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Methods of Image Restoration and Object Detection in Low-Light Environment

REN Dong-Dong'?, LI Jin-Bao'?

Y(School of Computer Science and Technology, Heilongjiang University, Harbin 150080, China)
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Abstract: The existing object detection methods for low-light image usually separate image restoration from object detection tasks. In
addition, the quality and computing time of image restoration cannot meet the requirements of object detection task. To solve these
problems, firstly, this study proposes an efficient image restoration convolutional neural network architecture, which aggregates feature
information of multi-level contexts by combining feature maps of different scales, reduces information redundancy of convolutional layers,
and improves the real-time performance of image restoration. In addition, a local-global attention block is designed to improve the ability
of the recovery network to distinguish between noise and image content by calibrating the local information of each feature map and the
relationship between feature channels. Secondly, this study designs a solution for collaborative processing of image restoration and target
recognition tasks. The high-level semantic information of target recognition is used to guide the image recovery network learning, so as to
highlight the feature information such as the structure and texture of the target, and make the recovery result more suitable for the target
recognition task. Experimental results show that this method is superior to the existing methods in image restoration quality, computing
time and object detection rate.
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Fig.1 Architecture of multi-scale feature fusion attention network (MSFFA)
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Fig.2 Local global attention block (LGA-block)
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Fig.3 Overview of our proposed cascaded network
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(a) Low-light image (b) Scale (c) Chen ez al 1! (d) Ours (e) Ground truth

Fig.4 Low-light image restoration results of SID dataset by different methods
(The details in the results are better viewed magnified on a computer screen)

K4 ANFITTELE SID AR E R B 4 1RO W2 45 R (01915 B e v LR % L&)

Table 1 Recovery results of different methods. The evaluation indicators are average PSNR (db),
paramaters, and test time
F 1 AFTFERIVIE G50 VPN Fabs P By U A 45 1 L (db) - 2450 A I )

Methods SID/Sony SID/Fuji Parameters (MB) Time (s)
BM3D 16.22 23.50 - 3.50
DNCNN 22.31 24.05 30 0.85
EnDecoder 27.99 26.20 80 0.70
CAN 27.40 25.71 36 0.38
CBDNet 26.35 25.21 91 0.85
Chen, et al. 28.88 26.61 89 0.78
Ours 29.26 27.50 21 0.18

HAR U S5 5018 5 45t T AN A B BB W SR D7 A8 H AR BUIAE 55 i 45 SRR AT H A R I IE BB 4 1
YOLOV3® Wy HAR M 7 125,58 1 41k A 6 H 06 745 B 5 HBR BB G5 L 58 2 4100 Chen 25 A7 4Tt BRI H A
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PUMSREE 3 FA ST AR HARRIEE RH 4 5100 KB 2 I ERIK H AR TR S5 SR P R0 45 SR mT g, [
G H (10 £ R R A AN R 7 ) SRS AR U 45 R T A ST vk B 1 P8 %) i € A0 A 1 AR P s 4 SUA IR,
SIS H AR KL G SUHRFAIE, P52 RS B 1E W W e BR JF HAE S8 s A S i U B A

Scale Chen, et al.?? Ours Ground truth

Fig.5 Object detection results of low-light images restored by different methods on YOLOv3
(Please zoom in to the detailed recognition confidence)
Bl 5 AFJFEWKE MG EHRTE YOLOV3 E 1 H AR R 45 SR (PR 40 1R B 15 BE 1 TR A )

4 W it

1) AR BT GE B W) 25 1 BE K 52

IR LG BUPh22 W 45 T AR R BN R 5 bR BB 2 18] 1) R B0, B A 199 208 V¢ 82 PR 5, 26 A2 £ B A
IR Sl 5, TR R X S AR A9 SR, S A M) T ) 0% 8 MR 4 JR R T L 9 5% o6 01 AE YR A RE A 2380 M 3 1 i A\
it 2 T R AR 2 50 R A U AT 5 T SRR K R A P R 0, DA AR O L T A R 23 AR T AR
EESEE.

G AL T RN RUBE AN R B R B2 0] B Bk SR 5 R 2 B S e R S O 1~3, A SR i e
 MSFFRA TR ) 45 IR FE AR, I 45 43 I {E SID_Sony 1 SID_Fuji P94 $48 48 EREAT TN 2R, 25 Rk
2 o S (026 AR Z B 22, W0 4 P e T, (5 2 Bt R 288 0. a0 4 5 BUZ B0 124808 2 J2 I 7€ Sony A1
Fuji B4~ 7-$ 4 45 1 PSNR 4351 U8 i 7 0.03db Fil 0.05db, {H 2 50 & 5130 I 7 KE3T 4 1% .8 7 31465 X 4 1 e R0
() AR 25 ) AR i b PR AR RO AR 1 AN LR AR

Table 2 Recovery results of different convolution layers number on various scales.
The evaluation indicators are average PSNR (db) and paramaters

R 2 KR LA RZ B R 45 R PP FiE bR D AR 17 e LE (db) Rl 2 H i

Layers number SID/Sony SID/Fuji Parameters (MB)
1 29.26 27.50 21
2 29.29 27.55 57
3 29.30 27.62 93
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LUK LT 2 AR 0 6 PGk 5 N 2 0 1) 5 TR TE DR MSFRA 85 R AN AR 1 R A, 2R Rk
TR EAS R 00 50 ) AR 5T 45 BP0 i, 45 SR LR 3. BRA % T VGGPVE AT IERIME 4 1 4 36, A5
DB R FE AR AR W R AR 0 (R B i 1 1 %, DA 3RATT AR B b A 8 N SR o A v S T AR R M IR VR BE R
AIE X FE ] DA RO 95 B 1) 5 2R RIRE, D 7 S D9 285 42 i R s [) A B 225 ] e AR e 448 P9 28 5 R b (R Re AT
T Bk £k 32,64,128,256,512.

Table 3 Recovery results of different channel numbers on various scales.
The evaluation indicators are average PSNR (db) and paramaters
F 3 KU AN )3 H 0 W 5 A A AT R R D W {ELA N EL (db) AN 2 A

Channels number SID/Sony SID/Fuji Parmenters (MB)
(128,128,128,128,128) 28.05 27.04 9
(32,64,128,256,512) 29.26 27.50 21
(64,128,256,512,1024) 29.29 27.55 81

2) IRAE VR BT W 2% i 1) 5

NRFERRAE PR AR B 48 N B RO AT DLBS RS2 B A Ak 2 B S AR B BT T RN I
TR0 i A7 25 ) LG T AN R T SRAE VR BE 5 GO S U AN SR K R W 1R 4 TR, R oRFEVR B 4 28
4 5 JZIN,PSNR 237114 /m T 0.76db F1 0.56db, 2%t 4N T 20% 704 AH 2 N RALKEH 5 EEA 6 )=
i, PSNR 4373 511 0.04db F1 0.06db, 245 18 i T 4430 4 A% 80 B B 4% 1 RE A1 S 4 I b 1 SR IR
&0 5.

Table 4 Recovery results of different downsampling depths. The evaluation indicators are
average PSNR (db) and paramaters
F 4 A FRFERBER L 45 R PP i b b WA (5 1 L (db) T S Ui

Down_Deep SID/Sony SID/Fuji Parmenters (MB)
4 28.50 26.94 16MB
5 29.26 27.50 21MB
6 29.30 27.56 86MB

3) AN[RIEE B DI HEERT ) 2% B 1 5

UEAFER TE B Dy WU R R BE 2 2 v A3 81 T 1 2 WO R i LRI A0 A 85 00 BB A s 3 g PR S Aok 67
BRI R A B, B 22 0 v R 0 PR I A S A R R ) P IR AR A BN A et 7 R B T P R A SO T
(] LGA-block 7% 7] Jaj 5 14 Joh 8 T8 AN 28 155 A0 v 26 BTE 7 0 P 4 v 17 90 46 xR 1 15 J 440 30 11 ik
PE N2 5 R, RATEEEE T SE-block®, CBAMPETRIA SC48 H ¥ LGA-block 7 I )6 I & {5 1k &2 (i fig. 45 1
F W, LGA-block 7E 1) PSNR AL T Ho At 99 A 7 722 4% LGA-block B 3 2 (S 3 (ARG T 384N W 45 07 Ll
IR/,

Table 5 Recover results of different attention blocks. The evaluation indicators are
average PSNR (db) and paramaters
FT 5 ANFNFER BB S5 B CPA FE AR A W AFLAE T LG (db) A1 2 4

Attention block SID/Sony SID/Fuji Parmenters (MB)
SE-block 28.96 26.99 18
CBAM 29.14 27.20 20
LGA-block 29.26 27.50 21

AR T — A e R R K 52 199 2 ——MISFFA, G et 20 RORE A A it 01 Jm) 8- 4 Jey s i Lol B sl 17
SRR B T L RS AT MR, S AL 23 BT AR PR A A O Bk T FORT R AL S R AL AT
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