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Effect of Image Enhancement on Semantic Segmentation of Low-Light Scene

AT Yufeng, GUO Jichang, AN Guanhua, ZHANG Yi
(School of Electronic Information Engineering, Tianjin University, Tianjin 300072, China)

Abstract: Images acquired in low-light environments always suffer from low brightness, color distortion,
loss of detail information, low contrast, and other problems. To meet the needs of subjective visual
experience, researchers often enhance the images. However, the impact of image enhancement on the
performance of machine vision applications is not systematically researched. In this paper, we first
summarize typical low-light image enhancement methods and semantic segmentation methods. Next, we
take a machine vision application (i.e., semantic segmentation) as an example and select the low-light
scene to investigate the effect of image enhancement methods on the semantic segmentation performance of
the low-light scene. The experimental results show that enhancement processing can improve the visual
effect of images, but may introduce noise. In addition, image enhancement methods and semantic
segmentation methods do not concentrate exactly on the same focus and features. Therefore, image
enhancement doesnot contribute significantly to the performance of semantic segmentation in low-light
scenes, and even brings negative effects.
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Table 2 Typical Low-light image enhancement methods
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Fig.1 Experimental flowchart of semantic segmentation based on image enhancement
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Table 3 Image enhancement metrics of ACDC dataset by different enhancement methods
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Fig.2 Results of different image enhancement algorithms on ACDC dataset
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R4 ACDCHUIRE R AEEGIEET & TRLRIE XS E 8 mloU 4 &E 2 1

Table 4 mloU for low-light semantic segmentation with different image enhancement methods on ACDC da-

taset %

Wi RS CGNet ICNet LEDNet ERFNet BiseNetV1 BiseNetV2
IO B E % 34.36 33.86 37.60 36.85 38.50 38.30
ACE 33.49 32.05 35.44 35.61 37.29 37.67
EnlightenGAN 33.78 34.34 36.46 36.07 37.58 37.24
HE 32.75 33.36 36.11 35.04 36.89 37.27
KinD 32.55 32.38 35.86 35.17 36.91 37.58
MBLLEN 33.94 33.98 38.44 35.71 38.74 39.09
MSRCR 33.58 33.93 36.85 35.83 37.93 37.75
Retinex 33.20 32.20 36.63 35.40 37.36 38.18
Zero-DCE 33.86 34.02 37.02 36.70 38.07 38.67

TE « £ 00 IR 75 38 i P B LE AR B LR A 38 SC o I An A T BT T o

x5 ACDCHHEE J BiseNetV1 £ Z A 5] Bl R 1858 77 7% A B B A B Fh 4 4K mIoU 1482 2 17
Table 5 mlIoU of BiseNetV1 on ACDC dataset for different object types with different image enhancement

methods %
mikk T O EnlighenGAN  HE  KinD  MBLLEN MSRCR  Retinex 2<%
[REA DCE
T8 B 87.22  86.57 86.67 86.18  86.36 87.68 87.56 85.94 87.96
NATiE 47.61  45.04 4443 44.16  43.70 47.16 47 .43 45.52 46.94
I 50.56  49.34 49.77 49.20  48.72 51.19 49.50 48.53 50.90
Kk 31.48  24.69 29.59 28.84  24.86 28.99 31.94 29.94 27.92
[l 12.55 11.86 13.52 14.64  10.89 12.80 11.20 18.05 14.81
¥ 37.61 35.63 36.70 36.83  35.34 35.96 35.80 33.98 36.93
Eiife) 45.57  38.90 44.15 41.55 42.45 45.19 38.00 41.19 42.55
ZHEARE 3549 29.00 32.11 32.58 3351 35.57 32.17 32.06 34.75
bi-R 46.87  47.05 46.04 45.35 45.71 49.11 48.96 47.72 47.33
L 11.85  7.55 15.59 7.94  10.54 6.94 6.87 13.61 8.39
Ras 70.10  69.30 69.72 70.93  68.60 69.94 72.00 72.35 70.48
TN 30.17  33.96 28.40 25.55  33.71 29.54 29.74 21.31 22.28
i 6.37  1.48 10.60 0.67  8.41 11.65 0.33 0.13 4.89
ba s 52.76  55.04 54.57 56.12  52.75 57.35 56.04 55.71 54.86
1% 17.23  21.01 18.82 22.28  20.43 20.87 22.42 22.34 20.76
Bt 2712  32.23 30.82 31.56  31.12 30.42 35.17 30.12 32.98
K 71.46  69.57 74.56 75.26  74.25 75.74 72.48 68.62 72.16
FEE 4 477 17.86 2.71 7.04  3.97 5.65 0.14 0.68 3.08
L 44.50  32.52 25.32 2432 25.95 35.44 42.83 41.92 43.33
EIAE I 38.50  37.29 37.58 36.89  36.91 38.74 37.93 37.36 38.07

TE 21 (IR R 5 3 TIOR3 7R I 22 90 18O o
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SE bR A IEATE VR A B RO S A U0 R SRS 0 RGBT, LR S T S B, T LR
T b 5 2 A0 43 0 H AR WA 5 4858 MSRCR 3 5 kb FH A PR T 40 0 19 4 0380 R 45, ks 98 42
B, SR 17 6T /N P A G 3 58 AT A3 PR BEAS A L UG B SRS A R LA T M T T A BB AL X T
Wy 1A A 0 BT 5 B T 28 Retinex A A4 IG5 BEBER, B0 T AR B8 Ol b B A 15 0, PR abe % 7 38 J8
B KT AT AFKCE 5 BUBOR AR N B AT 3 00 4 B ME 6 R AT 0.13%6 , [H 2 76 7 FI 4%
R G PRl 0 R s B, R e A 5 48 Zero-DCE 38 5 Ab 3 1) 145 X 38 B F0FT 7 1) 43 31 A SR A, b B
B 5 0 RS AR B Y 30 %%

P34 A I 43 ) 35 05 A TR 4 2 1B 22 BiseNet V1R ) 42 BiCA5 3] 64 457 AF P Bk — 20 B84 T
PLbEar . B3, WA T ~11 %1 43 il 8 >k A CGNet. ICNet, LEDNet, ERFNet, BiseNetV1 Fl
BiseNetV2 5 B ) 1 LA FIRCR o NEE A~K AT 43 51 9 ARO6 B EE . FLSE AR 4 AN [] A5 780 A AR O i 1]
% % ACE .EnglightenGAN \HE .KinD \MBLLEN ,MSRCR ,Retinex , Zero-DCE 34 it J5 1% I 15 X
S EIEE A B A NEE A~TAT7 43 5 o i o %O BEER DL & 2 ACE | EnglightenGAN  HE . KinD .
MBLLEN ,MSRCR . Retinex fl Zero-DCE 4 5 5 4% | 4 B RF AR & o /TR0 B EUR Y 5 B A
IR LGSR, T 1 AR B bR AN [R] 4 K 43 5 T 28 g 48 5 A 3R s ) PRI AT LA A it DX 43 A [R) 4 4 1

F3 AN[EE o R 3 ACDC U 4 i J ik RS RN 1 558 PR Y 25 2R

Fig.3 Effect of different semantic segmentation models for the original and enhanced images of ACDC dataset.
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P4 £ BiseNetV1FEIfE ACDC S5 4 b H2 BUAY FFAE [F]
Fig.4 Feature maps extracted by BiseNetV1 on the ACDC dataset

e R  {FL[R] B 34 5 Ab BT A R A S R AT A O S B R o BUR SE Rk . BLRCR UL, 49T ACE
EnlightenGAN \HE F1 MSRCR 4 5 J& 4 B R T (&1 4 25 B .C.D .G A7) Hh 43 HIEE AU (1 5C T s A BT
TR, 3 BOB R 3 ) B 1R A0 A [R] W AR Rl 6 A — R (o 45/ W R R A2 2% 19 00 AR n 32 38 s 7k L B AR
AT AT EI O A 22 (B 345 BL.C DG 1T) o £ KinD 8 ik 36 5 Ji5 $2 BUAY FR A & (&1 455 E47)
HARR a1 A i 8 OJF BN T KEMICRE L, BRI K2 PR R R85 55
i A RS (K338 EAT) . W 458 HAT iR , &5 Retinex 14 58 Ji5 $2 IR F# 1 1] |y 1 5 5%
T 1 ao W DI 5 B0 A3 AL AL ok B GV TC T Y R G RRAE L B 1R MR — S R o D 2 AR i g
LR K A AR Al AR TR oy ) P RO SE R ) TR) (R 35 HAT )« 4 MBLLEN (Zero-DCE 1 i Ji5 $2 B
P RRAE B (B A SR F O LAT ) A b BE 5] AN M i, [ B 20 95 15 B R AR B0 ar , BT 358 F L TAT s s 922 0 o 384
SRR VE A A AR BB 3 50T (i o, U HR R W R R i 2k B2 4k 0 W R o B R B

DA 43 W 6 T 48 5 B0k AR R TR R AN B PR E 22 A B ST X B B RN X L B AR UL PE M
FEAR O B A BT T, WG AR A 5 0 &, MR S BRARRAE 3 S A SRR B B, D 2 T T RO
HR 37 S5t ER B IR IS8 RO o (52 BR b 3 3R B 25 B AN TR RE BE A T A A 8, L T4 40 B 78 1y )
W, A A TR 8 158t 7 57 N 43 B H B A TR] s 1 5 S A AT RE A A UG R B R ELAR R B, 2 A
RZ L[ 1R, e & 3 300 BIPEAE Z 50 0 R A B AS TR R BE 04 AR sl 55 4 7«
4.2 BDDHIEEILWER
4.2.1 BEgELER

BDD % 4is 45 BG4 s 25 B an 22 6 AR 5 o A& 6 AT 1, K3 43 28 R A5 34 oAb 38009 PR 0 3F
AR A T — @R Tk, SR, Ze4d ACE By 5 i R B R IR E2 T+ T MR X LB (A G AR i 254 BT T
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*6 FREEEFET BDD HiE & B K IERISHR

Table 6 Image enhancement metrics of BDD dataset by different enhancement methods

Eigun ¥ifE e R/ (AR ER D FIEME XF b Ay

R R ENR 50.98 56.90 10.87 2.52 49.24 0.0101
ACE 84.99 52.58 13.18 4.72 113.73 0.0237
EnlightenGAN 119.06 63.87 13.44 4.21 72.86 0.014 5
HE 130.35 71.72 13.26 4.87 106.52 0.023 2
KinD 111.17 42.81 12.58 3.27 46.20 0.0118
MBLLEN 119.79 52.94 11.42 1.94 41.21 0.004 7
MSRCR 126.93 58.90 14.44 7.04 198.65 0.0414
Retinex 187.57 60.36 11.42 2.37 49.51 0.0235
Zero-DCE 112.24 56.92 12.52 3.95 68.14 0.014 2

TE < 216 R 3R 7 85 i 5 {50 LU IR 6 LG40 45 4 A B4 T

ACEH 38 K1%

: EnglightenGAN3Y 5 15

B ﬂﬂﬂ
S8l BRITNER, ) EKmDiEF;&%

- ' ., .' ,u. Retinex i 5% 5

e
3 I‘
I - 7 ‘ " - --H Zero_DCEigyi@{%
I

5 KHEH%S?%%E%EH? BDD z&?ﬁ%ﬂ’ﬂaﬁ%éﬁ%

Fig.5 Results of different image enhancement algorithms on BDD dataset

P T AR LU HE A 1 9 B0k 1 4 T USR5 1 B JEE A0 X L B AR G T i PR s 3 o 5 TR G
XF LG EEAE 28 MSRCR 3498 5 A T 5835 1938 T 5 400 Retinex 8 58 5 19 BRHR B A B R BT B2 T B8
JE AR BRI AT BT B 5 285 Zero-DCE 3 5t J UG TF- 48 b A0 5t 161 2445 48 T {ELR 42 T BE AR K .
[‘fﬁTMBLLENﬁ%,ﬁ%i5‘%%‘725&@9@@1%%@2%%%%& SR, UL T SE 0 5l B 0 Ak HR A [ 4R 2

FIAT MR AR T PR 0 1 1
P 5 Bt 7 19 32 WA B0 E T AR 45 A 10 22 A 3, R a0 3 5tk s 1 PRLSAT T SR i sE 1, 2 Y
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SEMEFEENOE. 2 MBLLEN  Zero-DCE 3§ 5 4b 3R (19 E11% (I 545 F 147 8, 52 B M
BRI T — & BT, BR 0 15 B B 5, v] DU B 38 5 /N A . SR, 5 ACDC %4 4
1) 338 5 25 R B, 38 9 VR S AE TS R b g L AKE DL 200 Y R R 9 LS ()RR M R R B
2 i EnglightenGAN 3458 19 &1 {5 (181 555 C A7) B T8 46 19 (0% R TE @ 1 52 BE (B[] B o £ A LR R
LY )5 20k ACE (B 558 BAT ) Ak BILS 1) BR 52 i R B0 A — & I 32 B AR BAIR s £ id HE
A KinD 58 09 B (B 55 F G AT) BT B0 2 B 1) 8, I HL51 T Kok W RS A T A R 1E 5 28 5
MSRCR 38 58 (14 B (& 558 G A7) B AR MG BE B A8 Ak s B & fH2 51T Rk e 75 5 284 Retinex AZb 3
Je M (B 558 HAT) BB 88 R 2 /0 Bl ot B, S B0 RIME 20 R 41y 15 . .
4.2.2 EAHHER

DA [ fg PG 8 58 0 v S AL 3G R 76 BDD il 45 1 iE A7 IO B RIS ) o S0 43381 25 SR an & 7
TN o KB AN HESR TR 2 T BOE X BT S e AN R B T M. Horh, 25 KinD B4 3R 5 ik A B R
%) P A5 1) A TR0 43481 R B e o W B, 8173 CGNet .ICNet . LEDNet .ERFNet ,BiseNetV 1 il BiseNetV 2 f] 73
B MERE > AR T 1.04% .0.32% .0.46% .2.41% .1.36% #11.12% . £ MBLLEN #l Zero-DCE 1 3
(4 R R AT 43 ), 3R 20 B AR T T 20 EIEBE , 40 CGNet  BiseNet V1 #l BiseNetV 2 45 75 75 28 MBLLEN #4
5 A B S 1) R Y gy EPE BE 4 AR T T 0.32%0.0.52% 1 0.03% . LEDNet #l BiseNetV 1 7£ £ 1
Zero-DCE 3 5if b B (1) R - (1 53 BIORS BE AT T — 58 (4 T, (F 330 79 o 18 5 57 32 X = S0 55 28 1Y) 3 3%
EEEARRE.

&7 BDDHEEHAEEKIERSETRAERIEN S EH mloU %8 5

Table 7 mloU of low-light semantic segmentation with different image enhancement methods on BDD dataset

%

53 E ik CGNet ICNet LEDNet ERFNet BiseNetV1 BiseNetV2
I R % 24.35 26.46 25.89 26.10 29.06 28.10
ACE 23.54 26.03 25.10 24.32 28.28 27.48
EnlightenGAN 23.79 25.85 25.50 24.44 28.70 27.43
HE 23.74 25.96 25.49 24.85 28.86 28.08
KinD 23.31 26.14 25.43 23.69 27.70 26.98
MBLLEN 24.67 26.34 25.75 24.94 29.58 28.13
MSRCR 24.19 26.39 25.55 24.28 28.70 27.34
Retinex 23.98 25.77 25.26 24.66 28.13 27.42
Zero-DCE 23.65 26.18 25.90 25.56 29.08 27.54

TE « £ RIS 1 35 R LR B35 o3 R 8 AR A T 4R 7t o

F 845 Hh T BiseNetV1 £ 2 A [ B 45 14 5 75 25 4k B )5 9 BDD £ 42 19 AS W] #2944 1) mIoU .
T 25 16 5 b B 6K O BRI 78 3 ) A SR TR R b B A B AR BE L SR T TR AT E IREN
RO 2% X BB AE RGBS 50 T oM 43 1 3 2 2 2% 1 AR ] B A2 30 6T % R R g R 1 1 52 T, AR
M 5 HE A3 BRI 5 230 ACE 3 5 b 351 B A 43 &1 38 B L FELRS A7 N R 98 4 B R0 R 5 22
XA TR R S B AR IT HL BT M TG o S /N A RN 5 b o ED R A B T
2o KinD 1§ 5 09 5 23 1 303065 ¢ 0 RV AR 19 5 5L 25 0 Y Il 0, DR 7 4 B0 NAT 38 8% FF 1 LB A
KA R RO g 2% 4 i MBLLEN 348 b () ER 76 70 B AT B S AT AT AN IR R kE
IV FE 47 B 359 3 3 05 4 1) o0 0 R0, U0 BH O B R R AE R B A 2 TR (R B [ B T R AR
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%8 BDD##E% H BiseNetV1 7£ & i A [5) B 5 15 32 77 7% 4b 22 B 7 B F 25 4 5 mIoU 4 BE 53 47
Table 8 mlIoU of BiseNetV1 on BDD dataset for different object types with different image enhancement

methods %
ﬁg%? ACE  EnlightenGAN  HE  KinD MBLLEN MSRCR Retinex gz%

i % 69.52  69.50 70.67 7044 7017 69.70 71.60 7059 70.71
ATl 3312 32.85 34.70 33.16 3115  35.07 33.25 32.89  33.05
7 68.64  66.95 67.23 67.21 66.00  68.09 68.35 6545  66.82
1 3.39  10.26 2.63 813  0.22 11.82 5.47 6.93 6.86
el 13.62 3.4 7.04 1143 9.59 10.73 11.06 13.39 9.74
¥ 22.30  21.61 22.13 20.63 2037  21.03 21.25 2445  22.68
A5 AT 1722 15.20 18.02 1638 17.92 18.32 17.98 1445  17.87
BEWIR 28.19  31.31 30.75 28.43  31.92 27.63 32.07 27.47 27.61
g 60.46  61.06 59.89 58.25 58.66  60.26 61.23 61.04  62.48
) 16.82  13.84 15.86 1249 14.25 12.82 13.80 1378 15.39
K 69.17  66.94 70.75 63.71 67.89  68.43 70.64 67.02  69.11
TN 17.16 1450 17.87 18.29 17.68 19.94 15.31 17.04  19.28
WitT# 129 424 5.63 418  5.76 3.28 2.34 4.56 6.75
e 7751 80.47 79.18 80.23  79.70  79.67 81.51 79.25  80.19
1% 1147 11.11 17.88 1058  5.49 19.15 8.92 7.42 12.45
B+ 10.04  8.86 1.34 15.78  6.97 5.41 0.75 0.83 4.07
K 1042 9.56 8.45 9.23  8.02 11.58 10.85 9.09 8.89
FEFE 4 8.67  7.42 7.83 9.11  8.13 10.90 9.24 10.22 7.53
L 9.13  8.33 7.61 1082 6.57 8.25 9.77 8.43 11.37
T 29.06 28.28 28.70 28.86 2770 29.58 28.70 28.13  29.08

TE 216 IR RS R A 3 BV ROCR 6 InHH 7R de 22 05 18R o

B AT B

6 1 4 0 30 00 1 AN R 7 0 RRAE B HE— 2 BEE TR U I m A R . B 6, NER T ~ 11 41 43 il
f % % ] CGNet, ICNet, LEDNet, ERFNet , BiseNetV1 il BiseNetV2 £ 8 [ i S /3 %1% 5% . M5
A~K AT 43 3 AR BRI R B S AR 28 R [R5 A 7 IS B BT & L & ACE | EnglightenGAN | HE |
KinD \MBLLEN ,MSRCR . Retinex fil Zero-DCE #4 5 J&i 1% L o HI 458 . B 7 0, WSS A~145 4
) A A% O B 1% L K 24 ACE | EnglightenGAN | HE | KinD . MBLLEN , MSRCR . Retinex #l
ZeroDCE 3458 J5 & I JEUCAYFRAE R . W& 755 F (147 s , 43 MBLLEN | Zero-DCE %4 3 19 [&]
R AIE T 11 80 3 A D 1 R JEC A 398 58 B0 9 A B Y TR 50 R 0F T B I A L O T B T — SO 37 T Y R
IEL I HW A MBS ATURMRIEE B . Wk, NE 65 H K47l LLFE ), & MBLLEN A
Zero-DCE 1 5 b 31 (4 [R5 T LASR Ay i 8 i 2 2 /0 B AR W0 1R OF FL 58 3% 3t 43 %) K AR Wik . sl 758
B~H 17 fii 7~ , 4 ACE \EnlightenGAN HE . KinD \ MSRCR #l Retinex 3 5 J5 4 H i) 457 AiF 5] 1) 3¢ 7 o5
A PR, BAE AR RS 2 21 230 B0 4 30 Ry AF A () 8, 51N T K A TUAR (R B, 1 R oy F AR R E vk
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Fig.6 Effect of different semantic segmentation models for the original and enhanced images of BDD dataset

7 2 BiseNetV 1B R £ BDD 4 4 b 52U F51E 4]
Fig.7 Feature maps extracted by BiseNetV1 on BDD dataset
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