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Abstract: Objective Convolutional neural networks (CNNs) have been widely used in the field of semantic segmentation
due to their excellent ability to handle local information in images. However, they frequently struggle when capturing
global semantic information, limiting their performance in complex scenes with long-range dependencies. By contrast,
Transformer models have demonstrated superior performance in extracting global semantic information. The self-attention

mechanism in Transformers allows them to capture information across an entire image. This capability is particularly impor-
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tant in the context of complex urban street scene segmentation. Method To better leverage local information and global
semantic information, this study proposes a lightweight CNN-Transformer combined network for real-time semantic segmen-
tation, referred to as LCTNet. By combining the advantages of traditional CNNs and Transformers, the objective is to main-
tain high segmentation accuracy while achieving model lightweighting and real-time processing capabilities. First, although
highly effective in extracting local features, traditional convolution operations frequently lose some key details when dealing
with complex edges and fine textures, especially during down-sampling. To enhance the model’s ability to extract edge and
texture details, this study designs a lightweight wavelet-enhanced convolution block. This module innovatively combines
traditional convolution operations with wavelet transform to enhance the extraction of detailed texture information. Second,
the variation in object scale is highly significant in complex urban street scenes, such as small cars in the distance and
pedestrians nearby, which vary considerably in their proportion within an image. To address this challenge, this study
designs a lightweight multi-scale fusion module (MFM) for efficiently extracting and integrating multi-scale contextual
information. By using pooling kernels with varying sizes, MFM can extract feature information at different scales, ensuring
the capture of small-scale details and large-scale global features. During the fusion stage, MFM uses a dense connection
strategy to efficiently integrate the features extracted from different-scale pooling. By directly connecting each scale’s fea-
ture layer with others, all scale information is fully shared and interacted with. This dense connection method effectively
enhances feature representation capability, enabling the model to comprehensively understand a scene across multiple
scales and improve the recognition and segmentation accuracy of objects of different scales. Through this design, MFM not
only improves the model’ s segmentation performance in complex urban street scenes but also maintains lightweight charac-
teristics,, achieving efficient multi-scale information fusion while maintaining low computational overhead. Finally, Trans-
former models excel in terms of capturing long-range dependencies and global contextual information, particularly when
dealing with complex scenes, significantly improving model performance. To fully utilize the advantages of Transformers,
this study designs a lightweight Transformer module (LWT). This module focuses on capturing long-range dependencies at
any position in the input sequence, ensuring that the model can understand the semantic information of a scene on a global
scale. LWT receives features from different layers of the network as input, encompassing local and global semantic informa-
tion. By integrating multilayer features, LWT can comprehensively capture the multilevel semantic information of an
image. This multilayer feature input allows the model to understand not only detailed information but also the overall seman-
tic structure. Such ability is crucial for complex urban street scene segmentation. Result The proposed algorithm was tested
on two standard datasets that are widely used for urban street scene segmentation, namely, Cityscapes and CamVid. The
experimental results showed that the mean intersection over union reached 75. 9% on the Cityscapes dataset and 69. 7% on
the CamVid dataset, with inference speeds of 63 frame/s and 84 frame/s, respectively. The model’ s parameter count was
only 1. 06 M. Conclusion The proposed algorithm was compared with several excellent methods from recent years on the
Cityscapes and CamVid datasets. The results indicate that the proposed algorithm achieves lightweight and real-time pro-
cessing while maintaining high segmentation accuracy. Compared with traditional CNN models and some of the latest seg-
mentation algorithms, the proposed algorithm exhibits advantages in terms of parameter count and computational complex-
ity, achieving a good balance between accuracy and speed.
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Fig. 1 Schematic diagram of the overall architecture of LCTNet
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Fig. 3 Deep aggregation pyramid pooling module and multi-scale fusion module (MFM )

((a) deep aggregation pyramid pooling module ; (b) multi-scale fusion module)
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SCAUCR A3 RN 1024 x 2 048 1% Z HORS A5 2]
BA Frb 2 975 iR AT A LI 2k, 500 i H T i
BEALPERE , TR 1 525 B4R IR AR | LADE Al A 7Y
iz AL RE

2) CamVid X84 % 7B T S 5 B A
SO EUT 5 AR5 32N 3, Hod 11 482
T o RUE S5 o A EUREATE 701 IR KSR,
FHorp 367 6 FH T I ZRAE L, 101 15 FH T 56 TEAR 20 fg ok
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Ag, 233 MR Rt A . BN EUR I 73 HER ok 720 x
96014 % .
2.2 ZWIMEMBSHIZE

AR S S2 86 7F Ubuntu 16. 04 2 48 ©- i J — B
NVIDIA GeForce RTX 3090 #E47 A I 25 , I H LT
Python 3.7, PyTorch 1.8. 1 M CUDA 11.1 %52 I
o,

7K S84 1 R Baseline 14 i i 2% 45 79 , O HL
LCTNet A #E AT AR AT #l I 25 o %F T Cityscapes $8 %
£ SR A S BE ML BT B 537 (stochastic gradient
descent, SGD) YR 4% . WIUR 24 2] KL E N 4. 5E-
2, B RO TE—4, SR FH 8l &k 0. 9 1927 2] Sk, LA
REAG 27 21 R AR TR 2l RN R . o T $2 e B Y
(R FE I, SR FHBEHLAE BT AL - B0 A0 BE A L 46 i
dehaR YIRS . BURBRELR BT AL 512 x 1 024 1%
LMLt 1000 RECUIZk . X T CamVid £ 4
£ SRS B PE S A 5 (Adam ) N ZR M 245 . &
B BEALER 3T 1 360 x 48014 % , 24 1 000 YA
Wk, TEHEFRRY B, Cityscapes Fil CamVid %% #i £ fi
ASEA3 5100 512 x 1024 15 2 H1 720 x 96012 % .
# batch size K/INSEE A 1, ZE 55K RTX 3090 GPU I
0 4 L

TER Bl 2 iy 52 B 1R 4% 0 B8 0 T, AR SCR
TFFRH T R SRCRM T . 2 REERA R
(MFM) R F 2 f8 i R B ] 43 B AR, L e sl 4
W2 REMRE . FE, 5 AT 5 &9 Transformer
(LWT) 3R Rl AR B . R4 TR BE NS
HON1.06 M, A A2 A 11.9 GFLOPS. #itk=z

T, B AR I 45U 1 YOLO1 In-seg 151 51 2§ i
2.9 M, 3550 10. 4 GFLOPS, HiAE CPU L i1 #E 78
PP 152 Wil/s, X EIRE AR SCRETESHUE 11X
N YOLO11n-seg BB (1) 2. 7 4% , 5 22 BE 40N,
B AR5 BB ).
2.3 HEESKIE

T SR T R 7 U A R, 7E Cityscapes B85
AR B 3 AR IEAT TN B SE 5, AR /N v A
B (WECB) 2 N A5 B Rl AL (MFM) Al e
2% ) Transformer (LWT) B 3 o 2k H °F 34 5 Jf Lk
(mean intersection over union, mloU) . Fb o7 %%
(frames per second, FPS) | V% #i 18 5 K %% (floating-
point operations per second, FLOP) Fl #& 7l Z: ¥ &
(parameter) F&FR PFAGAH R AR RL , 73 A1 B0 T A A5
XS TR R AR R PERE R I
2.3.1 HLRVERES T

T SR/ SR A BB (WECB) (2 RE(R
BRE B (MFM) F1 2 5 5941 Transformer(LWT)
B RO, JEAT T IH RS S, 45 R A58 1R

551 ZH 5056 M &2 P) Baseline 45 50 58 2 2H S0 56
TE B LR _EIA WECB B, mIoU {H K 5] 74. 9 %;
55 3L SIS A MFM , 4145 T Baseline , mloU {H 2 5
0.7 % ; 55 4 41 55 4 Jin A LWT L 8¢, mloU {8
75.0 %, HI 4 4 SXH045 RELN], WECB L MFM £
PR LW T R T B RE SR T AR . 25 540
SEHG fy WECB £ 5 Al MEM #5559 454, mIoU i 35
#75.3 %; 5 6 ALK T WECB M LWT, mloU
{6]75.5 %, 5 Baseline A L, mIoU {H 425 1. 1 %;

&1 LCTNet &/ MERTE Cityscapes &5 LB HBKH R

Table 1 Ablation experiment study of each module of this algorithm on Cityscapes dataset

mloU/% T /(W1/s)
SIEYHYS Baseline WECB  MFM  LWT  Z%did/M FLOPs/G
Cityscapes  CamVid  Cityscapes  CamVid
1 N - - - 0.7 9.8 74.4 67.9 83 120
2 N N - - 0.8 10.7 74.9 68.3 72 100
3 N - N - 0.8 10.6 75.1 68.2 78 105
4 N - - N 0.9 10.3 75.0 68.5 74 103
5 N N N - 0.9 115 75.3 69.1 66 87
6 N N - N 1.0 11.1 75.5 69.5 68 88
7 N - N 1.0 11.1 75.4 69.3 70 93
8 N N N N 1.1 11.9 75.9 69.7 63 84

L T ]



2445
BEE, BEA, =K, IHER[, THR, HIE

30% /E7HI /2025 £ 7 A 2 & 2% CNN-Transformer 1845 & i) ST B X 5 B W 2%
557 ALK 45 A MEM M LWT, mloU {H 4 75. 4% ®2 NSRBI Cityscapes K EBSIR B
55 Q 4H ST 3 R T EE 45 A FI%S T Baseline , mIoU Table 2 Ablation experiment study of wavelet-enhanced
(G452 1.5 % HE—2B3E50 T LOTNet B4 20tk convolution block on Cityscapes
2.3.2 WECBTERES T Ik mloU/%  B%0i/M FLOPS/G (J%ﬁ/)
/S
ANBE A R R BT, TR SR AR — "y e o8 “
R PSRN . aseline . . .
I IR 4 1 30 2k RN SCBARRAE BTt T AR 2 R
S, Daubechies 74.1 0.75 10.78 72
THR S
Coiflets 74.6 0.75 10.80 70

55 1 43050 2 Baseline I 5256 25 5% 5 57 2 4 S5
75 Baseline [FCRI |- . 5% FH Daubechies /N 15 i 15 % Haar(4<30) 74.9 0.75 10.76 72
HEEA BT RAEHR , mloU °H 74. 1% %6 3 414 Coif-
lets /NI AR 5 B B ZE &, mloU 3K B 74. 6% e A W JTIEVE R R RAE, DA £ T S ) 25 X34 2% ¢
— 4 A Haar /NI 5 B BL45 & W 5, mloU Ry FRRE RO P e
74.9%. ESECEMFE G T R NEZR  2.3.3  MFMPEREM T
(3195 5 L Haar ZNIE 75 58 8 — 28, FPS 5 Haar /) S TSk 22 ROBE AR B RlA BLE (MFM) A 2L
BV o RAG, PR, AR SCRE M Haar /N 5B 4E P AEXEMEM 547 1 4 H 5256, QiR 3 i o

R3 S REMAERIE Cityscapes £3E & FHERSLIGFHZ

Table 3 Ablation experiment study of multi-scale fusion module on Cityscapes dataset

TR Baseline DAPPM Stride=1  Fusion mloU/% BHER/M  FLOPS/G S/ (i/s)
1 N - - - 74.4 0.67 9.8 83
2 N N - - 74.6 0.92 11.6 72
3 N N - 74.9 0.78 10.6 79
4 N N N 75.1 0.78 10.6 78

WV RRRH R AR

551 20 5286 AR SCE VL I Baseline, mloU fX A LCTNet FUZA M 1. 06 M, mloU Jy 75. 9 %, 1 3 3
74,4 % F2 S MA T DAPPM S8 TR IR E oM 63 Wi/s. Wk 4 iR, iR T 4 M 4% & A 4y
REEAS B mloUikE] 74. 6 %; Ry T I/ME BN B LCTNet ARG B2 24 & T A5 . BAR—uk
B 3kt B AR PEAR (. L oRFESIATUAR G R S8 34158 B A HE BB B L LCTNet 5 , {H LCTNet 76 53 HI kG
K DAPPM BB o (st A4 A A0 K 4B B o 1, B L 0T ELA 3, O EL7E o B RS B L B 1 354
WD T RS, SR 0. 78 MumloUfE 1,

IKE 74,9 %5 55 4 2 WA AR 2 41 S SR B R T HER AT AR, B 6 BRI T AR SRk
REEN 2 RS B TRl &, R TR EEEMN  FE Cityscapes MR 5 b A 2 5 3 B HC A A0 HIS
A B T AR 2 41SE 80 , S TR AR B, BRI LCTNet 7EZE A PR RE L th B 1 3%
B B moUEIRTFE75.1 %, DL ESeiess .

RATULE H MFM o] DU i@ a8 UG 2R 2.4.2 CamVid

BEAE B, T $ T+ BIRSE g ik — 2P B UEAS SO B A R BT R T
2.4 EEHH £ CamVid PR L e 1E S B HLAS I IR AL, A
2.4.1 Cityscapes SCEEVEAE 43 F0 5 R I T  ARE o L O HLE SR

4L T LCTNet 7£ Cityscapes U445 I 5T AR DRI B R SR T AR
AR R R R BB R B HL RS . AR SCHE RS FF CamVid B 4E 5 — L ST o E A R Y LA .
RTX3090GPU _I- il 3, , 38 J3 i 38 y52 A7 A ] o 82 546 AR mloU K 69. 7 Y% , 1 PR BF Ky 84 Wi/s , 75
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4 Cityscapes ${#E5E _FHEREFIEE LR

Table 4 Accuracy and speed comparison on Cityscapes dataset

J5id: SCHRE IR IIHERNE R mloU/% ZHCEM (/s )
DABNet (Li%,2019) arXiv2019 512 x 1024 70.1 0.76 104
LEDNet (Wang45,2019) ICIP2019 1024 x 512 70.6 0.94 71
FDDWNet (Liu%§,2020) ICASSP2020 1024 x 512 71.5 0.8 60
LRNNet (Jiang % ,2020) ICMEW2020 512 x 1024 72.2 0.68 71
LRDNet (Zhuang%:,2021) 1JON2021 1024 x 512 70.1 0.66 77
Lite-HRNet (Yu%¥,2021) CVPR2021 512 x 1024 72.8 1.1 -
EACNet (Li%¢,2021) SP1.2021 512 x 1024 74.2 1.1 113
BiAtnNet (Li%§,2022) SP1.2022 512 x 1024 74.7 2.2 89.2
LAANet (Zhang%%:,2022b) NCA2022 512 x 1024 73.6 0.67 95.8
FBSNet (Gao%,2023) TMM2023 512 x 1024 70.9 0.62 90
SFRSeg (Singha %#,2023) PR2023 512 x 1024 70.6 1.6 194
LBARNet (Hu F1 Zhou,2023) €G2023 512 x 1024 70.8 0.6 72
ELANet (Yi%§,2023) NPL2023 512 x 1024 74.4 0.67 83
LETNet (Xu%#,2023) T-1TS2023 512 x 1024 72.8 0.95 150
LCFNet_slim(Yang 45,2024 ) IEEE TIV2024 1024 x 512 76.5 7.28 171
FCFNet(Ye 45 ,2025) J FIELD ROBOT2025 1024 x 512 70.7 3.29 110
LCTNet (Z30) JIG2025 512 x 1024 75.9 1.06 63
=" RN FOCBOR RSB
78 70
ZL!XC A
o z;jc L LACTNG ol AGLNet
241 A BiAttnNet_ A
. — e]%LANit A;\ - EACNet N <
Sl A LETNet S esl
= ’ - kaRTF\f;th - = A LAAAIXet BLANet
70 + LEDNetL R GDABNet et al LEANet WFDCNet
68 FDDWNet
gl o5 o o o5 ¢ ow oo o oo g " . . . ‘ . DIABﬁet
40 50 60 70 80 90 100 110 120 130 140 150 160 70 80 90 100 110 120 130 140 150

BREE/(Ws)
[¥16 7 Cityscapes X84 |- AHER I — BEA A K]

Fig. 6 Accuracy-speed scatter plot on Cityscapes dataset

YRS RE 5 T o5 s — e AL, IR, 7R 2R B PERE AT —
TE R
2.5 TS

1E Cityscapes Fl CamVid £#li 4 I+, K] 8 FlIA] 9 Jie
7~ T LCTNet 55 Baseline [ 22 P53 #7745 F 4T L, 4l
F 7 BbRic A PRy X
2.5.1 Cityscapes

€l 8 J£ 75 T LCTNet 5 Baseline 2 [A] ) 5 1 1t

THEE/(Wi/s)
K7 7E CamVid BO¥a4E b Al v M— B 05 1K

Fig. 7 Accuracy-speed scatter plot on CamVid dataset
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GroundTruth A7 B ~47 A, 1] Baseline H 4331 H} —
A, LCTNet MERf B0 5 T P75 1228 347 4
H, LCTNet 4 - i 1T (9 70 1 5 I S8 38 5 7655 417 1815



B’E5E, BEA, TREK, TR, TR, HIE

305 /HT7H /202587 R 28 2% CNN-Transformer 1845 & ) SE B X 53 8 W 2%
&5 CamVid MK & A ER N E LI
Table S Comparison of accuracy and speed on CamVid testset
WIRES KU EE IS S mloU/%  ZHcd/M 3/ (s)
FPENet (Liu%,2020) arXiv2019 480 x 360 65.4 0.4 -
DABNet (Li%,2019) arXiv2019 360 x 480 66.4 0.76 146
CGNet (Wu%,2021) TIP2020 480 x 360 65.6 0.5 -
FDDWNet (Liu%,2020) ICASSP2020 960 x 720 66.9 0.8 79
LRNNet (Jiang%%,2020) ICMEW2020 360 x 480 67.6 0.67 83
AGLNet (Zhou%,2020) ASC2020 480 x 360 69.4 1.12 90.1
WFDCNet (Hao %,2021) 1vC2021 360 x 480 67.5 0.5 1144
LRDNet (Zhuang %§,2021) 1IJON2021 960 x 720 69.7 0.66 -
LEANet (Zhang %5 ,2022a) APIN2022 360 x 480 67.5 0.74 98.6
LAANet (Zhang % ,2022b) NCA2022 360 x 480 67.9 0.67 112.5
FBSNet (Gao % ,2023) TMM2022 360 x 480 68.9 0.62 -
LBARNet (Hu F1Zhou,2023) CG2023 720 x 960 67.2 0.6 -
FCFNet(Ye%%,2025) J FIELD ROBOT2025 720 x 960 68.1 32 -
LCTNet(Z43¢) J1G2025 3002480 08> 106 106
720 x 960 69.7 1.06 84

T "R IBOCBA R BHZ R

PN

HYME

FEATTHUL

K8  Cityscapes $4 4 T 1L 4 I 25 1

Fig. 8 Visual segmentation results on Cityscapes dataset
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YA Aff b ) 0 0 K BT D 2 0 O R AR 1 AT R
Hp X VR R R b T P 2 X 42, LCTNet BE 5 HE B
HL5E b IX 43 AT I HEA T HERA 1 4031 5 26 2 47 1S
Hh AR SCOR R X T A b Ak A% 4 S A 5 AE
55 31T EMG R LCTN et MR H 41 747N, 1 Base-
line KA T AN R 48 73— 0 52 5 58 447 RUG rhoxd
T REIT AT 19 4> 8], LCTNet 58 BIUKS 40 5 B )5 — 47 14
f, LCTNet X 358 I 19 43 F SOMAERf . &1 9 1%F ke
G5 Rk — 20 W UE T AR SCA VR AE 4 JR) PR A 5 1E 1Y
P

3 & i

AR SR Y —Fh#2 £ 2 CNN-Transformer FH 45 &
(4 52 B 38 4 1 ™ 4% (LCTNet) , 45 & 7 CNN
Transformer P05, & TE MO 2 /i 05 o0 HIAE 55 b
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Fig. 9 Visual segmentation results on CamVid dataset
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