31.02 51.93
DDRNet 35.74 51.82
PIDNet 28.36 45.39
SegNeXt-tiny 43.27 60.08
BRNet (Ours) 43.18 61.12

1 o 28 0 B (class activation map, CAM) X gl
HYRFAE DT X G T Al A 430, ATk — 2D AR A 1Y)
I3 HIRE ST FRAE SN, AHOCEE IR ILIE 9,

BEXF “9RET RBIH9 CAM 48 (B 9 88 —47) #
W], BRNet 145 5 A8 0% fE0f A2 75 42900 AR IX B, JF
LR 2240 300 5% ¥ v 17 SEMI0 9 AT o 7 B % DX I TR
R, BRNet ANRE A 56 5% M4l 92 2 22 5 1)
OB, EREASIX AT S A s . Mz
T, BiSeNetV2 [ CAM 25 5t f SR s B OC 11 3] 42 50 1)
FAA, ARTE I G DX I o 1 A AR, 3 BG4 R
(56 B B B 4L . i DDRNet (1) CAM 45 5 0] 77
TE—E M ST, JUHRTE AW B X, #iA

S AR BAn, SEREWSE RN OAN
g A .

TE 17 N7 25900 CAM & (18] 9 By 55 —47),
BRNet 145 5 BEAEVE M b 2 B BT, I BT ANl
Gy mE AR R . BiSeNetV2 i CAM 45 RAE1T A%
AR DI FRINME AN, 5T N Z ] (R A e 1z 1 30
THES, FEBIAENELLX ME, DDRNet () CAM 45
RESRBEEE AT NS, AT N G HAFTE
—E BT, BB AT N B R B ARRE e A5, S
RIERFIER R

13245 T R AL B & B 38 RS FL, BRNet
FEALBE VR A DT N7 XA BRI, BT
T TIIORG o A )RR AE DG T X, ST ES 25 SR UE A
BRNet i) CAM 25 7 H i AL A4 42 A DXl s Btk 1
EA W R 38 n WAL TR H A ERAE &34 )2 1 400E T
BRNet 7542 22550 43 T 55 th i e e

4 4 g

AR S X i v S o3 I A AR X — G B )
f2H T BRNet 8R!, HAZ.OTE T il BRM 5 ASC HY
PREIALE], SEEL T XA RS A . SRR,
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Fig. 8 Visual segmentation results of the BDD100K dataset
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Fig. 9 Results of class activation map
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a dual-branch boundary refinement network
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Abstract

Objective Semantic segmentation of urban street scenes plays a central role in perception systems for autonomous driving, where reliable
pixel-level understanding of roads, vehicles, infrastructure, and vulnerable road users is essential for safe planning and control. Existing
real-time networks still struggle to delineate object boundaries under occlusions, scale variation, cluttered backgrounds, and complex
lighting, which leads to fragmented objects, blurred contours, and missed small instances such as poles, traffic signs, riders, and
pedestrians. Many architectures emphasize global context or throughput, yet fail to model fine edges explicitly and therefore sacrifice
boundary quality. This study aimed to enhance boundary precision and small-object segmentation while preserving high inference speed,
through the design of a dual-branch network that exploits explicit boundary refinement, adaptive receptive fields, and cross-branch
information propagation for street-scene understanding.

Methods A dual-branch boundary refinement network (BRNet) was developed for street-scene semantic segmentation. The architecture
contained a high-resolution branch with three adaptive sampling convolution (ASC) blocks that preserved fine spatial structure and
adjusted receptive fields dynamically to complex object geometry. A low-resolution branch integrated a Boundary Refinement Module
(BRM) that expanded the effective kernel to a 5x5 region with double convolutions and employed lightweight channel and spatial attention
to strengthen edge features and suppress background noise near object contours. A feature propagation module (FPM) linked the two
branches through progressive cross-scale fusion, compressing channels and performing downsampling or upsampling so that enhanced
semantic and boundary cues from the low-resolution path flowed back to the high-resolution path and complemented local details. This
design formed a collaborative boundary optimization mechanism, where both branches contributed to a consistent refinement of contours at
different resolutions. Supervision signals were attached to multiple stages, and a hybrid loss combined cross-entropy with Lovasz-Softmax
loss to optimize intersection-over-union directly and alleviate the class-imbalance characteristic of street-scene datasets, in which
background and road pixels dominate rare categories. The network was trained and evaluated on the Cityscapes benchmark with fine
annotations. The training pipeline adopted stochastic gradient descent with a poly learning-rate schedule, and used common data
augmentation operations such as random scaling, cropping, color jittering, and horizontal flipping to increase robustness to viewpoint and
appearance variations. Implementation relied on a standard deep learning framework with synchronized batch normalization and mixed-
precision computation to stabilize optimization and accelerate training. Performance was assessed by mean intersection over union (mloU),
mean pixel accuracy (mPA), and frames per second (FPS) to capture both segmentation quality and computational efficiency. Additional
experiments on the WildDash2 and BDD100K datasets examined robustness under distribution shifts that involved different cities,
illumination conditions, camera setups, and adverse weather.

Results and Discussions BRNet achieved an mIoU of 81.43% on the Cityscapes test set and delivered a frame rate of 67 f/s on a single
GPU, which demonstrated a favorable balance between accuracy and real-time performance. The method outperformed the bilateral
segmentation network BiSeNetV2 by 5.69 percentage points in mloU and exceeded other multi-branch or lightweight baselines such as
DDRNet, LMIINet, and SegNeXt on most evaluation metrics, while remaining close to transformer-based EfficientViT in accuracy with
noticeably lower computational cost. Quantitative analysis of small-object categories showed consistent gains over BiSeNetV2, DDRNet,
and PIDNet for poles, traffic lights, traffic signs, pedestrians, motorcycles, and bicycles, confirming that explicit boundary modeling and
adaptive sampling improved recognition of thin structures and distant targets. A separate comparison with models that integrated Mamba or
transformer blocks indicated that BRNet obtained comparable segmentation quality with fewer parameters and reduced latency, because
boundary attention was introduced through compact convolutional modules instead of heavy global self-attention. Cross-dataset tests
further validated the generalization ability of BRNet. On the BDD100K dataset the network reached an mloU of 43.18% and maintained a
smaller performance drop than competing models when transferred from Cityscapes to unfamiliar urban environments that contained night
scenes, rain, and complex traffic patterns. On the WildDash2 benchmark BRNet preserved coherent road layouts and object masks in
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images with motion blur, low visibility, and camera distortions. Qualitative visualizations on WildDash2 and BDD100K revealed clearer
object contours, better separation of overlapping vehicles and pedestrians, and more complete road and sidewalk regions, especially in
regions with shadows, glare, or motion blur. Class activation maps indicated that the boundary refinement mechanism guided attention to
compact regions along object outlines, which helped preserve structural integrity, reduced boundary ambiguity, and mitigated confusion
between foreground and background.

Conclusions The dual-branch BRNet with collaborative boundary refinement improved semantic segmentation of urban street scenes,
especially in boundary precision and small-object delineation, while keeping real-time inference capability suitable for on-board
deployment. The high-resolution branch with adaptive sampling captured detailed spatial layouts and local textures, and the low-resolution
branch with the boundary refinement module enhanced semantic discrimination along contours; the feature propagation module linked
these components into a continuous optimization loop for boundary representation across scales. The hybrid loss function reduced the
impact of class imbalance and supported stable optimization toward high IoU scores without sacrificing pixel-wise accuracy. Experiments
on Cityscapes, WildDash2, and BDD100K confirmed strong generalization across datasets and robustness to challenging imaging
conditions such as adverse weather and poor illumination. These characteristics make BRNet a competitive candidate for perception stacks
of autonomous driving and advanced driver-assistance systems that require accurate, efficient, and reliable understanding of complex urban
environments. Future work will refine the architecture and compression strategy to further reduce latency and memory footprint, and will
explore integration with panoptic segmentation, instance-level boundary detection, temporal consistency modeling, and multi-task learning
frameworks to obtain richer and more coherent scene understanding from a single unified model.

Keywords: semantic segmentation; boundary refinement; adaptive sampling convolution; feature propagation; dual-branch architecture;
urban street view
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