Artificial Intelligence and Robotics Research A& 8251138 ABT 5T, 2025, 14(6), 1476-1488 Hans X
Published Online November 2025 in Hans. https://www.hanspub.org/journal/airr
https://doi.org/10.12677/airr.2025.146138

ESINet
—E T ZF(6){5 2138 A0 SCRTE X 57 S R4

MmEE, T &
AEEE BB AT LR, A

Weks H i 20254E4H5H FHHB: 20254F11A7H; KA HB: 2025411 H17H

=

RIS L EISLh 1, A RN 43R E R, SR LT RRBRA RS, HME
BRI R BRI TR IFETT EX R F T BRI ARG ML RHE X 2 IR ALESINet, 5] A
BB EA T BB TR (SpaceOptiConv), X /AE AL AL B I 5 AR MERME#THE, BT
KRR, BERHEEAENSEE,; EREAEREINERM SIS RERFIERK, &itT —HH
ZRERESERIVSI(HMA), SHBRERAFRERFELER; RE—MESHRARRE, XHFHRE
(IoULoss)iRAL 3 BI X K BAR BB, TELAERIIZIHR WFHHR K (OhemCELoss) RERFIAFE. ME
PRI 2 R R A R HERf I . X T-2048 x 10243\, ESINetZECityscapesillif4E F52I81.6%
#/mloU, NVIDIA TITAN RTX b3 A144.5 FPS. A0 TEH LR mIoURI 4> 255 B 4 A BU#E5.6%
16.4 fpsHIIRH

XA
SERFIE X, RN, 2 RERERRK

ESINet

—Real-Time Semantic Segmentation Network Based on Enhanced
Spatial Information

Jinzhuang Mei, Chao Wang

Computer School of Beijing Information Science & Technology University, Beijing

Received: April 5, 2025; accepted: November 7, 2025; published: November 17, 2025

Abstract

To improve the real-time performance of semantic segmentation, existing methods often design
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detail branches that are relatively simple and fail to extract spatial context information effectively.
In addition, traditional convolution operations involve significant redundant feature computations,
which become bottlenecks for inference speed. This paper proposes a real-time semantic segmenta-
tion model, ESINet, which introduces an improved lightweight spatial optimization convolution
module (SpaceOptiConv). The module generates a few feature maps and concatenates them with
intrinsic features, reducing redundant feature map computations, thus lowering computational
complexity and the number of parameters. Based on a hybrid attention mechanism, a multi-scale
feature extraction approach is introduced, and a multi-scale hybrid attention mechanism (HMA) is
designed to efficiently capture feature information at different scales. Moreover, a composite loss
function is proposed, including Intersection over Union loss (IoULoss) to optimize the overall over-
lap of segmented regions, and Online Hard Example Mining Cross-Entropy Loss (OhemCELoss) to
focus on class imbalance, small targets, and complex boundaries, enhancing the accuracy of local
classification. With an input size of 2048 x 1024, ESINet achieves 81.6% mloU on the Cityscapes test
set, with a speed of 144.5 FPS on an NVIDIA TITAN RTX. Compared to the baseline model, ESINet
achieves improvements of 5.6% in mloU and 16.4 FPS in segmentation speed.
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1. 5|15

B EIE TN SR AT % 2 —, BENEGTH IS —MEER 75 %, 58
SN B MR AT R BEAS I U B e . AR, A TR b S A A U R AR T 2 4
¥, AFEZ KRG (HRNet [2]). alidas - fRID45 444 (SegNet [3])PA J TransFormer 2244 (SegVit [4])5 .
TESEBRR A, SRR AE TR Z IR RSN, U0 3l 2 it R [ 2 25 35 o R 78 (10 3800k 5 N 43 UK BE AT A
it

TG i, N TRFE NSRRI FRR, SIS S0 B 7 VRS AU HE B R 5 Bk R, $2
T 2R 25284 . Enet [ 51K FERAT SRR BEACTHEL AR, BiSeNet [6] [7] 541K F AR 11 53 SCHR IR
TRIZE S, VRZ A0 7 SRR R 4E7T, 47T 70303 T8, REER 2 $EBUR-E; ik, STDCSeg (8]
KT R SN LS, BBRIURY X, B 2 BbE R R 5 Z KR T H % JE; DDRNet [9]1U
RN B =037, PIIE I IR RS & T AR X 5 #8573 35 PIDNet [10]100) 34 31 2% 51
S, BOAANT o SCRNE 3, @ik SRR LR S SR A . DL R, W ROK R AR
B, TR FREM MR IR PO FE P A R ERTURTEE, “HiR” BEF(Ghost Convolutions) [ 11]7£FF
TESEIC AN AR R A R AE B 5 ARERHEDF %, BRSSP, FZEXONaE 1 fs.

TR IHLE R 5 O BGEE U B AR IR A TR B . B SIS RETRIE R R E B XK, R
JE 2 )RR REAS A A PR B AR G &, A IR 1A% 48 CNN 7E42 R {5 B 45577 T 1Y) PR A - PP-LiteSeg
[12]5] N R TR A BEEL(UAFM)TE AR RSB B il T I8 I8 R 25 (A = it — BB RTH S A E,
RTFormer [13]#&H T B A LM E 2 E K GPU A UFE = JIFLHI(GFA). SCTNet [14]7F GFA f3EAE L, 2
BB AL, HAE DI ZRB B FI Y Transformer 4332 B CNN 43 32 HO4FES: 2] . CBAM [15].
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Figure 1. Comparison between Ghost convolution and standard convolution
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Figure 2. Comparison of speed and accuracy with existing models on the Cityscapes dataset
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2. HXIE
2.1. BREBXSE

445 F M £ (Fully Convolutional Network, FCN) [17]#& H PASK, & X 43 B4k I3 8 2 1t & .
DeepLab [20] R FIRH T BA AR A 120 B RS RS2 S o PSPNet [ 18] i < 5 B i AL BEHR DU
RE R IR SURMIE. SegNet [3 X R\ JmADas - WAL S5H, SCILgmAd & A AL SR AL & 51
HRNet [21F H 2 73 HF 3R B8R B R Sl 2 ROBEARFAERL & o JRTIT, X B8 77 V208 1 OB 2 90 245 A 52 e
RN, BRI, MELUSLH T SEm i 5

2.2. SERHEN S E]

N T AR SR R SR, WE AR T 2 R S 4R K . Enet [5 148 T /N R A RIS 4\ BiSeNet
[6]3 i 43 S Wit S BlIE SCS 4RFT R AR 4> 25 ; DDRNet [9138d F WL /0 SRR, o 3R P b 3% B
ANF Y HEZ 437 ; PIDNet [10139 0%k 51 550 SCRC A 40T 73 SCFIAE S or 3o BB B 00 S B8 SR F W B o
W%, STDCSeg [8 i K FH 40 B A 25 I FEM 45, SEII v 20 HE S R AE RIS 7 HE 3R RFAE R I B s SCTNet [14] 1)
Wit T M B 4357 . Ak, BB LI Transformer ZEM0HF 4652 2 F bk, 9101 RTFormer [13]. SegVit [4]
. R, BRiERE. BN S7 UL HEE Transformer /2 HIFF 2 R E Sl HE .

2.3. AR HHH

HER I CBONSETHE L BB RE ) R AR F B Hh, AN J1(EA) [19]5d 5] AP
MNRERSH, EHRNEEZE—E, ¥ EEE R EEAREN Om2)FEKE] O(m). GPU K
U IVLEI(GFA) [13 I HGE AR Bk B, BT T HAE GPU EIFAT B . 4,
TEE RS (UAFM) [12]. CBAM [15]F1 CPCA [16]4 777, ThidbHhss&4i@iEE R S AE R, Wit
R AL, A RO TR R Ik R

3. A%

AT T A SC SRR N4 ESINet, 3 BT 7% (B RRAE S s AR 2 WL S28, B e T3 sy
SCEERE W ERAE 53 B RN 7 FORSE, FROLAG AR /N B AR R AT A oA A R o BEAAR X 28 B2 SR G
N SCRANT 50 3, @G B R AT SR o AR, B e AR 25 B3R R, SR JE PR SpaceOptiConv 15
A HAM ik, ettt B &R R it
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Figure 3. Overall network architecture of ESINet
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ESINet K FH XU 73 3 SR8 X EI W48 2540, I 380 23 ()5 SR HRE 11, 456 mi o e al 1 R A
S5 200 SURFAE, 42 B O RIS BEFIHE L . BANESR 1] 3 P, A9 403 1R U
FVREAE G =350 o e 1 X SCAORFR IR A5 AR, 180 R SR 28 1/32. 4071545 3, HH SpaceOptiConv
FEERA R, B0 AR B R N RAEER 1720 1/4 A1 1/8, RFRCR RFE G HRRIE B2\ HMA fRhit—
RS M A0TSR o = PR A RHE AV 7 FE AT SR, B RHE R A U AT ARG . A
Ja FVRFIE L@ 7 # S A2, AR AR Bl R . I fEd, SR S M0 EEkS S5HUR R BT .

3.2. FEMEHLERIER

T GUERURAT BORAESR HURFIE 7 TR B t,  (ERRAAE 1 0 4 FEAT AL AE R 26 P BT K, TIVF 2
FAE I AE T REEL S 7 KRIUARME R, REE(E S R B0A B35 vulik,  ELOURIUNRFE & i
FHAEL, ELHRE R KRB IUARTES . SpaceOptiConv #iH, Jiid 7p A RIHEAT IURHF AL IR, FER I ERE
o R B RRHE R, JF 5 FIAR AT EIE PHE, AR BAL GG BUIR A O & 4y
L], TG 7 TR RN, T AERE R R 7R — BBt 5, DRI T A (AR
Rikfe S, RARBGRETHUE 4 Brs.

3.2.1. SpaceOptiConv BRI
A HEICE [AE B [F I g DR T B, SR =AM Bt . BB, SRA BRI
HUARGERSE, MAARFERE X e ROM, @i AL M 2 AL B m D AIERE R Y, € R™7™, Hadfg
A ARIR A
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Hrp, s ORI, g FoRDHEBL ¢ NRNEIERG 5 B BORHIRFE AT 70 BB UL B m AN E R,
T S AMERHE E Pt =R 78 R RHE IR Yy e R, Hd Rl AZA A -
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Figure 4. Structural diagram of the SpaceOptiConv module
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= 8 2 8 i 16 ¢ @)
(k2xcxmhw)+(k2xmhw)+(k2x2mxwxnj n
4
Hrp k=3, mFBERDEGEAERIERSEE, FHm<c. FFFE, TRHTHERN:
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(kzxcxm)+(k2xm)+(k2><2m><n) T m

Table 1. Complexity analysis of SpaceOptiConv module
% 1. SpaceOptiConv fRHRE ZE 2 1f

Baseline SpaceOptiConv
S, 3 x 3 Conv 3%3 GroupConv
S, 3 x 3 Conv 3x3 DWConv
S, 1 x 1 Conv 3x3 GroupConv
7, 1 ~m/c
T, 1 ~m/n
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DA RREIER Tk TlEEE M ANER ), (SFEEIE 2 (A I H 1 5T B 23 A AL
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Figure 5. Multiscale Hybrid Attention (HMA) module
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3.3.1. gﬁlilkbn/iﬁj:’;k#g

%2 R VR A R BRI AT (BB VR R A AE R 7. W& 5 R, BRI F, e RO, 56
BHTIBIEE R /52 E 1D RHEE M, e R, B S AMERHMEIZ TR MBI F e RO, RF#HT=
R A SRR B M, e R7™, BN FIZTEME, m&5mESrE F, e R, &

out

/\ T‘*I oy /Djj
F, =M (F,)®F, (6)
F,=M/(F)®F, @)

33.2. BEFEN

TE 2% [ 48 5 (H, W)fs FH 42 5 T it A AN 4 o B b A 3R & 2 1145 ., A RPN AN [ (1 2 ) B S
BIFs F, o Fo e € R o FRIGHEIRFFAE NILE S B BNBLIN S, JFHETAR N, A i vE 2 70
M, e R™™, Bﬁ?@/fr‘jﬂ‘li%JEZZL‘*?{IEITHE%*H% DNORFE R A HE R, L A — AN K
NRITHHIRRE . X I FERT AR N

TN YA ) ®)
c avg H x i in
F, o =max. max; F (i, ) )

M, =o(MLP(F,,, )+MLP(F,,,))

c_avg c_max

= (W (Wa (Fre )+ 5 (W (B )
Hrt, o FR sigmoid WG BREL, MLP LB, e RV, W, e R™, r FoRBAJZHRIRLL .

3.33. EEFEFES
25 A 2 ) B I E TR B A WL 6 R . B /AU A EE F, e RO, Xilis 4EfE (C)
BEAT 42 R P AL A B IR o SR 2 RESHZRIRER B, SRE[H 1< 1 BRI TmiER
&, EREEEREAEM, e R, iZEFEERN:

(10)

E, ,, = AvgPool (x)= %szIZj’:lx,.j. (11)
F, 4 = MaxPool (x) = max} ,_ x; (12)
Fppeu = Concat (Ff i FL ) (13)
M, (F.)=0(Conv, (F,p)) (14)

Hrr, o F75 sigmoid AL, F' RRBRA k M2 REBPERIE, k={357}.
3.4. L REILIT

BT AP R B T IR, 2452k B B0 3 53 S 2 /N5 Bh 7 SCIR RV Al el BB 0 S A
OhemCELoss, 5 MEREARNZ 1R8], F 03I H ToULoss, X 7r#il %2> fifb. OhemCELoss #&—
A e adh )22 SRS R BRI, B AR DGy ME Ly SRR AR AR Y . 2k, e SO U@ Ok iR 2L

Lop (Py) == v log(p,.) (15)

Hrh TS AR AN p, ~ v, P AIFRIRE §AREAS (R TIGIBER O AT A SCSEARRE o SRR A Hh KRR A SR 5
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MEREA FRI5E SCN Loy (piryy) > 7 BIREA, © FORMER A BE IBE(EIR T ©=0.7). BHTEAER AL ST
YAE SRR

Lia ={Ler (P 3 )Lcx (pin3,) > 7 (16)

1

T e L (P ;) (17)
hard

OhemCE —

ToULoss A 1At 0 23 31 X 380 5 S Se I DRI B R . Hath St Fedn T

yoleor ¥ (wey) )
[POY] S (p+yi—pw)
£, =1-IoU (19)
Fop P LY S BIE BN A B KBRS B . AT AR
Lye = Lo (Ppres¥) (20)
e = 2 Lonencr (Pawes.?) 1)
b = Lye + L (22)

Horft, & FORH O FIK I EUR
4. S
4.1. WS

Cityscapes /& —N V2 AT B30 1T 25 537 5 RS U BIBOE 4L . 2 BB AR5 5,000 TR0 4 AR 1)
B, R RINZEEQ2975 5K) BRUEAE(500 5K)FIMINAER (1525 5K). AR IR Jeni it 7o i — Stk Fn s i al
EorE, BvET 19 DMERIHIE L5rE]. Cityscapes B4 70 7% 2048 x 1024 5% .

COCO-Stuff10K H#s &7 10,000 5K ML, FRLTEMAME R BT, &H T35 X5 FIF1 B bata il 55
155 . ZHAESER G 80 NSRS (thing) M1 91 AN 5380l (stuff), &gt 171 N0 R A o
640 x 480 153 . SIAMEINT FUCENIARE, W5k TR E A, AR TR ARz AR .

ADE20K ##i 48 2 — A H T3 b i B B 42, L3 25,000 7k IS . X 28 G LRI 5 M
(20,210 5K) BRIUEEE(2000 7K)FIMHALE(3000 7). HEERDE 150 D251, AR SHOT Y =X
. MK EGES VEA R R P AR, & T IR TE S0 BURS R A2 A M A .

4.2. N

REAR I 258 N TF UG 10 77 5, W18 F ] “kaiming normal” 7772 . YIZRELE ABENLERE T F%(SGD),
HFRENEN 0.9, RNEABIEEMIENRE 5N Cityscapes Ny 150k, COCO-Stuff A1 ADE20K 4 180 k.
Cityscapes FUHE FEHCA 0.0005, HAKIEE N 0.0001, HREIEFAGER THERESE . S B00EME %
%wxmﬂ,ﬁ%ﬁ“mw”%%ﬁ%,ﬁﬁ%ﬁﬁ#ﬁ%ﬁu@-mwm%;ﬂoﬁﬁ%ﬁﬁﬁ@%%m
KPR . BELAR ORI ALY .

4.3. T
RERIHEFR L AL P, Cityscapes JHZE 1024 x 512 43 P2 FEAT HERE, 45 By & [a] R4 R~ 2048 x 1024,
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A B 5 B () B AE AR (] R o HERRATE SRS GPU E5E i), SR 1 P58 3 H(mIoU)E A
PR AR

SZ6FEF PyTorch2.0.1, HEFR I [a] {71l & NVIDIA TITAN RTX #4747 CUDA11.7.CUDNNS.0.
4.4. JHRMMR

JNISAE SpaceOptiConv BiHt . HMA ML A &8 AR TH A 24k, 1 Cityscapes 24 4E L4
TIHREEE, S5 R 2 R

TEIELR AR (Baseline) ', PRIFANTT 2 SCHIAHRECE, JFB P TE 2 E4) 32 5] N SpaceOptiConv AR
YERFETME, RN ELGET 53> gt — 25 NiERJIPLE . 5 Baseline BEAUARLL, *47% 8] 433 R H
SpaceOptiConv i, mIoU Al FPS 43 A4 T 1.5%K1 29.7 fps. #ix#, iHid454 SpaceOptiConv bk
HMA HLHIFIE SH L mloU Ml FPS 73 HIELS T 5.6%H1 16.4 fps (IR TF.

Table 2. Effectiveness study of each module
2. ERAYMMR

Ji8EN HMA SpaceOptiConv ToULoss mloU (%) #FPS
Baseline 76.9 128.1
Baseline v 77.6 107.7

Baseline-Detail Branch v 78.4 157.8

Baseline-Detail Branch v v 78.9 144.5
Baseline-Loss v 77.8 -
ESINet (our) v v v 82.5 144.5

S = FREBRHIBIR, ¢V R AR

44.1. IREBREEENNHBEMERR

Rt — PRI R R AR G = T (HMA) X PERE 2R . 7E Baseline fil Baseline + SpaceOptiConv
BN Bl OB Ui HMATL HMA2 HAM3 DU 53 W 2 (R R AE R SR ARRAE , 5562 mloU 23 l#% i T 0.5%
2%, BARGE R W 2 fE 3 Fios.

Table 3. Ablation study of HMA based on the baseline model
%% 3. HMA 7£ Baseline 28 & Al E AV HRAA SR

a1 3
mloU (%)
HMAI1 HMA2 HMA3
76.9
v 77.3
v v 77.4
v v v 77.6

442, BARKERELIERS

N TR, ARSI INEIIN 5 A ELS 58RI, K [~ KA OhemCELoss,
TR ToULoss. 7EHABREE AL T, BB EM5#Ik(oULoss, [,~L)5 E5HKITH. % mloU
AT 0.9% BT, VI A 4571 2% R MU Bt T4 SRS L IO W1 S O RO, FUARES SR 2 4 Tors.
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Table 4. Ablation study of composite loss function based on the baseline model

F 4. SEMKE BT Baseline 1REY_FHYHRIAAR

OhemCELoss
/ / / / IoULoss mloU (%)
0 1 2 3
v 76.9
v v 76.8
v v v v 77.4
v v N N N 77.8

5. SERFMLLE

TEARTH, RATEME/R T ESINet /£ 2 A F3HE U #1804 ErvERe R, =R 50 K
W IEAERE FE IR T L b 4t
5.1. Cityscapes BI45RELE

ESINet (17772 7E Cityscapes M4 FAF Torch SEHL AR SLIIL 1 5 R0 T80 5 -4 BEAUAET o VPAS IS SR FH 1R 40
HEERN 2048 x 1024 TEAHFIRIFRET T, MRAE(Test) EHUAS T Troch HEFLE Al mIoU 434 144.5 fps I
81.6%, LT HELLAIAIRE B MASE AT T 4.9% 42T, [MIEFLE BRI T 164 fps, AN R0 5
FizR, WA * AR TE AT 6 AT 308 DA 3 1 HE 3

Table 5. Accuracy and speed on Cityscapes
% 5. Cityscapes EHITEE SiEE

mloU

Y #FPS IR GPU
Val Test

Baseline(BisenetV2)* 76.9 76.7 128.1 1024 x 512 RTX TITAN

STDC1-Seg75 77.0 76.8 74.8 1536 x 768 RTX 3090

AFFormer-B-Seg50 73.5 - 49.5 1024 x 512 RTX 3090

PP-LiteSeg-B2 78.2 77.5 68.2 1536 x 768 RTX 3090
RTFormer-S 76.3 - 110.0 512 x 2048 RTX 2080Ti
DDRNet-23-S 77.8 77.4 101.6 2048 x 1024 GTX 2080Ti

SCTNet-B-Seg100 80.5 - 62.8 2048 x 1024 RTX 3090

SFNet-R18 - 80.4 48.9 1024 x 2048 RTX 3090
BisenetV3 78.8 79.0 93.8 768 x 1024 GTX 1080Ti
PIDNet-S* 78.8 78.6 103.5 2048 x 1024 RTX TITAN
PIDNet-L* 80.9 80.1 31.1 2048 x 1024 RTX TITAN
ESINet(our) 82.5 81.6 144.5 1024 x 512 RTX TITAN

5.2. COCO-Stuff-10K 8945 B ELER

COCO-Stuff-10K _FAHN 45 7% 3 Fion. ESINet LA & IERIZE, 78 S2ifiE 417775 COCO-
Stuff-10K b5 i HEE A . 7RI /N 640 x 640 15 R, ESINet 7F 169.8FPS SZHL T 34.9%1
mloU, FLIEZRRIARIPE R 3.2%, VEAMSE SR WIE 6 Fin.

Table 6. Comparison with other models on the COCO-Stuff-10K dataset
% 6. £ COCO-Stuff-10K ##EsE _FAIMRRINTEL

it mloU (%)1 #FPS?T
Baseline * 31.7 138.1
SeaFormer-B 34.1 41.9
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R
AFFormer-B 35.1 46.5
RTFormer-B 353 90.9
SCTNet-B 359 141.5
ESINet (our) 349 156.3
5.3. ADE20K IR

7E ADE20K %454, ESINet {EFEZAMFFLAL LT 2.4% 5271, FFAERZ A h Sl 1 iR 4y
FIEE. HREE ADE20K i) B BCR AR EHIE X0, X &5 R BE—IEY] T ESINet H & RAFH
ZALRETD, PEAREE RN 7 PR

Table 7. Comparison with state-of-the-art models on the ADE20K dataset
3 7. £ ADE20K ¥E5 E S H R R R AR EL

it mlIoU (%)t #FPS?T
Baseline* 32.5 158.1
SeaFormer-B 34.1 44.5
AFFormer-B 41.8 49.6
RTFormer-B 42.1 93.4
SCTNet-B 43.0 145.1
ESINet(our) 349 169.8

5.4. SR

6 J&7s ¥ ASSOIT R K) ESINet £EANAI 5 R (IR SO EIRCR . B e B RO R 46 B
BiseNet* /) #IZ5 0. ATk B4R LA SLhR%s . WTLLE ], ESINet 7E/h HARIRM]. 1 5 AR5 0%
Yty RIS TR AR . S ATV S (I BER)  FIRCR s 58 AT BARIR A 25 3
= VAT AR BSR4 8] R SCRE IR RE AT Boa AT R ILAE R 2 5@ s b i IR B

(a)Input (b)BiscNetV2 (c)ESINet(our) (d)Groundtruth

Figure 6. Visualization examples on the Cityscapes dataset
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6. B4

AR T — RS S S AR Ay BB ——ESINet, B E MR BLA E S4B 7 A6 HE R 1 A sz
B T BN A2 o A R A AR 1 3 SRS R R HE R, ESINet 51 N 1 ek (0 2 ) A Ak 2 FRUA B
(SpaceOptiConv), it /b & E AFEEIIE 5 AMERES B, 180 TIUARTHE, B T iHHEEREMSH
&, [F, SRR TIRAGERE INHIRH T 2 REEFHMEFRBEIHMA), A ZeHEA R R ERRHIEE S,
HnE 7 A AN RIARE ). HEAh, ESINet i3 H T —M R GHUKREL, 456 78I i K (IoULoss)FITE
AR FZ I8 A SO AR ) (OhemCELoss), $&F+ 1 AU MEREA K22 2T 68 1, Ak T /v Ria eyt 78
Cityscapes (#4 FSLIR2E R, 40 EIk BEAISC 3515 21 1 28527t .
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