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Object detection algorithm for foggy conditions based on
improved YOLOVS8s

Liu Zhen Yang Xianzhao Chen Yang Zeng Sihang
(Engineering Research Center for Metallurgical Automation and Measurement Technology of Ministry of Education,

Wuhan University of Science and Technology, Wuhan 430081, China)

Abstract: To address the challenges of target detection in foggy conditions in real-world scenarios, this paper proposes
an improved foggy target detection method based on YOLOv8s. The design includes a front-end module., Edge-Dehaze.
which employs joint training of dehazing and detection networks and uses the Sobel operator to enhance edge
information in foggy images, thereby improving detection performance in foggy environments. The proposed hybrid
attention feature fusion module (HAFM) utilizes parallel attention mechanisms to enhance information interaction and
fusion between feature maps, increasing the model’ s focus on critical features. Additionally, a lightweight shared
attention convolutional detection (LSACD) head is designed. which reduces the parameter count of the detection head
through shared convolutions and incorporates the SEAM attention mechanism in the shared layer to alleviate occlusion
issues in foggy target detection. Experimental results on the RTTS dataset demonstrate that the improved YOLOv8s
network achieves a 1. 8% increase in mAP;, and a 1.7% increase in mAP;,,; compared to the original YOLOvSs
network, with comparable parameter counts, thereby validating the high accuracy and practicality of the proposed
method in foggy target detection.
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Fig. 7 Detection performance under different occlusions
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Fig. 8 Comparison of heat map effect
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Table 3 Experimental results for testing each module on the RTTS dataset

F 2k Edge-Dehaze HAFM LSACD P/% mAP,, /%  mAP;.;/%  Detection Time/ms
N 80. 0 72.9 47.9 1.8
N N 80. 4 73.1 48.5 1.9
N N 80. 6 73.6 48.7 1.8
J J 81.8 73.9 48.5 1.8
N N N 82.8 74.0 48.9 1.9
N N N 82.0 73.2 49.1 2.0
N N N 81.9 74.2 49.0 1.9
N N N N 82.9 74.7 49. 6 2.0
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Table 4 Performance comparison of advanced target

detection models on RTTS datasets

LR mAP;, /% mAPs, /%  Para/M
Faster_rcnn_rl101 60. 6 32.9 60. 1
Retinanet_r101 67.6 41.9 55.2
SSD 72.4 45.2 25.0
YOLOv3 72.0 40. 4 61.6
YOLOv4s 72.4 44.7 9.1
YOLOv5s 70. 3 43.3 7.2
YOLOv5s-Fog 73.6 45.7 26.9
YOLOv6s 70. 4 44.0 17.2
YOLOvT7-tiny 71.6 42.6 6.0
YOLOvS8s 72.9 47.9 11.1
YOLOv10s 72.2 47.5 8.0
Ours 74.7 49.6 11.1

(a) YOLOVSs

(b) YOLOv6s
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Fig. 10 Detection performance comparison chart
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Fig. 9 Comparison of YOLO algorithms

B 10 J& /8 T YOLOv4s, YOLOv5s, YOLOv6s,
YOLOv8s,YOLOv10s FIE#EG A YOLOvSs #5875 iy il
BUR BRI, BEE 4 FOASTRI R 5T R R AT
R AEEMR 1, B A AR 55 50 7™ 8 T 4 AR SO T SR A AT
SR BB 5T B A I B G B AR s AR ER 2 P 5 B RO
LA A B RO SEE 1, AR ST 4 A5 A SE ARG T T 4 H AR L
X G i Gk DX 0 7= A R A 7E RIS 3 HR, AR SO HR AT A
EF XTI A 1 /N B AR B AP R AR . kst
U5 R AR S 2= 1 SCBR B A 5 P GRS 1 YOLOvSs 1
HFH 1 o A B A B S Y S B R
VINIER

(d) YOLOV10s (e) Ours



2 E % ATt YOLOvSs 9 % X A ARth il 3 ik

% 20 4

FEXE 55 K A ARG IN 55 52 55 T oA MRS BE AR A [l 2t
ABFFEHE T —Fh el YOLOvSs B i1 25 K H An ks il
Bk, BRI B Edge-Dehaze, 3 38 25 % 5 4 AT 45
ST I8 Ak 1 % R AE L 1 53 AR AU A 55 K37 b R 4G
ROR  $H HAFM IR & T B 7 AR AR Al A g, i 5 T8 8
HIL ] 0 5 38 2 AR AIE 45 R J2 R A A 28 LA L 4 TS A X
BEERAE Ay G 1 B 5 T LSACD A3k .l it S 4t = i 1
RERRARAG DN 3K &2 2% 2, 7 L =2 2 v 5| A SEAM V2 1 AL
e 35 R AR A T v ) JE P ) L, AR S 4R O R TR B
G55 K H bR il a5 SR 25 A HMERE . m AP, Ml mAP;, . 53
IRE 74 TR 49. 620 BRI BRI S YOLOVSs #14 . 1F
A JE B AR M R A TS %4 KX B ARkl (4 5%
Wi ) 50, g S 3 17 A2 2 PR A AR A A AL
S % 3k
(1] RHIF.BEEEE. 3T YOLOVS 9% 9 K< F 38 bk
PO, i FE AR 2023,46(8) :31-37.
ZHU K. CHEN C F. Traffic sign recognition under
fog weather based on YOLOv5 [ ] ].
Measurement Technology,2023,46(8) :31-37.

[2]  REZHE IR, B IOME, %%, JE T MobileVit 4% 2 1k ¥
2% B AR S DN D7 i LT ] ST AL I WE 5T L 2022, 39(8) ¢

Electronic

2545-2549.
XIONG L Y. TU S CH, HUANG X H, et al
Vehicle detection method based on MobileVit

lightweight network [ ] ]. Application Research of
Computers, 2022,39(8):2545-2549.

(3]  w2HRZE.BhiZiL, w4, 55, 455 B IT 2 5 0l 1 1

Zogm AR R B (70, W 7 = B R, 2022, 45 (2D
123-128.
PENG X SH, LU AN J, LONG J AN, et al. Haze
image enhancement combining image layering and dark
channel [ ] |. Electronic
2022,45(2) :123-128.

(4] TruR, SR, a8, 45, — Fhikodf CBAM HL il Al
A TTPR AL B0 R IR R L S LT ] T I R
2023,46(2):161-168.

WANG Z ZH, JING M L, SHI J G, et al. A single
image defogging algorithm based on improved CBAM

Measurement Technology,

recovery [ J ]. Electronic
Measurement Technology,2023,46(2) :161-168.

(5] Z=4Er, A28 F . X . 5. 5£F Double-Head /955 K &l
BH bR AW [T W5 B oK, 2023, 38 (12):
1717-1727.

LIRS, SHI'Y Y. LIU X, et al. Object detection in

foggy image based on Double-Head [ J ]. Chinese

mechanism and detail

(6]

[7]

[8]

[9]

[10]

[11]

(12]

[13]

[14]

[15]

Journal of Liquid Crystals and Displays,2023,38(12) .
1717-1727.

REN SH Q, HE K M, GIRSHICK R, et al. Faster
R-CNN: Towards
region proposal networks [ ] ]. IEEE Transactions on

and Machine Intelligence, 2017,

real-time object detection with

Pattern Analysis
39(6):1137-1149.
LINTY, GOYAL P, GIRSHICK R, et al. Focal loss
for dense object detection[J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2020,
42(2):318-327.

TKEE L R ER L PR L AR LA R AT PR % R H
FRASINFE 2 (1], H ML TR 5 R4, 2023, 45 (1)
1970-1981.

ZHANG Q, CHEN Z Q, SUN Z W, et al.

target

A fog
detection algorithm fusing high-resolution
network[ J]. Computer Engineering and Science, 2023,
45(11):1970-1981.

REDMON J, FARHADI A. YOLOv3: An
incremental improvement [ EB/OL ]. (2018-04-08 )
[ 2024-06-25 ]. https://doi. org/10.48550/arXiv.
1804. 02767.

BOCHKOVSKIY A, WANG C Y, LIAO H 'Y M.
YOLOv4 speed
detection[ J]. ArXiv preprint arXiv. 2004. 10934,2020.
LICHY, LIL L, JIANG H L, et al. YOLOv6: A
single-stage object detection framework for industrial
applications [ EB/OL]. (2020-09-07) [ 2024-06-25 J.
https://doi. org/10. 48550/arXiv. 2209. 02976.
WANG C Y, BOCHKOVSKIY A, LIAO H Y M.
YOLOv7: Trainable bag-of-freebies sets new state-of-
the-art for real-time object detectors[CJ. IEEE/CVF

Conference on

Optimal and accuracy of object

Computer Vision and Pattern
Recognition, 2023:7464-7475.

WANG AO, CHEN H, LIU L H, et al. YOLOv10:
Real-time end-to-end object detection[ EB/OL]. (2024-
05-23) [ 2024-06-25 ]. https://doi. org/10. 48550/
arXiv. 2405. 14458,

LIU W, ANGUELOV D, ERHAN D, et al. SSD.
Single shot multiBox detector[ C]. Computer Vision-
ECCV 2016,2016.

ThfE, BeFR, EERE. S LT 4 RE A MBS 2 R
Yk R B R I A R [J]. i 32 5 AL,
2024,41(1):53-62.

SU J, LIANG B, FENG K K, et al. Object detection
algorithm in foggy weather based on dimensional

cross-layer cascade [ J .

Microelectronics & Computer,2024,41(1):53-62.

interaction and scale

+ 193 -



£ 471 % v 7o ¥ o3 A
[16] ZR%. B, T, L FH AR 5manE [23] LIBY, REN W Q, FU D P, et al. Benchmarking
KHEFREW 7 []]. 762 T 7 K% %R, 2023, single image dehazing and beyond [ J ]. IEEE
37(6):106-113. Transactions Image Processing, 2019,28(1) :492-505.
ZHU L, ZHAO H, WANG W L. An object detection [24] TANG L F, ZHANG H, XU H, et al. Rethinking
method in foggy weather based on novel feature the necessity of image fusion in high-level vision tasks:
enhancement and fusion [ ] J]. Journal of Xi' an A practical infrared and visible image fusion network
Polytechnic University, 2023, 37(6):106-113. based on progressive semantic injection and scene
(17] RZFy, 2L, © 53, 45, 26 F i 9k 0 f& Al YOLOvS fidelity[J]. Information Fusion, 2023,99:101870.
B35 R I #% B bR A LT, 3 4 2% 4L, 2024 (11) . [25] YU ZP, HUANG H B, CHEN W ], et al. YOLO-
1626-1634. Facev2: A scale and occlusion aware face detector[J].
TAN AI L, LI X H, ZHAO Y. et al. Road object Pattern Recognition, 2024, 155:110714.
detection in foggy weather based on polarization [26] TIAN ZH, SHEN CH H, CHEN H, et al. FCOS:
imaging and YOLOvS8[J]. Acta Metrologica Sinica, Fully convolutional one-stage object detection [ C].
2024(11):1626-1634. 2019 IEEE/CVF International Conference on
[18] LICH Y., GUO CH L., GUO J CH. et al. PDR-Net: Computer Vision(ICCV), 2019.
Perception-inspired single image dehazing network [27] SELVARAJU R R, COGSWELL M, DAS A, et al.
with refinement [ J ]. IEEE Transactions on Grad-CAM: Visual explanations from deep networks
Multimedia, 2020,22(3) :704-716. via gradient-based localization[ C]. IEEE Conference
[19] LIBY, PENG XL, WANG ZH Y, et al. AOD-Net: on Computer Vision, 2017:618-626.
All-in-one dehazing network [ C]. IEEE International [28] MENG X L, LIU Y, FAN L L, et al. YOLOv5s-
Conference on Computer Vision, 2017:4770-4778. Fog: An improved model based on YOLOv5s for
[20] HUANG S C, LE T H, JAW D W. DSNet: Joint object detection in foggy weather scenarios [ ] ].
semantic learning for object detection in inclement Sensors, 2023,23(11):5321.
weather conditions[J]. IEEE Transactions on Pattern 1EE® A
Analysis and Machine Intelligence, 2021, 43 (8): XUE L H - HFgT A . R EAEGE T AR IREE 2 ST H AR .
2623-2633. E-mail: 3355768368(@qq. com
[21] @S0, R BRE 55, LICH 5% F M B AR R 7. BEBGEGES AR 0, FERE T 0 AES
AL BT 5 BB 224 . 2021, 33(5) : 733-745. ViS: NGER R AR )
XIE Y H.XIE Y.CHEN L, et al. Object detection in E-mail: yangxianzhao@ wust. edu. cn
real misty scenes [ J]. Journal of Computer Aided BRI HAZ . A S0, B I 1A LA A A
Design and Graphics, 2021,33(5):733-745. R 5 s
[22] LIUW Y, REN G F, YU R SH. et al. Image E-mail: chenyag@wust. edu. cn

adaptive YOLO for object detection in adverse weather
conditions [ C]. AAAI Conference
Intelligence, 2022,36(2):1792-1800.

on Artificial

194 -

CEA. LA, FERR T RIREF ] HR
Livalll|e
E-mail: 624462167 @qq. com



