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Abstract Complex scene segmentation is an important task of intelligent perception in the field of autonomous
driving, which has high requirements for stability and efficiency. Since general scene segmentation methods mainly
focus on visible images, the segmentation result is highly dependent on the light and weather conditions at the time
of image acquisition, and most methods only focus on segmentation performance and ignore computing resources.
This paper proposes a lightweight dual model segmentation network (DMSNet) based on visible and thermal im-
ages, which can extract and fuse the features of the two modal images to obtain a final segmentation result. For
large differences in the feature spaces of different modalities, direct fusion will reduce the utilization of features.
This paper proposes a dual-path feature space adaptation (DPFSA) module, which can automatically learn the dif-
ferences among features and convert them to the same space. The experimental results show that this method can
better utilize the inherent information between different modal images. Moreover, the proposed method is more ro-
bust to illumination changes and can achieve good segmentation performance with only a small number of paramet-
ers.

Key words Scene segmentation, visible images, thermal images, dual modal segmentation network, dual-path fea-
ture space adaptation module
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Fig.2  The architecture of dual-path feature space adaptation module (DPFSA)
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Table 1  Comparison of mAcc and mloU values and

parameter values of different modules on dataset A

Models mAcc mloU Parameters

MFNet 63.5 64.9 2.81 MB

FuseNet 61.9 63.8 46.4 MB
DMSNet (DPFSA-1) 65.6 68.1 5.45 MB
DMSNet (DPFSA-2) 68.9 65.1 5.54 MB
DMSNet (DPFSA) 69.7 69.6 5.63 MB
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TR 4% 23 55 82 B0 AN BE PR UE A Y 1E A 2R 1 $2 7
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Table 2 Acc results and mAcc and mIoU values of different loss functions on dataset A
Acc
Losses mAcc mloU
1 2 3 4 5 6 7 8 9

CE 97.6 86.5 84.9 77.8 69.5 53.3 0.0 79.8 77.4 69.7 69.6
Focal 97.3 78.7 80.5 67.8 55.1 41.6 0.0 63.5 50.8 59.5 65.6
Dice 96.8 7.7 83.8 0.0 0.0 0.0 0.0 36.6 0.0 32.8 25.3
CE-+Dice 97.6 87.6 83.5 79.5 73.2 47.5 0.0 74.7 92.1 70.7 70.3

VE: BP BT ~ O EIZEAIARS, 2514 1: Unlabeled, 2: Car, 3: Pedestrian, 4: Bike, 5: Curve, 6: Car stop, 7: Guardrail, 8: Color cone, 9: Bump
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Table 3  Comparison of Acc and IoU results of different models on dataset A
2 3 4 5 6 7 8 9
Models mAcc  mloU
Acc ToU Acc IoU Acc IoU Acc IoU Acc IoU Acc IoU Acc IoU Acc IoU
SegNet (3ch) 82.6 94.1 67.7 75.6 73.7 808 559 971 391 435 0.0 0.0 0.0 0.0 489 86.8 51.7 59.7
SegNet (4ch) 844 93.1 855 84.7 76.0 747 582 965 442 43.6 0.0 0.0 0.0 0.0 744 95.6 57.8 60.9
ENet (3ch) 85.3 923 538 684 67.7 717 522 957 169 242 00 0.0 0.0 0.0 0.0 0.0 41.5 43.8
ENet (4ch) 755 89.6 681 717 668 676 632 885 415 341 0.0 0.0 0.0 0.0 932 781 56.2 53.6
FuseNet 76.8 91.2 693 805 712 786 60.1 95.8 30.8 281 0.0 00 684 379 831 985 61.9 63.8
MFNet 789 929 827 848 681 757 644 972 316 297 00 00 71.8 40.6 77.1 984 63.5 64.9
DMSNet 87.6 95.8 835 88.7 795 825 732 979 475 357 0.0 0.0 747 620 92.1 99.8 70.7 70.3
e R HET2 ~ O EIEINR S, FRERE 2
£ 4 AFABREEIE B LK Ace 5 ToU 45 R XfLL
Table 4 Comparison of Acc and IoU results of different models on dataset B
2 3 4 5
Models mAcc mloU
Acc IoU Acc IoU Acc IoU Acc IoU

SegNet (3ch) 0.0 0.0 71.2 79.3 0.0 0.0 21.6 47.1 38.4 31.6

SegNet (4ch) 0.0 0.0 62.9 70.1 0.0 0.0 30.5 46.8 38.5 29.2

ENet (3ch) 0.0 0.0 77.6 85.5 0.0 0.0 73.4 90.9 49.9 44.1

ENet (4ch) 0.0 0.0 72.9 74.9 0.0 0.0 74.8 89.6 49.1 411

FuseNet 72.7 43.1 91.4 92.3 74.4 78.9 99.9 99.8 87.4 78.5

MFNet 66.7 47.0 88.7 91.0 95.2 90.1 96.3 99.8 89.1 81.9

DMSNet 67.8 43.5 89.1 90.4 96.3 97.5 99.3 99.9 90.2 82.8

T RHPEF2 ~ 5N EIZEAARS, /3908 2: Fire-Extinguisher, 3: Backpack, 4: Hand-Drill, 5: Survivor

B, BT BIEAE AR B s R AA
RIAN, R4 K Z 820 | DMSNet #5 1— %,
H mAcc 5 mloU #8#rA%F T MFNet 23] & H T
7.2 % 5 5.4 %, HiXtT FuseNet &= H T 8.8 %
56.5 %.

AL, A TSR PR A R AN R R 4R B
EHMES G, R4 RR T SEMAEHIEEB L
IR LS R AR I, ARSI LR R A
ORI EIPERE.

N TIRANRFAER R BEGEFH TRMHERSE
S, ARSCHE— 20 DB 18] £ B B EEAS R 2R 06 s HE AR
HI &I, R 5 FIH THEA RS BREAFDCL %
R AR RHESE A B E)4E Bxkbl. AL
B, AL AT A B T WS AN AE B
PN — ERERE LR T AR AT ok
BRI 2>, FERIX T SegNet 1M 5, VU IHE fi A AH
b =@ A, £ HRMEHESE L mAce f ml-
oU A& TR ROWASCHE H 1) DMSNet, fEAE&
INFTR) B () 43 B RE 3 B AR v, X gk — 2B i
DMSNet = RCHH 1 RS EE 1 B AME S, 6

x5 ARAGBMEHESE A ARSBRAETH mAcc 5
mloU &5 X}t

Table 5 Comparison of mAcc and mlIoU results of dif-

ferent models on dataset A in daytime and nighttime
Daytime Nighttime
Models

mAcc mloU mAcc mloU
SegNet (3ch) 47.8 55.5 52.6 61.3
SegNet (4ch) 45.4 19.3 58.2 62.9
ENet (3ch) 42.1 40.8 38.6 39.1
ENet (4ch) 441 45.9 57.1 54.3
FuseNet 50.6 61.2 63.4 64.7
MFNet 49.0 63.3 65.8 65.1
DMSNet 57.7 69.1 71.8 71.3

FEHR AR 0 5 I HE o e

K 4 JE75 T DMSNet. FuseNet f1 MFNet f£
e A b 5 HIHAEG BRI R, HdsE—
TR W EE, B AT RAAMAEIE, AT
SrEIRRZE, BT SR T B R, 5 2 RIAEE TR,
VU, Fi NAT9 5N FuseNet MFNet A1 DMS-
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Thermal

Ground
truth

FuseNet

MEFNet

DMSNet
(ours)

.Unlabelled. Car .Person .Bike .Curve .Car stop .Guardrail . Color cone .Bump

Kl 4 DMSNet. FuseNet fl MFNet 7E40#E 4 A & (14 45 Sxt b
Fig.4  Comparison of segmentation results of DMSNet, FuseNet and MFNet on dataset A

Net (r#IE55R. FTLAE H, #HEET MFNet A1 FuseNet,
ASCHE H ) DMSNet 4044 38 7] 1) 4] iy 58 hn #E5
s — H1 v i) B B 5 DU A vh ) AT 4R 0 B A
XTI FEA T B A B R W A, B AT A 5
b3 B2 R R S /D B = A AN TA
IRE D HISER.

3 Z5RiE

BEXT LA I 5t B R R 2 3 T ml L AR,
oV R I A A, BT S0 e R, AR
PREAEAT R PR RO AR G A 1), AR SO 3 1
TAT OG5 LA A B U7 1 [ 48 DMSNet.
MAT LS 5 LA B PR AR PR R S R A 22 R A7 A 22 7
(M BENTF, 32 7 DPFSA ik, ZEd 143
BERIRAE X LD AN B BRI AT e 40, 46/ 1M
MRS R AE 2 (R RS, AT RE % 72 J LA 18 s
MBI OLT, ARSI RE. 46, (AT A
SCHRH VR A 1R R R B TR T IR . AR

ARAET, A SO R AR S SR R AT, HE A
AFAE R IR AR IC XS SR Rl 7 b AN — B S i 0L,
g S IR AR RV TCVERER 231, A,
B I A R AR 1 o AR R 8 A S5 T T A
SRAATISE I 7 F] 1 1] L.
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