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Abstract: Semantic segmentation plays an important role in a variety of practical applications such as autonomous
driving, doctor-worker intersection, and security monitoring. However, nighttime semantic segmentation is still an unsolved
problem. Due to insufficient illumination at night, the details of the acquired image are unclear, which leads to the difficulty
of dataset annotation. Therefore, unsupervised domain adaptation methods for nighttime semantic segmentation are pre-
ferred. As a result, the semantic segmentation effect of nighttime scenes is not ideal. To solve this problem, this paper pro-
poses an unsupervised SDDA (Style and Distribution Domain Adaptation) method for nighttime semantic segmentation.
The domain adaptation of nighttime semantic segmentation task is divided into style domain adaptation and distribution do-

main adaptation. In this way, the difficulty of the nighttime segmentation task is reduced. The Mamba architecture model
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with better performance is introduced into the unsupervised domain to adapt to the nighttime semantic segmentation task,
and the advantages of this architecture model in the nighttime semantic segmentation task are explored to improve the accu-
racy of the nighttime segmentation task. This paper proposes a SPG (Semantic Pairing GAN) module, which combines the
unpaired translation and rough paired translation through semantic information, so as to semantically associate the segmenta-
tion task with the SPG translation module, so as to promote the translation content to be more suitable for the segmentation
task and not independent of the segmentation task. The SPG module translates the day images of the source domain into
night images, and then the segmentation model is trained with the translated images, so that the segmentation model can
learn the style domain information to reduce the style domain differences. This paper proposes a SDM (Semantic Domain
Mixing) strategy, which uses semantic information to extract and move the dynamic objects translated by SPG to the reason-
able position of the static object image at night in the target domain, and recombines them into a new image. The segmenta-
tion model is trained by using the images with small style domain differences, which makes it easier to perform domain ad-
aptation from the perspective of distribution domain, so as to narrow the distribution domain gap. Through the combination
of style domain adaptation and distribution domain adaptation, the model reduces the domain differences from two different
perspectives, and realizes the domain adaptation of night segmentation tasks as a whole, so as to alleviate the problem that
the existing data sets have too large cross-domain range and are difficult to directly adapt to the domain. The experimental
results show that the mloU index of the proposed method on Dark Zurich, ACDC Night and Nighttime Driving datasets
achieves 60.0%, 59.8% and 59.1%, respectively, which is 0.9%, 0.4% and 1.6% higher than the best existing method. It can

2026 4F

accurately segment and predict the image target of complex actual scene at night.
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Table 1 ~ Comparison of segmentation results of various models on the
validation set unit: %
mloU 1
ik ACDC | Dark Zur- | Nighttime
Cityscapes Night ich Driving
MiT-B5™" 68.87* 34.83 32.94 34.88
DeepLabv2™ 74.90% 46.26 41.74 44.49
RefineNet™ 76.17% 50.50 51.83 46.44
VMamba-s"™" 81.57* 54.63 49.27 53.69
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Table 2 Performance comparison with the state of the art method on the Cityscapes—Dark Zurich domain adaptation task on the Dark Zurich Test unit: %
NG BEAT | 212t | 25iE 314 INEE FEFE | AAT | mloU
Jrik: M| | AT | IR | A | K| N | BT |RE | RE KA
i | AT | bk it % ol E |1

GCMAPY 81.7 | 46.9 | 58.8 | 22.0 | 20.0 | 41.2 | 40.5 | 41.6 | 64.8 | 31.0 | 32.1 | 53.5 | 47.5|755|39.2| 0.0|49.6|30.7 | 21.0 | 42.0
MGCDA™ | 80.3 | 49.3 | 662 | 7.8 | 11.0 | 41.4 {389 |39.0 | 64.1 | 18.0 | 55.8 | 52.1 | 53.5 | 74.7 | 66.0 | 0.0 | 37.5 | 29.1 | 22.7 | 42.5
DANNet"” | 90.0 | 54.0 | 74.8 | 41.0 | 21.1 | 25.0 | 26.8 | 30.2 | 72.0 | 26.2 | 84.0 | 47.0 | 33.9 | 68.2 | 19.0 | 0.3 | 66.4 | 38.3 | 23.6 | 44.3

DAFormer™ | 93.5 | 65.5 | 73.3 | 39.4 | 19.2 | 53.3 | 44.1 | 44.0 | 59.5 | 34.5 | 66.6 | 53.4 | 52.7 | 82.1 | 52.7 | 9.5 |89.3 | 50.5 | 38.5 | 53.8

SePiCo® | 932 | 68.1 | 73.7 | 32.8 | 16.3 | 54.6 | 49.5 | 48.1 | 74.2 | 31.0 | 86.3 | 57.9 | 50.9 | 82.4 | 522 | 1.3 | 83.8 |43.9|29.8 | 54.2

DTBS?"! 93.1 1628769395 |17.9|51.9|29.0|40.0|63.9|274]|77.7|56.0|53.6|78.0|813]|13.9]90.1|44.8|40.2 | 54.6

HRDAP 90.4 | 56.3 | 72.0 | 39.5 | 19.5 | 57.8 | 52.7 | 43.1 | 59.3 | 29.1 | 70.5 | 60.0 | 58.6 | 84.0 | 75.5 | 11.2 | 90.5 | 51.6 | 40.9 | 55.9

VSA-DANet™ | 91.3 | 58.6 | 76.6 | 46.0 | 24.6 | 52.7 | 47.0 | 49.4 | 64.5 | 39.4 | 78.7 | 55.6 | 52.6 | 79.9 | 75.6 | 0.0 | 90.6 | 55.4 | 38.3 | 56.7
PIG* 91.8 | 733 |73.4|43.6 | 20.8 | 57.7 |49.4 | 54.3 | 71.7 | 38.1 | 80.5 | 58.7 | 56.5 | 82.4 | 80.7 | 17.3 | 89.9 | 41.8 | 40.4 | 59.1
SDDA(ours) |93.3 | 68.1 | 78.6 | 33.4 | 21.5| 57.2 | 56.3 | 60.4 | 69.7 | 27.2 | 80.2 | 65.5 | 61.7 | 86.1 | 76.4 | 35.4 | 88.3 | 42.0 | 38.2 | 60.0
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Figure 7 Coverage of objects of different sizes
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Table 3 Performance comparison with other domain adaptation methods on zero-shot generalization to ACDC Night Test unit: %
MNT BEAT | 218 | 52l 2314 pasa JEE4C | AAT | mIoU
Jrid: % TS| Ml | A | Ras | N |\ BF | )G | KA | R ,
T | | AT | i ) % £ % |1

GCMAPY | 78.6 | 45.9 | 58.5 | 17.7 | 18.6 | 37.5 | 43.6 | 43.5 | 58.7 | 39.2 | 22.4 | 57.9 [ 29.9 | 72.1 | 21.5 [ 56.2 | 41.8 | 35.7 | 35.4 | 42.9
MGCDAP? | 74.5 | 52.5 [ 69.4 | 7.7 | 10.8 | 38.4 | 40.2 | 43.3 | 61.5| 36.3 | 37.6 | 55.3 | 25.6 | 71.2 | 10.9 | 46.4 | 32.6 | 27.3 | 33.8 | 40.8
DANNet"” | 90.7 | 61.1 | 75.5 | 35.9 | 28.8 | 26.6 | 31.4 | 30.6 | 70.8 | 39.4 | 78.7 | 49.9 | 28.8 | 65.9 | 24.7 | 44.1 | 61.1 | 25.9 | 34.5 | 47.6
DAFormer! | 91.5 | 61.9 | 67.7 | 30.9 | 15.0 | 44.6 | 43.3 | 40.0 | 55.2 | 41.4 | 44.6 | 54.1 | 31.9 | 74.7 | 9.1 | 44.8 | 83.3 | 38.1 | 45.0 | 48.3
HRDAP | 87.5 | 48.1 | 77.6 | 43.2 | 23.2 | 51.1 | 53.2 | 50.2 | 54.1 | 35.8 | 55.6 | 63.2 | 40.4 | 80.7 | 63.5 | 81.8 | 80.6 | 46.0 | 49.5 | 57.1
SDDA(ours) | 92.8 | 68.4 | 80.2 | 28.9 | 21.0 | 51.8 | 56.6 | 60.5 | 66.6 | 45.2 | 74.8 | 68.6 | 44.5 | 83.2 | 18.9 | 84.0 | 85.0 | 46.3 | 53.2 | 59.5
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Table 4 Performance comparison with the Cityscapes—Dark Zurich do-

main adaptation task method on Nighttime Driving Test unit: %

pikiS mloU 1
DANNet"”! 477
DAFormer'™” 51.8
SePiCo'*"! 56.9
HRDA® 57.7
M 58.7
ppC 58.1
SDDA(ours) 59.1
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Figure 8  Visual comparison of segmentation results of different methods on Dark Zurich Val
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Table 5 Performance comparison with the Cityscapes—ACDC Night domain adaptation task method on ACDC Night Test unit: %
Jrik | }fﬁ:f 5 | s | Eif Qlf gfﬁ ity iﬂa Kes| A |WE || R Qf K iﬁ EZ;T mIT"U
DAFormer™ | 92.3 | 64.6 | 70.1 | 28.7 | 18.5 | 45.8 | 11.3 | 41.5 | 42.7 | 41.9 | 0.0 | 55.4 | 29.8 | 74.3 | 40.3 | 45.8 | 81.3 | 39.4 | 47.0 | 45.8
HRDAP? | 87.2|46.9|79.1 | 46.2 | 18.0 | 51.4 | 41.0 | 48.5 | 41.8 | 46.7 | 0.0 | 63.2|36.9 | 81.0 | 65.2 | 77.7 | 83.6 | 46.0 | 49.0 | 53.1
SePiCo® | 89.9 | 56.8 | 75.6 | 35.3 | 28.4 | 49.5 | 24.7 | 50.1 | 43.4 | 44.5| 4.8 | 61.1 | 34.1 |77.3 | 62.0 | 529 |79.5 | 41.2 | 48.3 | 50.5
DTBS?" 92.8 | 66.1 | 75.6 | 37.5 | 27.4 | 46.4 | 17.6 | 44.3 | 60.0 | 40.8 | 60.7 | 58.3 | 31.4 | 77.5 | 38.6 | 62.6 | 83.9 | 44.6 | 46.2 | 53.3
PIG"*! 91.9 | 70.8 | 81.3 | 44.7 | 13.9 | 50.5 | 44.6 | 51.8 | 68.8 | 45.7 | 78.6 | 62.1 | 42.2 | 76.6 | 41.7 | 63.6 | 78.7 | 25.2 | 48.4 | 56.9
VSA-DANet® | 89.2 | 55.5 | 78.7 | 44.1 | 30.0 | 46.8 | 52.0 | 49.3 | 66.1 | 38.3 | 75.8 | 58.5 | 37.8 | 78.8 | 57.1 | 71.7 | 72.6 | 50.4 | 46.4 | 57.8
C18s' 947 | 745 | 81.2 | 48.2 | 28.4 | 52.2 | 50.1 | 58.6 | 43.2 | 534 | 2.6|65.7 | 39.0 | 83.8 | 63.2 | 74.7 | 86.6 | 52.9 | 53.5 | 58.2
SDDA(ours) | 93.8 | 70.6 | 83.6 | 33.9 | 18.0 | 50.3 | 54.1 | 58.4 | 69.7 | 42.5 | 80.3 | 64.7 | 44.8 | 82.6 | 24.6 | 79.4 | 84.6 | 49.2 | 50.5 | 59.8

TE RIS B AR, T RIZ TR R ARAE

RICIEEE 10 J@ 7R T A SPG A HL i, A= Al 1
VRS (] M 5 H Al B S 840 4 B T-SNE 40 A 1% 150 o

Hr CityDay J2& Cityscapes , CityNight f& Cityscapes 28 i
SPG A= Al 1 77 1) A% DarkZurichDay 2 DarkZurich B
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Figure 9 Visual comparison of segmentation results of different methods on ACDC Night Val

£ 6 HFESLISFE Dark Zuirch Val L ACDC Night Val #1 Nighttime Driv-
ing Test BIREE _FHIST B 5 Rt EE Bl %
Table 6 Comparison of segmentation results of ablation experiments on

Dark Zuirch Val, ACDC Night Val, and Nighttime Driving Test

datasets unit: %
mloU 1
Baseline | SPG | SDM
Dark Zurich | ACDC Night | Nighttime Driving
N 26.03 29.96 40.73
N N 32.88 36.52 50.39
N N 4391 49.50 59.16

T IR R L8, R RIZ R R (E
K14 , DarkZurichNight /& DarkZurich 77 8] 1% . W
22 %] CityNight /£ 3L % T CityDay , 11 DarkZurichNight ¢
i, i W1 SPG AR Y B 8] & & 2 3 T DarkZurich-
Night , uEH] T SPG B A 2L, i H AL UE B 4% SC#E SDM
SR T TR CityNight A2 55 F1 KRR ] S8k i 45 2, 7T
DA R AR A 27 > 31 55 Fi IR G SR
3.4.2 SPGHIAMFHRL

A SCXF SPG 2 4 i AT U Rl S 5, BT A S B AR
Cityscapes—Dark Zurich Y[ 25, WK 7 Frw , JE B XS #
PE A R HT GAN H#E47 XU 27 2] I B 4 7 1]
i, UEWT GAN FEC X #1327 20 3 1 XA A5 2L, JF H
T H 518 A5G WARTE T 70 FI 25 22 ) 3] 1 XAk
BN A o M ECXT B 2 BN A cosine 5 25 i), Dark
Zurich Fl ACDC Night f 4% B #84 |7t , Nighttime Driv-
ing PEREAR 2, & (A MERE B Fb o UEBT T AR SCAR AR A
e [ F A OE 7122 8 T 1 D R 1 ST B0 s B8 A 2K
PE A B TRBVRFE 2 AR, SN A pairfii 8 2
J& . 7E ACDC Night £Hi 5 1 W A7 4671, 156 B AH e X 125
AT R, PR A FH s, B A e A AR AR

60

40

20

—40

10 T-SNE WAL A FRBCE 4L 43 A1 45 9%

Figure 10 T-SNE visualizes various dataset distribution results

F7 3FSPCHIAHHITHERMERIE L %
Table 7 The components of the SPG are verified for validity — unit: %
mloU 1
Baseline | GAN | cosine | pair ACDC Nighttime
Dark Zurich
Night Driving
N 26.03 29.96 40.73
N N 30.18 33.51 51.29
v N N 32.05 35.64 49.53
N N N 30.17 35.67 51.00
N N Vo 32.88 36.52 50.39

T IR i L (E, T RIZRR A

3.4.3 SDMHJAMHR

A SCXE SDM A7 I RS2 %, B A Sk B AE
Cityscapes—Dark Zurich Il Z5 . U15& 8 R, 24 4= i1
PG A 5 BHRIA 75 38 22 R 5 DR, 302 3% 38 19 Class-
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Table 10 4,,4,, 45 quantitative analysis of experimental results

&8 SDMKREERL BT 2%
Table 8  SDM policy ablation unit: %
mloU 1
SDM BATSPG | WA Dark Zur- | ACDC Nighttime
Big | EEE | _ -
ich Night Driving
N N N 4223 45.22 53.99
N N 42.47 4821 53.99
N N 42.48 48.09 53.73
N 4391 49.50 59.16

TE AR B A, T RN RALE

3.4.4 SDM 5H A Mix A iExtLt

TEZR 9 1, SDM J5 i 5 HoAth Mix J7 e 47 Lh 3¢,
A S8 AE Cityscapes—Dark Zurich Y%k . A SCHJ SDM
T AE = AN KO 4 0 56 E 45 b BE AR A AR, IE W
SDM 135 11 e A 880 fifk o A Mix J7 5 9 & L EHE AN
G HR DL KA 1 AR 5 Sl R sk R A ]

il o | o mloU 1 /%

; Dark Zurich | ACDC Night | Nighttime Driving
10] 1.0 | 1.0 42.6 49.6 56.5
05 10| 1.0 422 453 542
08| 10| 1.0 42.1 479 56.1
10| 05| 1.0 433 46.8 54.4
10| 01| 1.0 423 44.9 56.5
10| 1.0 | 05 42.1 472 57.1
10| 1.0 | 01 42.4 453 56.1
0505 | 05 413 49.6 59.0
08 ] 05| 0.1 423 50.2 56.5
08| 0.1 | 01 439 495 59.1

FE IR R B R (E, FRIZFRR kA -

T oM, R 11 iR, A S5 7E Cityscapes—Dark
Zurich Y25, 24 ¢=0.1 B, 8 B A] DL 52 25 3 0F 6 54 50
W52 0= 0.2 I, TR HIRURIRS B 01 U05 B AU it
TR R H5c 5 24 o 0.3 51 0.5 B, B TR P RE IR i
TR,

9 SDMEEM Mix FiEITEE BT %
Table 9 Comparison of SDM with other Mix methods  unit: %
mloU T
Dark Zurich | ACDC Night | Nighttime Driving

Mixup* 36.13 36.22 48.02
Mixcut* 22.46 23.20 38.00
Classmix* 26.23 30.33 46.74
SDM 4391 49.50 59.16

Rl (EESWLRER

TE I FR B A, RN R i T A 77 HE 0 20 I
SDDA A, A SCWZ 5 TR EA T 1 FOB I 254 2 25
3.4.5 BBHI,. A4, TiHER

XA SCITIE R TR R BB S8 A, 4,4, HEAT
O3 A BT E AT SRR BE AU S R, WK 10 B, BT
A SLEGAE Cityscapes—Dark Zurich Y11 2k, 18 i #2 il —
N SE LR IR E AT YRR . i T = A EAE
FHRUZ ], 54> 2 8028 i, S [R]85 8 4 9 v e 3
HIAK —FE, G5 R R — € IBEDLTE . H Dark Zurich
Bl &, KRBT LR B, 25 4, 11 B IBUE A R IS
A= 0.5 I RB R s 21 = F AR 0.5 I BRI B IR
P e R EE SRR 2 = 0.8,4,= 0.1,2,= 0.1 &}, P B
53 08

S H oo D bR 28 B ) — A A, BB/ UE
Phb 25 J5 B vy HL 5 S gy 1) P b 28 At i/, A AU ]
B T 28757 2 B0 3 5 4 v Jo it ) TN 17, XA Y ) A
JHBSEEN . B BORE R E B % | 5Bl
5 2] B AS DRI YU W B AU MR R o AR SN HUE AT

Table 11 7 quantitative analysis of experimental results
mloU T /%
i Dark Zurich ACDC Night Nighttime Driving

0.5 34.88 41.15 53.16
0.4 38.50 44.85 54.15
0.3 42.18 49.68 54.26
0.2 4391 49.50 59.16
0.1 43.09 49.20 56.12

T ML R B, TR R U
3.4.6 staticbuff #1 dynbuff 77f& X /)N iE B

X AR 77 vk v R A 22 o X (staticbuff AT dynbuff)
WA RN IEAT T 38T, I K/ h—3 G2 oh DR —
B B[] A ASE AR 1 %) P S A T A L AR T LA
AR B T AR S bR 2, X A Oy O AR E . R
TEIN ik B vy, BT i HS 1% PN 25 7 RE 2332 B RS DR 1Y 52
Wl , 7 388 Ao A7 it D7 s i b A 8L, BE AL, T DL R
Rk (R NN I R D SNTE S TN RN A
25, N B 1R M RE O B . AnER 12 R AT 5
I8 AE Cityscapes—Dark Zurich Y| 25 , 28 wh X iU F74iG 25 &
B, A B PR R BB 1T, BB 2 B 2 19 IE
Wifs B o K3 70 ZE A ORAS Ak g g, IRk 7 i
SR A AL () Z HPRAS , AEAd B 22 H 2 R M i R 2 o) B
WAEE AS—EHm. /N, Z RS
RS AE D TOTE A RO R T R ST
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Table 12 Buffer size quantitative analysis of experimental results
i mloU 1 /%
TERN : : — —
Dark Zurich ACDC Night Nighttime Driving
12 41.61 47.41 54.11
25 41.79 48.52 54.80
50 4391 49.50 59.16
75 42.25 47.18 56.10
AL R M, IR Fm e
3.4.7 SEIMLGHRE

R T B R AR ST VA AR AN [R) 8 43 50 248 AT R0, AR
SCREHCT — 2 B AR A I Sy B g 200
17453 391 2% T 431 9 4% 4244 24 ResNet il Transformer
X AR A 7E Cityscapes 206 52 _F I 25, R )5 X bb 4
TARSCH TR EAT I ZR B R M RE . QN 3R 13 PR,

A 53 W 28 1 XA SO W AT B PR S E , T A
AE 338 N 5 #B S AE Cityscapes I #EAT Y1145, 38038
J7 7 Cityscapes—Dark Zurich Y| %k, PG S8 =505
B #F — ¥, £ Dark Zuirch Val. ACDC Night Val Fl
Nighttime Driving Test 245 £ b (1 53 #1245 R xf 1k . 78
T ARSI Z 5 AR 3 1 W 25 1 R R A — o
By 42 Tt G B AR SO0 2 LA A A o 3 A R TR R e
Y, AU T3 310 0 2%, AELEl 40 0 28 A B 1 g
I BR, H &AS W VMamba B9 B 4% . [E BEGEBH T
VMamba 7E 1 S 43 5V g ALY (4 58 J) P T B0
LT ¥R B RE J) o AN SO A B Y B A 1
SPG ,SDM ixX SEHEHLFIHE W 1Y) , 15 Baseline [ 4544 )2 —
FERY A 2 U AR S5 125 42 T 1Y J2 Baseline 1 BE | 11
AN SRR IX LA B PE RS T, PR I A 25
K n A Ah 2 HORI ]

#x13 H5HMHBIME EXAHFE#ITE LRI AN : %
Table 13 The effectiveness of the method in this paper is verified with other segmentation networks unit: %
) mloU T
Tk UDA Backbone
Dark Zurich AmloU ACDC Night AmloU Nighttime Driving AmloU
MiT-B5"™" 8.74 10.81 — 19.07 —
Transformer
Ours(MiT) N 22.43 +13.69 23.42 +12.61 30.08 +11.01
DeepLabv2 8.47 9.99 — 16.03 —
ResNet
Ours(DeepLabv2) N 23.41 +14.94 25.08 +15.09 35.98 +19.95
RefineNet™ 14.66 15.11 — 233 —
ResNet
Ours(RefineNet) N 27.05 +12.39 27.65 +12.54 32.94 +9.64
VMamba-s"™" 26.03 29.96 — 40.73 —
VMamba
SDDA N 43.91 +17.88 49.5 +19.54 59.16 +18.43
4 HFRIE YR A PRI A G 2 R ik, s AL R i T &

AR SCHR T — ol 3 T XU A1 20 A BOE IO A4 G
(R AL RS b R N o A Rt e R A L1 B
() VMamba # B 5] A, SR )5 2R I SPG 5 B A B (1] 4]
BAINGR R 25, LI 46 /MY By ARG 822 57, e >R
SDM 5 gk A= J8¢ SN 5 269 TR 4 SRR 2R A7 0 25, H
F5 Y (14 A SR 22 5 i /0N o XU 1 A B8 7 331 A
ANTR]H BE HEAT 4 /N ZE . e 28 BT A YT 78 21 H
PRI, S8 45 AR T AR SO L A v . AR,
7E SDM St , U Ak A 20 25 ) PR (9 ROST ] RE A7 T 52
RZESE . BRI AW ARS8 B Fp € A7 BT g2
i H A A2, S BUR B TGk 7 ) IXER o N A 5 B
/N Bl A AR AR 20 R AR ME D R 2 (3t 2
R TERRMBETEH, BATH 2 — 2 58 SDM 5K
e E W N = PN 7/ 7 53 B B B i 9 9
PR B B sl AR, m] LU 2 48 /)N o H 3 LUk
at AR S PR X TARZ KD BN ik, ol 2L
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