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Cross-domain object detection based foggy image enhancement

Guo Qiang', Pu Shiliang®, Zhang Shifeng’, Li Bo'”
1. Beijing Key Laboratory of Digital Media, Beihang University, Beijing 100191, China;
2. Hangzhou Hikvision Digital Technology Company, Hangzhou 310000, China

Abstract: Objective The acquired images relating fog, mist and damp weather conditions are subjected to the atmospheric
scattering, affecting the observation and target analysis of intelligent detection systems. The scattering of reflected lights

deduct the contrast of images in the context of the increased scene depth, and the uneven sky illumination constrains images
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visibility. This two constraints yield to deduction and fuzzes on the weak texture in foggy images. The degradation of foggy
images affects the pixels based statistical distributions like saturation and weber contrast and changes the statistical distribu-
tion between pixels, such as target contour intensity. Thus, visual perception quality related to natural scene statistical
(NSS) features of fog image and the target detection accuracy related target category semantic (TCS) features are signifi-
cantly different with ground truth, Traditional image restoration methods can build the defogging mapping to improve image
contrast based on the conventional scattering model. But, it is challenged to remove the severe scattering of image features.
Deep learning based image enhancement methods have better scattering image removal results close to the distribution of
training data. It is a challenged issue of insufficient generalization ability like dense artifacts for ground truth foggy images
derived of complex degradation the degradation in synthetic foggy images excluded. Current methods have focused on semi-
supervision technique based generalization ability improvement but the large domain distance constrains between real and
synthetic foggy images existing. To optimize the image features, current deep learning based methods are challenged to
achieve the niches between visual quality and machine perception quality via image classification or target detection. To
interpret pros and cons of prior-based and deep leaning based methods, a semi-supervision prior hyrid network for feature
enhancement is illustrated to demonstrate the feature enhancement for detection and object analysis. Method Our research
is designated to a semi-supervision prior hybrid network for NSS and TCS feature enhancement. First, a prior based fog
inversion module is used to remove the atmospheric scattering effect and restore the uneven illumination in foggy images.
The method is based on an extended atmospheric scattering model and a regional gradient constrained prior for transmission
estimation and illumination decomposition. Then, a feature enhancement module is designed based on the condition genera-
tive adversarial network (CGAN) as a subsequent module, which regards the defogged image as the input image. The gen-
erator uses six Res-blocks with the instance norm layer and a long skip connection to achieve the image domain translation
of defogged images. There are three discriminators in the network. The style and feature discriminator with five convolution
layers and leakReLU layers are used to identify the image style between “defogged” and “clear” , promoting the generator
using the adversarial technique with CGAN loss in pixel-level and feature-level. Excluded the CGAN loss for further remo-
ving the scattering degradation in defogged images, the generator is also trained based on a content loss, which constrains
the details distortion in the image translation process. Moreover, our research analyzes the domain differences between the
defogged image and the clear image in the target feature level, and utilizes a target cumulative vector loss based a target
sematic discriminator to guide the refinement of target outline in the defogged image. Thus, the feature enhancement module
is implemented to contrast and brightness related NSS features and improve the performance of TCS features about target
clearance. The reversed features are constrained to match the CGAN loss and content loss in terms of the information differ-
ences between image features and image pixel performance. Our network resolves the interconnections between the tradition-
al method and the convolutional neural network (CNN) module and obtains the enhanced result via the scattering removal
and feature enhancement. It is beneficial to solve the dependence of feature learning on synthetic paired training data and
the instability of semi-supervision learning in realizing image translation. Abstract features representations is also improved
through definite direction and fine granularity related feature learning method. The traditional image enhancement module is
optimized to make the best defogged result via parameters adjusting. The feature enhancement module is trained with adap-
tive moment estimation ( ADAM) optimizer for 250 epochs with the momentum takes the values of 0.5 and 0.999. The
learning rate is set to 2E —4. And unpaired 270 x 170 patches randomly cropped from 2 000 defogged real-world images
and 2 000 clearance images are taken as the inputs of the generator and discriminator. The train and test processes are car-
ried out by PyTorch in a X86 computer with a core i7 3.0 GHz processor, 64 GB RAM and a NVIDIA 2080ti graphic.

Result Our experimental results are compared with 5 state-of-the-art enhancement methods, including the 2 traditional
approaches and 3 deep learning methods on 2 public fog ground truth image datasets called RTTS ( real-world task-driven
testing set) and foggy driving dense dataset. RTTS dataset contains 4 322 foggy or dim images and foggy driving dense data-
set has 21 dense fog online images collection. The quantitative evaluation metrics contain the image quality index and the
detection quality index. The quality indexes are composed of the enhanced gradient ratio R and the blind image quality ana-
lyzer integrated local natural image quality evaluator (IL-NIQE) . The detection indexes are based on mean average preci-

sion (MAP) and recall. We also demonstrated more enhanced results of each method for qualitative comparison in the
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experimental section. In RTTS and foggy driving dense dataset, compared with the method ranking second in each index,

the mean R value is improved 50. 83% , the mean IL-NIQE value is improved 6. 33% ,

and the mean Recall value is improved 7. 79% .

the MAP value is improved 6. 40%

The enhanced results from the proposed method are much similar to clear

color, brightness and contrast images qualitatively. The obtained experimental results illustrates that our network can

improves the visual quality and machine perception for the foggy image captured in bad weather conditions with more than

50 (frame/s) /Mp as well. Conclusion Our semi-supervision prior hybrid network integrates traditional restoration meth-

ods and deep learning based enhancement models for multi-level feature enhancement, achieving the enhancement of NSS

features and TCS features. Our illustrations demonstrates our method has its priority for real foggy images in terms of image

quality and object detectable ability for intelligent detection system.

Key words: foggy image dehazing; feature enhancement; prior hyrid network; semi-supervison learning; image

domain translation
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Fig. 1 The scatter plot of image quality index of images
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Fig. 3 The architecture of the proposed semi-supervised prior hyrid network for style and target feature enhancement

( (a)the proposed unsupervised prior hybrid network; (b)fog removal module in the unsupervised priori hybrid network ;

(¢)feature enhancement module in the unsupervised priori hybrid network )
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Fig. 4 Comparison of defogging methods on a rain fog image
((a)input hazy image; (b) DCP; (c¢)CEP;
(d) AOD-Net; (e) DCPDN; (f) DADN; (g)ours)
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Table 1 Image quality indexs of defogged results obtained by comparison methods

e et DCP CEP AOD-Net DCPDN DADN AR
R 1.54 1.62 1.55 1.43 2.39 3.06
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Table 2 Target detection indexs of results obtained from comparison methods
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Table 3 Image quality and target detection indexs of
results obtained by the proposed method

/%

At ahR Our-I  Our-G-WithBN Our-G A3

R 4.32 4.25 3.24 3.06
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I 30.20  27.41  27.53 27.32
RTTS MAP  50.14  46.84  49.98 51.21
(ZE4) Recall 5617 52.15  56.19 58.40
RTTS MAP  67.49 63.77  67.90 68.97
GPN) Recall  74.50 69. 98 75.06 75.72

R 417 4.38 4.39 4.48
foggy driving 1L 29.15 25.99  26.12 25.70
dense MAP 6921 50.91  68.82 71.37

Recall 73.28  71.05  76.32 81.58
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Fig. 5 Comparison of different stages of the proposed method

on a rain fog image( (a) input image; (b) Our-I;

(c¢) Our-G; (d) ours)

6 & it

Z5 RS RBEPeTi ™ A AN [R] B2 1 Jo
R SRR AN U M R AR ZR SN, T
HIe R T EHRAFIER S, ATk RZ
VERIT EUS OIS R G 5, R BE 2 2\t 17 ) 25 46 4]
R AR A2 1 A AR ST HRHIE B F i SCFE
MEFRGR ERYAEML, 7E ER PPN AR E L0 i 3
P T 225 45 R AL E R o A H AR Al

P, AR SCHE Y T — A JC B S B TR A5 190 295 52
NBEHHN 25 s - B, 2Ok & THe87
TR ST AR E £ 5 W S TR BE 2 > DT IR AZ iR R
5 EROEE, e I W T S B T U R Y 25
B, O H.3 i 5 gk P A4 2 L GE T4 Ak i B 2 3l
SRR . SRR PR A R 2% n] LISCBL 25
VL% 5 9 T T 7 e A 3 B 2 g sk /0, DTG 42 T
5 58 R 1B I Pl A4 o A s ) ] R
JI AR SCOT A M T 5 R G AE 55 36 K AT AR
HLAME S5, HBA moo) s

(EE %5 IEAT SR AE AN 5855 2 16 15 b 2 B
ARl 45 4 T 43 % 19 SO B 6L I AR SO 3k
S5 B MG AE PG R o AL 2 B o L
PIFE—E W 225, T — 2 0 T AR 455 i A5
B AN TE BTSRRI R SRR

2 2% LK ( References)

Bui T M and Kim W. 2018. Single image dehazing using color ellipsoid
prior. IEEE Transactions on Image Processing, 27(2): 999-1009
[DOI: 10.1109/TIP.2017.2771158 ]

Cai B L, Xu X M, Jia K, Qing C M and Tao D C. 2016. DehazeNet: an
end-to-end system for single image haze removal. IEEE Transactions
on Image Processing, 25 (11): 5187-5198 [ DOI. 10. 1109/TIP.
2016. 2598681 |

Galdran A, Bria A, Alvarez-Gila A, Vazquez-Corral J and Bertalmio M.
2018. On the duality between retinex and image dehazing//Proceed-
ings of 2018 IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Salt Lake City, USA: IEEE. 8212-8221 [ DOI; 10.
1109/CVPR. 2018. 00857 ]

Gibson B K and Nguyen T Q. 2013. A no-reference perceptual based
contrast enhancement metric for ocean scenes in fog. IEEE Transac-
tions on Image Processing, 22(10) ; 3982-3993 [ DOI; 10. 1109/
TIP.2013. 2265884 ]

Hautiere N, Tarel ] P, Aubert D and Dumont E. 2008. Blind contrast

1491



1492

PEERE SR

JOURNAL OF IMAGE AND GRAPHICS

Vol.27,No.5,May 2022

enhancement assessment by gradient ratioing at visible edges. Image
Analysis and Stereology, 27(2): 87-95 [ DOI: 10. 5566/ias. v27.
p87-95 ]

He K M, Sun J and Tang X O. 2011. Single image haze removal using
dark channel prior. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 33 (12): 2341-2353 [ DOI: 10. 1109/TPA-
MI. 2010. 168 ]

Hu H M, Guo Q, Zheng J, Wang H Z and Li B. 2019. Single image
defogging based on illumination decomposition for visual maritime
surveillance. IEEE Transactions on Image Processing, 28 (6) :
2882-2897 [ DOI: 10.1109/TIP.2019.2891901 ]

Huang X and Belongie S. 2017. Arbitrary style transfer in real-time with
adaptive instance normalization//Proceedings of 2017 IEEE Interna-
tional Conference on Computer Vision. Venice, ltaly; IEEE; 1510-
1519 [ DOI: 10.1109/1CCV.2017.167]

LiBY, Peng X L, Wang Z Y, Xu J Z and Feng D. 2017. AOD-Net:
all-in-one dehazing network//Proceedings of 2017 IEEE Internation-
al Conference on Computer Vision. Venice, ltaly: IEEE. 4780-
4788 [ DOI. 10.1109/ICCV.2017.511]

LiBY, Ren WQ, FuD P, Tao D C, Feng D, Zeng W J and Wang Z
Y. 2019a. Benchmarking single-image dehazing and beyond. IEEE
Transactions on Image Processing, 28 (1): 492-505 [ DOI; 10.
1109/TIP. 2018. 2867951 ]

Li K, Lan S Y, Zhang ] W and Li L. 2015. An improved algorithm of
haze removal based on dark channel prior. Computer Technology and
Development, 25(2); 6-11 (Z=4 4 Af B, gk, 28
2015, HHEREET R EARMEGREZRE. ITHEILERS
K, 25(2): 6-11) [DOI; 10.3969/j. issn. 1673-629X. 2015.
02.002 ]

Li R T, Cheong L F and Tan R T. 2019b. Heavy rain image restoration
integrating physics model and conditional adversarial learning//Pro-
ceedings of 2019 IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Long Beach, USA; IEEE; 1633-1642 [ DOI;
10.1109/CVPR. 2019.00173 ]

Li RT, Tan R T and Cheong L F. 2020. All in one bad weather removal
using architectural search//Proceedings of 2020 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition. Seattle, USA .
IEEE: 3172-3182 [ DOI: 10.1109/CVPR42600.2020. 00324 ]

Liu J F and Huang F. 2004. A restoration method of atmospheric degrad-
ed image based radiative transfer equation. Chinese Journal of Light
Scattering, 16(4) : 364-369 (XI#p%%, HilE. 2004. —FpEE T4
BT R R AR e R DT . DL AT 24, 16 (4)
364-369) [ DOI: 10.3969/j. issn. 1004-5929.2004. 04. 015 ]

Mirza M and Osindero S. 2014. Conditional generative adversarial nets
[EB/OL]. [2021-09-20]. https://arxiv. org/pdf/1411.1784. pdf

Narasimhan S G and Nayar S K. 2003. Contrast restoration of weather
degraded images. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 25(6): 713-724 [ DOI; 10. 1109/TPAMI.
2003. 1201821 ]

Ren S Q, He K M, Girshick R and Sun J. 2017. Faster R-CNN:
towards real-time object detection with region proposal networks.
IEEE Transactions on Pattern Analysis and Machine Intelligence,

39(6): 1137-1149 [ DOI: 10.1109/TPAMI. 2016. 2577031 ]

Shao Y J, Li L, Ren W Q, Gao C X and Sang N. 2020. Domain adapta-
tion for image dehazing//Proceedings of 2020 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition. Seattle, USA:
IEEE: 2805-2814 [ DOI: 10.1109/CVPR42600.2020. 00288 ]

Sindagi V A, Oza P, Yasarla R and Patel V M. 2020. Prior-based
domain adaptive object detection for hazy and rainy conditions//Pro-
ceedings of the 16th European Conference. Glasgow, England .
Springer: 763-780 [ DOI. 10.1007/978-3-030-58568-6_45 ]

Wu D and Zhu Q S. 2015. The latest research progress of image dehaz-
ing. Acta Automatica Sinica, 41(2): 221239 ( %, KH M.
2015. B EE mBi R sk . A a0, 41(2) . 221-
239) [DOI: 10. 16383/]. aas. 2015. c131137 ]

Yuan F N, LiZ Q, ShiJ T, Xia X and Li Y. 2021. Two stages feature
extraction methods for image dehazin. Journal of Image and Graph-
ics, 26(3) : 568-580 (AR, &M, B, HE, 4
2021. PIRTBARMESRBORNE 1 ER L%, P EEREIE ¥,
26(3) : 568-580)

Zhang H and Patel V M. 2018. Densely connected pyramid dehazing net-
work//Proceedings of 2018 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Salt Lake City, USA; IEEE. 3194-
3203 [ DOI: 10.1109/CVPR. 2018. 00337 ]

Zhang J and Tao D C. 2020. FAMED-Net; a fast and accurate multi-
scale end-to-end dehazing network. IEEE Transactions on Image
Processing, 29: 72-84 [ DOI: 10.1109/TIP. 2019. 2922837 ]

Zhang L, Zhang L and Bovik A C. 2015. A feature-enriched completely
blind image quality evaluator. IEEE Transactions on Image Process-
ing, 24(8) : 2579-2591 [ DOI. 10.1109/TIP. 2015. 2426416 |

Zheng Y T, Huang D, Liu S T and Wang Y H. 2020. Cross-domain
object detection through coarse-to-fine feature adaptation//Proceed-
ings of 2020 IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Seattle, USA: IEEE: 13763-13772 [ DOI: 10. 1109/
CVPR42600.2020. 01378 ]

EZE N

P58, 1996 AR 5 g R T
7 1) g PR o
E-mail :1263836618@ qq. com

U EEEH, D, B, EEE T N
PGS 46 LA A 1R i 328 Jek PR 5%
il LR 7 G AR HE

E-mail ; boli@ buaa. edu. cn

S, 55 Mg TR, W57 1) S TR S R
iR 6, E-mail ; pushiliang@ hikvision. com
ST SIS AN s 3 SR L GRS RN I -

E-mail ; zhangshifeng@ hikvision. com



