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Object detection in foggy image based on Double-Head

LIRen-si, SHI Yun-yu', LIU Xiang, TANG Xian, ZHAO Jing-wen

(Department of Electric and Electronic Engineering , Shanghai University of Engineering Science,
Shanghai 201620, China)

Abstract: Image contrast in the foggy environment is low, and the object is fuzzy so that it is difficult to
extract features in images. The existing object detection methods has a low accuracy for detecting objects
in foggy images, and the objects is fuzzy and is difficult to extract features. To solve these problems, the
feature extraction and prediction head are improved on the Double-Head framework. Firstly, multi-scale
salient and effective features of objects in the image are carried out by adding channel attention to the
feature maps extracted from the backbone network. Secondly, the prior matrix and fea-ture maps from the
original image processing by dark channel prior method with image processing are fused to get more
comprehensive feature information in foggy images. Finally, the separable convolution is introduced into
the prediction head and the effective decoupled head is used to complete the classification and regression
tasks. The proposed method has the mAP of 49.37% on the RTTS dataset, and the AP of 66.7% and
57.7% on the S-KITTI and S-COCOval dataset. Compared with other mainstream algorithms, this
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algorithm has higher object detection accuracy.

Key words: object detection; foggy image; dark channel prior; attention mechanism; feature fusion
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Fig.1 Overview of the proposed network
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Tab.1 Performance comparison of different algorithms in the RTTS dataset

Ji itk % 1 AE FAT 4 JEE B 7 PN mAP
Yolov3 DarkNet53 61.58 23. 20 23.02 43.84 30.32 36.39
ATSS ResNetl101 60.95 35.69 10. 37 46.33 30.32 37.68
Dynamic R-CNN** ResNetl01 61.93 41.32 32.20 37.38 46.08 43.78
Double-Head ResNetl01 63. 00 51.53 24.29 41.70 43.22 44.74
Cascade R-CNN ResNetl101 63. 33 43.37 26.43 38.03 43.16 42. 86
FPVDNet ResNet101 65.47 44.10 26.50 44.31 46.61 45.40
KODNet ResNet101 64. 81 47.22 28.65 47.35 45.25 46. 66
AR5 ResNet101 66.41 50.78 33.62 50.12 46.92 49.37
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Tab.2 Performance comparison of different algorithms in the S-KIT TT dataset

Wik T M 2 AP AP, AP, AP, AP, AP,
FSAF™ ResNet101 62.8 69.6 89.9 63.7 63.0 66.8
ATSS ResNet101 64.8 74.4 89.8 61.5 64.6 70. 2
PANet ResNet101 64.4 72.9 90. 1 64.6 64.2 69.0
Libra R-CNN ResNet101 64.5 74.3 89.7 63.8 63.7 69.5
Dynamic R-CNN ResNet101 65.9 75. 4 90. 2 62.9 66.5 70.8
Double Head ResNet101 65.4 74.5 90.7 65.4 64.6 69.8
EN RS ResNet101 66.7 77.1 90. 9 65.6 66.2 71.4
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J I H AR R 3 W 245 475 8% B A JvE M
BETE
4.5 HEEZBMESLE

Fe AN T Sk 1) 36 B 4y AT T LG, 0
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Tab.3 Performance comparison of different algorithms in the S-COCOval dataset
7k B 4% AP AP, AP, APy APy AP,
FSAF ResNet101 52.5 58.4 77.6 37.5 47.1 64.3
ATSS ResNet101 54.4 61.2 78.0 38.7 48.8 66.4
PANet ResNet101 53.6 60.7 78.2 35.6 47.8 64.8
Libra R-CNN ResNet101 54.1 61.4 77.8 39.2 48.1 65.3
Dynamic R-CNN ResNet101 56.8 63.6 78.7 39.4 50. 4 69.0
Double Head ResNet101 56.2 63.2 79.8 38.7 50.5 67.2
AR SCTT ResNet101 57.7 65.1 79.6 41.1 51.1 69.3

x4 HEMARYERRD FHSHNAPELLE
Tab.4 Comparison of the parameters and AP values after

adding different number of modules b

i a B b ZH/M AP
N 0 1.06 37.1
NG 1 1.87 37.9(+0.8)
NG 2 2.68 38.6(+1.5)
NG 3 3.49 39.1(+2.0)
NG 4 4.30 39.6(+2.5)
NG 5 5.11 39.6(+2.5)
N 6 5.92 39.7(+2.6)

BEE A A B 1 465 PR 18 3R [6] 19 AP 25 21 .
F AP Ry a AL H b AR 3R B 6 v 9 B2 OB e a
FIb, B a 32220 RRAE A 256 4E T+ 2 1 024
e B E N — A, RN 1.06M BEE b K/h Ny
0.81M. 75 J& 2 /i i 5 A 2 KOk 19 F- 17, A SCHY
ot Sk 5 5 AR ER 40 B T R B — AR B a F 4 AR
b,

TE RT TS Bl 4 b o3l A [R] 3 2 ) ik
HATSES G5 AN S PR o TERUS N vE B O
He gy 45 5 F |, 4d I Double-Head J7 324 b 3L £k (1)
mAP {4 51. 5,43 B N I B SE(Squeeze-
and-Excitation)*" ,CA (Coordinate Attention) ™ il
CBAM (Convolutional Block Attention module)"*"

x5 FATEAEIENERIIBER
Tab.5 Ablation study of proposed component
Jrik EEAHHR mAP  BHE/M
/ 51.5 —
SE 51.6 +0.41
Double-Head CA 52.2 +0.52
CBAM 52.7 +0.51
A3 53.6 +0.45

Ji  ,mAP{H N 51.6.52. 2 52. 7, i A Ty
E ARG B T R i mAP{E N 53.6, 28R
3G N 0. 45M . S5 R W], 5 A E & ) B
Fb L AR SCIRE T 8 T T 5 He B A T 1 A A
PERE

&6 IR T HE B REAE 3 s AR B R g A A T
WSk EDH 7 fil 58 5 19 45 2 . 78 ResNet50-FPN
FEER b, W RRAE B AR SCHY B B mAP
HARE S T 0.8, @l A vle ik 15 3 3 2 58 15 21 14 Je 56
B mAP B3 T 2.4, UF B BT 32 00 R AE 1
S AR HROOT A %5 K AR b i bR R RhE o i
A W0 Sk EDH B PO mAP{E M 52. 9 32 &5 £
54.3, [t ResNet50-FPN 3L £k =t 1.4, 54
A EE 12 B AR ) X 2% 9 20 m AP (E AL T T
3.6, FEREHIEG R I, B AT Double-Head J7
AR B RN 48, 14 MB, #EFIF[E] 4 0. 105 s; 8k
PE 5 7 1 45 2 80k 52. 25 MB, HE B[] K
0.126 s,

F6 BENMERWHEMIEER
Tab.6 Ablation study of proposed component

FTME FEES eeilE EDH  mAP A
ResNet50 52.9 —
ResNet50 NG 53.7 +0.8
ResNet50 NG 55.3  +2.4
ResNet50 Vv o 543 F1.4
ResNet50 N NG < 56.5  +3.6

4.6 EXFSTHERKQUERMSH

DN BC i 4 bk T LA AR SR T 0 BAR
SASE FH AN [m] 9 3 1 AT H b A DU 25 R R oK, n
8 s, A b 2 AR R I i IR A OBk
Double-Head 5 7% .Cascade R-CNN#.7& .FPVD-
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Fig. 8 Detection results of different algorithms in different

scenarios

Net Fl Yolov5 Bk & I A 45 51 . 25 — A B &,
B 1A SCR A AR SR AR B T AAT A
18 B0, AT AR DU A 08 o o . 7F L Ath 4 1K1 {5
# , Double-Head , Cascade R-CNN,FPVDNet Fl
Yolov5 ¥IAAAEXT /N B A% 444 s 45 1 1] &, Double-
Head S8 7025 = 2H EHR b B2 4% R 485 = 1100 ok
R ARCFIEE XS REMG PR R T A
YA B4 D 245 SR | EL AT O P A T RN A
A SCRT & D7 AR A BB AR AN [ 5 Wk E R
PRz I &5 R R 7 iR o KBS R AL HUA [R]

RT FRAZEFADEREBETHIRER
Tab.7 Experimental results of the proposed method
under different foggy conditions
SR B AP AP, AP,
LEY s 0.1~0.2 64.2 74.1 88.2
o 0.2~0.3 62.7 72.5 87.6
HE 0.3~0.5 59.4 69.6 85.9

N

£ X #k:

E R AR R LR 55 o (ESLPREE RIGRT,
JIr$ 75 1 0 F RS A I 25 SR AN 18T 9 i s o s b Y
/I B A 0 LA 4 A ATS R LA i G I A
AT AR I — U AR SO A S b
S R R R E

B9 SCPRgs K ae il 4 R 14

Fig.9 Detection results in the actual foggy scene

AR SCE R 55 K 5 R B B ARKE AT 55, $2 1
T —HMEr R = A H B . 7E Double-Head
W 4 - il T e S 00 A5 3 1Y S8 58 AT
DL K 38 RN A R B4R I E A TER T, R Hl
HE T HUI Sk A 4 B R R v kR
A W Skt B AR IR AT e A B a2 T L AR T
FE2E R EMG L HARR IR B o A SCREAE B4R
FERBARERTTS FHUS T 49.37% I mAP{H,
BIERTEETE T 4. 63% 0 A MEdESE S-KITTI
FS-COCOval I APAE 4R 66. 7% F157.7% o
S0 B S T A T A Oy v 2B R T
AR SCHE DA IE YRR FERR I TAES,
A HE— 2D U Ak 190 55, A A 0 RS R N G R il H
o7 FH B R

[1] REDMON J, DIVVALA S, GIRSHICK R, ez al. You only look once: Unified, real-time object detection [C]//
Proceedings of 2016 IEEE Conference on Computer Vision and Pattern Recognition. las Vegas: IEEE, 2016:

779-788.

[2] LIUW, ANGUELOV D, ERHAN D, ez al. SSD: single shot MultiBox detector [ C]//Proceedings of the 14th Eu-
ropean Conference on Computer Vision. Amsterdam: Springer, 2016: 21-37.
[3] REN S Q, HE KM, GIRSHICK R B, et al. Faster R-CNN: towards real-time object detection with region proposal



1726 NGRS TN 5 38 %

[4]

[10]

[11]

[12]

[13]

[14]

[20]

[21]

[22]

networks [ C1//Proceedings of the 28th International Conference on Neural Information Processing Systems. Montre-
al: Curran Associates, 2015: 91-99.
GIRSHICK R B, DONAHUE J, DARRELL T, ez a/. Region-based convolutional networks for accurate object
detection and segmentation [J]. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2015, 38(1) :
142-158.
GIRSHICK R. Fast R-CNN [C]//Proceedings of the 2015 IEEE International Conference on Computer Vision.
Santiago: IEEE, 2015: 1440-1448.
LIN T Y, DOLLAR P, GIRSHICK R, et al. Feature pyramid networks for object detection [ C1//Proceedings of
the 30th IEEE Conference on Computer Vision and Pattern Recognition. Honolulu: IEEE, 2017: 936-944.
LIU S, QI L, QIN H F, ez al. Path aggregation network for instance segmentation [ C]//Proceedings of 2018
IEEE/CVF Conference on Computer Vision and Pattern Recognition. Salt Lake City: IEEE, 2018: 8759-8768.
PANG J M, CHEN K, SHIJ P, et al. Libra R-CNN: towards balanced learning for object detection [ C]//Proceed-
ings of the 2019 IEEE/CVF Conference on Computer Vision and Pattern Recognition. Long Beach: IEEE, 2019:
821-830.
FHp ik R AR T Uk SSD WL WAL HARA I ik [T]. & b5 27 ,2023,38(1):128-137.
LI1J, YU JC, ZHANG L L. Aircraft target detection method based on improved SSD [J]. Chinese Journal of Lig-
uid Crystals and Displays, 2023, 38(1): 128-137. (in Chinese)
LIBY, PENG X L, ZHANG Z Y, et al. AOD-Net: all-in-one dehazing network [ C]//Proceedings of the 2017
IEEE International Conference on Computer Vision. Venice: IEEE, 2017 4780-4788.
ERA I G, ERA . PR 5 R BT NIk [T, B & e F AR S F R, 2020,47(4)
70-77.
WANG Y D, GUO J C, WANG T B. Algorithm for foggy-image pedestrian and vehicle detection [J]. Jowrnal of
Xidian University, 2020, 47(4): 70-77. (in Chinese)
fif I MR TR gE, F . AEAF YR TR HARRIN [T, o Sbuh oh ot 5 BB F 5 4R, 2021,33(5) : 733-745.
XIE Y H, XIE Y, CHEN L, et al. Object detection in real-world hazy scene [J]. Jouwrnal of Computer-Aided
Design & Computer Graphics, 2021, 33(5): 733-745. (in Chinese)
HE K M, SUN J, TANG X O. Single image haze removal using dark channel prior [J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2011, 33(12): 2341-2353.
WU Y, CHEN Y P, YUAN L, ez al. 2020. Rethinking classification and localization for object detection [C]//
Proceedings of 2020 IEEE/CVFE Conference on Computer Vision and Pattern Recognition. Seattle: IEEE, 2020:
10183-10192.
NAYAR S K, NARASIMHAN S G. Vision in bad weather [ C1//Proceedings of the Tth IEEE International Con-
ference on Computer Vision. Kerkyra: IEEE, 1999: 820-827.
HE K M, ZHANG X Y, REN S Q, et al. Deep residual learning for image recognition [ C]//Proceedings of the
2016 IEEE Conference on Computer Vision and Pattern Recognition. Las Vegas: IEEE, 2016: 770-778.
CHOLLET F. Xception: deep learning with depthwise separable convolutions [ C]//Proceedings of 2017 IEEE
Conference on Computer Vision and Pattern Recognition. Honolulu: IEEE, 2017: 1800-1807.
LIBY, RENW Q, FU D P, et al. Benchmarking single-image dehazing and beyond [J]. IEEE Transactions on
Image Processing, 2019, 28(1): 492-505.
GEIGER A, LENZ P, URTASUN R. Are we ready for autonomous driving? The KITTI vision benchmark suite
[C1//Proceedings of 2012 IEEE Conference on Computer Vision and Pattern Recognition. Providence: IEEE,
2012: 3354-3361.
LIN T Y, MAIRE M, BELONGIE S, et al. Microsoft COCO: Common objects in context [ C]//Proceedings of
the 2014 13th European Conference on Computer Vision. Zurich: Springer, 2014: 740-755.
SHETTY S. Application of convolutional neural network for image classification on Pascal VOC challenge 2012
dataset [J/OL]. arXiv, 2016: 1607.03785.
REDMON J, FARHADI A. YOLOv3: an incremental improvement [ J/OL]. arXiv, 2018: 1804.02767.



5512 1) 2T, 45 . 3T Double-Head )55 K B2 H Fr ke 1727

[23]

[24]

[26]

[27]

[28]

[29]

ZHANG S F, CHIC, YAO Y Q, et al. Bridging the gap between anchor-based and anchor-free detection via adaptive
training sample selection [ C1//Proceedings of 2020 IEEE/CVFE Conference on Computer Vision and Pattern Recog-
nition. Seattle: IEEE, 2020: 9756-9765.

ZHANG H K, CHANG H, MA B P, er al. Dynamic R-CNN: towards high quality object detection via dynamic
training [ C1//Proceedings of the 16th European Conference on Computer Vision. Glasgow : Springer, 2020: 260-275.
CAIZ W, VASCONCELOS N. Cascade R-CNN: delving into high quality object detection [ C]//Proceedings of
the 2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition. Salt Lake City: IEEE, 2018: 6154-
6162.

ZHU C C, HE Y H, SAVVIDES M. Feature selective anchor-free module for single-shot object detection [C]//
Proceedings of 2019 IEEE/CVF Conference on Computer Vision and Pattern Recognition. Long Beach: IEEE,
2019: 840-849.

HU J, SHEN L, ALBANIE S, et al. Squeeze-and-excitation networks [J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 2020, 42(8): 2011-2023.

WOO S, PARK J, LEE J, et al. CBAM: Convolutional block attention module [C]. 2018 European Conference
on Computer Vision, Springer Cham, 2018: 3-19.

HOU Q B, ZHOU D Q, FENG J S. Coordinate attention for efficient mobile network design [C]. 2021 IEEE/
CVF Conference on Computer Vision and Pattern Recognition (CVPR). Nashville: IEEE, 2021: 13708-13717.

EER I

FEEHT(1998—) , B T &) A, W
+WF5E A, 2020 4F F L TR AR K
SRR, EE NS
o A G Ak 21 7 T 9 B SY . E-mail:
751667646(@qq. com

AEE982—), &, W ARFT A,
&L PRI, 20124 T L R AE ARAT
L, F R AR FALAL 215 53 B
5 i 58 . E-mail : yunyushi@sues.

edu. cn




