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Real-time Defog Processing Using Cooperative Networks
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[Abstract]

In this paper, we propose a deep learning model and inference pipeline that can process
high-resolution fog video in real-time, addressing limitations found in classical defogging algorithms and
existing deep learning-based defogging models. The key idea is separating the tasks of inferring fog
color and estimating the amount of fog into two distinct models, allowing for a more efficient,
lightweight design that improves inference speed. While many deep defogging models perform well on
synthetic fog images, they suffer from reduced effectiveness on real-world fog images with diverse fog
colors and backgrounds. We solve this problem by introducing a synthetic fog dataset generation
method tailored for real-world conditions. Through experiments, we demonstrate the increase in visible
distance achieved by proposed model and compare its inference speed and defogging performance

against pre-trained models on real-world CCTV fog images.
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I. Introduction
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II. Preliminaries

1. Background

1.1 Fog image formation modeling
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2. Related Works

2.1 Classical methods
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2.2 Deep Iearning-based methods
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III. The Proposed Scheme

1. Cooperative Networks
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Fig. 1.
transmission model are trained indivisually and trained
with cooperative networks method.
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Fig. 2. Pipeline to train cooperative networks. For every
iteration, one of cooperative networks is frozen and other
network is trained using the frozen network.

2. Model Architectures
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3. Intermittent Inference
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Fig. 3. Intermittent inference pipeline using multiple threads
for real-time video inference on low—performance devices.
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IV. Experiments

1. Fog Image Synthesis Pipeline
A Aol 22 B2l QP71 Akt Qb

U 42 A FSshe 2 o2 Lol TA
AR Q7 olmlx|et Q7Y Qe BT olulA] thAl 7Rt

olulRZRE £ Ay B71e) kg BHelel Alg
s9ick. Qf ololx] T REAL AL airlighto}
transmissiong AAs[jof st} Airlight= 0ff g4 AJot
TR, G, B 3 717} [0.35,1] 9] WollA] 2Ar9j2 A
Bisto] Coket Aol Qbit SRS ARl oF
el We2 el o A 82 [0.5,3.5] 2] B
oA LA = MEisty, ojo] ssEo] 9% depth
estimation 2&-& 0|85t depth maps FESH H
transmissiong At T

Clean Image Depth Map

Transmission

Synthesized Image

Fig. 4. Intermediate images of our fog image synthesis pipeline.

o2t ¥IA1S o] 85HH o S-% o]o]x|&+ &at op]
2t &3t airlight®] AT} transmission® A& 4~ 9l
o] end-to-end WAlQ] wHETE offe} airlight o] &

@ transmission o|& ZES BF skAA 2 9t

Transmission Map
Beta € [05,35]

] Depth Map Estimation
CleaniCCTViimage J Normalized (0, 1]

Gammap Elg;rectmn Fog Image Formation
Gamma € [1, 25] A€ 035 17

[ Synthetic Fog Image J

Gaussian Noise
Sigma < [0, 0.04]

Quality € [0, 90]
Fig. 5. Our fog image synthesis pipeline to build
CCTV-like defog dataset.
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2. Dataset

S2l= 55 CCTVERE eI} gl thdet
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517] Yol 512X512 F7]2 random crop
of &0l ARE 9Tt
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3. Experimental Settings
HE A Intel(R) Xeon(R) Silver 4210R CPU @
2.40GHze} NVIDIA RTX 3090 GPU, 256GB RAM9] gt
7oA ZISBE|Qi). Airlight 223} transmission 22
S = 1,000 ofjm23 =9F sh4L]9) O, learning rate=
0.00012 Ad7Ast 1l Adam optimizerE o]&sto] s
sttt E3t HiR] 271 12 st

|0k

V. Results

1. Visible Distance Increment

Fig. 6. Visible distance comparison between fog image
(left) and defogged image (right).
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A2l BA2 AYE & A A 582 9] Aol
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A408 person F29] =AIE 0.5 ol AlEeg
GRIsAY sl GRIsHA] 232 UE 4 &

AAYE Ylofd oz AR5t sl Al Yy
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2. Comparisons with Baselines

2.1 Inference speed comparison

ARl & o]ufx] o7 A Hlo]EAIQl RESIDE
[13] 9] subsetQl SOTS Outdoord] tfsto] =2 H55
Uetf= 2591 Dehamer [4], DehazeFormer [5],
ChalR [6] & baseline TES2 XAl 2 =20]4
Alotst= walat vl wale] stk ChalR 222 s do]
EJMIo} BlAEAO] TishA] 40.73dBY] =2 PSNR A&
UEH|= state-of-the-art 2Eo]c}

FE &= 5 vlush7] Y5t Z21719] FP32 A=l &
255 FHD (1920x1080) sHe=o] ofulx]o] tfs}o]
NVIDIA RTX 3090 GPUOJlA| 10038] F&3F H, Ha FPS
£ At

Table 2. Inference speed comparison with baseline
models.

Models FPS (frames/sec.)
Dehamer [4] 3.026
DehazeFormer [5] 10.58
ChalR [6] 3.213
Ours 32.60

Aotsl= B2 airlight P&} transmission 2.E10]
T REg BT X25fof gofx mHlo] stz Ql
off o2 welEct 3ufjollA] 10uf o] &r2 FEFC)

Table 3. Quantative comparisons on synthetic fog
image testset.

Fig. 7. The following images are from synthetic fog video

(left) and defogged video (right) with visible distances of

5m, 10m, and 15m from top to bottom. These frames

represent the moments when a pedestrian moves out of
the visible range.

Table 1. Visible Distance Increment

Models PSNR 1 SSIM 1 FID |
Fog image 20.65 0.7459 83.01
Dehamer 21.97 0.7905 82.64
DehazeFormer 22.12 0.7935 80.97
CharlR 22.10 0.7933 81.58
Ours 28.94 0.8777 48.43

E3t SOTS Outdoor TJojgjAlol ol AFX

Oll

[ o
g

Before After Increment
defog defog (%)
5m 10m 100%
Visible 10m 19m 90%
Distance 15m 27m 80%
Average - 90%
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oF. 2o} Aapt gd olAl9 ¥ olujx|et dut &
ARt A] Blast?] 95| full-reference quality metric
9l YCbCr 37tofA9] PSNR¥} RGB 37HoflA9] SSIM,
FIDE &74stoier 1 ZAak= Table 3u 2t ZE
metricol| A AIQtsh= 2Ho] &dH P BlAE HlolH

Kol oste] e s Mol e ojolxle} 14
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2.2 Visual comparison on real-world images

Alkshe B3 AP ShE 71E mEgo] WAl o
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Fig. 50] 22 2V} H|wai ¥ LvreQl R AlE
9] o7} oJu]x]e] -2, baseline Z&=0] WIS A5}
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Fig. 8. Visual comparison of baselines and our model on
real-world images.

VI. Conclusions
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