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Fig. 2 Image segmentation results. (a) Original images; (b) bright area masks; (c) segmentation results
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Fig. 3 Video image segmentation. (a) Video image; (b) segmentation result
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Fig. 5 Acquisition of transmission maps. (a) Video image; (b) dark channel image; (c) original transmission map; (d) optimized

transmission map

input

[ BN+ReLU+1x 1 Conv [[077] avgpooling [ |7x7 Conv
[ BN+ReLU+3x3 Conv [ |maxpooling [ | CBAM
[ Dense Block-B [ Jupsample

1x 1 Conv

3 x 3 Conv

K6  FTF DenseNet-169 [ 4 fif fih k9 2%
Fig. 6 Encoder-decoder network based on DenseNet-169

° : channel-level connection

input output

B 7 A R B L

Fig. 7 Mechanism of dense concat

2) TRFHETIL. TP ARE PO KEE 3.3.1 ##t Dense Block & & 3=

s fE B CINRE AR A8 ps R 2 ), W0 2% 1 7 ) BE WL ¢ T i P DenseNet Ht R RFAE T A% T3 BOR JE {5
AR, 5 LA TG RAFAE 52w U e 4 KL IO B R AR A 0] &, XF Dense Block 254 #4717

0810002-6



HRILX

ek, $2 T Dense Block-B. £ Ji i B Dense Block
B — 2 YRR AR B S R TR AT )2 8RR T AT D
L IRRIEE A . R X R T BE R 8 O B T 2 A
S ELRE A T 2 TR B A BS s A RRAE PR S 5T A K
TRGRE, RO MAM AIME . TR
—[A] 3, 7 Dense Block-B #15] A T i #1 )2 ( Bottleneck
Layer) .

HARH B, 78 Dense Block-B 1 (14 8) , %y A Y 45

(@)

1x1 Conv

®)
Ixk
(channel)

(channel)

455 F£ 8 HI/2025 F 4 A/HFFIR

i & CGGE TE Bk D<p) B et — A IX 1B B2 (11X
convolution) , ¥ i 18 0 45 22 4000, X — R AE i & 0K
TR R IR E] T RELEN B 0 BT TR TR
B 1X 1 4 FRRE 05 A7 ok B v b (R 7 o 2 0 RRAIE Gl
T8 [R5 T DG R RRAE 98 A R AE 1 R B T
R I HAE Rt R rh AL TR IE SRR R T A
BURHIE 2R GE R ) o 8 X — ki, Dense Block-B fig
A BB TR B A B O T M

3 x 3 Conv

F%i

Ixk
(channel)

3 x 3 Conv

k
(channel)

KS AEMRLEM M, (a) Dense Block; (b) Dense Block-B

Fig. 8 Improvement of Dense Block. (a

3.3.2 3IANCBAM

T A RS AL T 25 RIRIT, I 4% 1 4 A= Al
A2 A 312 URE UL B R R, TR A 2527 ) B R S AT 55
T6 R B RAE CUNR A 2000 L B B 55 ), AT e A 190 245 114
KERE o R T R i — [l 80, A SCAE I 286 24 1t 45 740 20 5 |
AT CBAM, it 5 7 188 18 1 25 8] P 4> 4E B 1k 45k 5]
PEAT AR AE , CBAM RE 8 3 45 T A7 ZURFAE I 10 1l 8

) Dense Block; (b) Dense Block-B
ORARFAIE , AT 5 Bly 190 4% B o 6 1 2 > T8 B 9 TR B2 AR L
CBAM 45 # &1 9 frow

CBAM Hy i 38 7 5 ) R e s (8] v ) A Bk
0 2H R, R A B R AR B T R A IR, R A 2
R 90 B O RRAE o 7R E TR O e il A
T AE P 28 3 4 JR die Rt Ak 4 R o 2t Ak B AR L AR
) A 10 3 A9 f KRR AR AP B R AR A . X S

input featare
y / :- shared multilayer I
7 maxpooling perceptron channgl |
/ I —9 —9 attention l
% P N 2 |
, / : \ / \ @ @ —> - |
p | —+ —J |
avgpooling |
r - I
I Bt et
Conv
layer

|
| —
I
I

channel-refined
feature

refined feature

maxpooling,

/—>@—>’

spatial
attention

avgpooling

K9 CBAMZiH
Fig. 9 Structure of CBAM

0810002-7



% 45% F 8 HI/2025 &£ 4 B/ HEHR

%EZ%J/\@JA¥é R HTH B NEENER
JIALHE , I 18 i sigmoid 3G PR EOKE AL E FR i 7E 0 2
1 Z a], f 2 M3 g 3 26 A F 6 3 T8 4F AR 2 AT AL
iy it o

TE 25 0] 71 B e, ) g A CRRAE P A 3 T 2
AT e R AR A Y AR 3R AR DL AR BOA [ R Y
FRFER . 3E X R SUE B — B
WEA Z RS B BRI . 38 3 G B AR A i 2 )
B IR, I XA 25 A7 B RRAE 2R T A, Hir
I ERNESR RN

fifp A i 3 a3 R ORUER M b R R RN R A A o S R 2
JEA G BRI AR .. BOBESREE — WL L
FAEEFM A 3X 35, i uf I 4% 1 8o ik
Ty ARV AR B B — 2. B E T —
2 0 H R 5 2 B AE (] 2 TR) 4 B Y g R gt £k )2
B JE IEAT BB R . 3E A Bk BR O X 4% A R R

@
visibility detector

G £t v TR R AR PR AR Y A o B A L OF S R R
PR TR 4 E TR RS, I A T AR R A R e
R o 4 B A A R AL 1] 5 A A 4 R A R e
77 AR A, WARIE S Bl A, X008 G0 1 39 i fige 6 s
F1% 38 T8 K, T Ak 1 3 S B IR A

4 SR EE IR AN A

4.1 LI ESHIFRIER

ARSCERIAE B A e, LR AR E T 4
£ Z 45 & Windows 11, &b BE 28 24 Intel 19-13900KF, i
+ H NVIDIA RTX A6000, . 7% K 48 GB, 15 17 N 1%
64 GB. Jir AT 2% 185 5 5 T PyTorch 1.9.1 fiE 42
CUDA JfiA A 11.7, CUDNN RRAS ly 7.6, 5256 B %
85 VG LT B Ry B A 5 W, TEBR PE 44 7 & T S107 5
H B2 47 KA9-+890( & 10) B Sr T HE UL W il i,
LA T [ RE AL S T A BE D WA

b) @ Comprehensive  Home  Large-screen visualization

Alist of devi Map informatio
- [ Long earth and sky sky b

@ 21079959

@ 40289681

@ 40295912

Factor information
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itoring 4

[ The name of the device (2] ~ Deviceinformatior
[0 ) Device Name: 21079959

Device address: 21079959

Region: Long earth and sky sky

Alarm data: open

L Y Alarm Type: Offline alarm, overrun alarm

Q Marking Locations: Shut down

Offline Judgment Interval: 30 minutes

" Interval for saving data: 5 minutes

Camera information

Q Q Q
Real-time visibility value (m). 7.0 Visibility 10-minute average (m). i) Visibility 1-minute average (m).
6449 ] 7775 cia 8001

FI10 e 0L I i (a) A 3858 5 (b) = 7 & Ml
Fig. 10 Visibility monitoring station. (a) Device deployment; (b) cloud platform monitoring
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AP d RS BRIR B d, A TR 0 IR E
{E, 7% JT A Al 1T TR B2 AE v /N 1 i 1 A A5 3R o
SRR L), N [ 8 A 2 s A5 TR R 05 2 1 AN ] 25
ZAEHE . 00 1.25 W 6 R 045 22 () 25 2L AR, s K
22155 L T B R AT UG T v O B e 2 T
RS TR0 ST B A TR B 1R 25 50 Oy 1257, B R ) % 2 1Y)
B FERAR, MER SR, 2 ] T PP AN AR 1 v 4 R S Y
TRIE R 25 50 R 1.25° B, A0 70 X6 5% 25 1) 2% 22 3 A %o 48
o T A SR AE T T A B A AR, 2 T PP A A R
PE B P TRER 25 o S5 3P B0 A T B i 4 v M v Al A
RIPERE
ot Xof AH X 1 22 (A IR BABR R WA TR EE
RS2 R TR B A 22 0] 1) 248 0T 25 08 o 52 B TR B A 1) 1L 481
W DL AR R 0T B R ROR |, B B B A IR 1Y £k
HERE, FikUn

< 8(6=1.25,1.25,1.25") (16)

1 N di 7 (’Zi
AR:NZ d
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4.3 LWERMON
4.3.1 FRRVREAETT M &k ek bR

SEHBEPE VKITTI 2 LA Kz 1 U i 40ai 4 6 479
5, 3T B3R 3ATEM 8 AR X BTS™ | LapDepth'™ |
MonoDepth ' | CADepth™" | Lite-Mono " , DenseNet-
169 6 Fh A [a] 9 B H TR B Ak oH N 48 47 e8¢, % L 46 2R
UL Z 1, Ho i RMSE (A, /) T ASE R 1 G 4, v 1 2%
A A AV R BT

W 25 2 ¢ 1 B 7R , M L T BTS . LapDepth,
MonoDepth,CADepth , Lite-Mono 5 F % B 4 11 % 4% ,
DenseNet-169 i) 1 i 5 4 , 76 RMSE A \ A f& t5 [
T HABRIRL

1 AFTREL G 00 48 53 1 1k B LU AL

Table 1 Comparison of performance of different depth estimation network algorithms
Model Ay RMSE /m AL .
dis <<1.25 0 is <<1.25° 0 is <<1.25°
BTS 0.116 0.390 81.0 84.1 86.7
LapDepth 0.101 0.432 84.1 84.8 85.6
MonoDepth 0.109 0.440 85.4 85.3 84.1
CADepth 0.103 0.408 85.7 86.0 85.1
Lite-Mono 0.099 0.389 87.9 86.5 85.5
DenseNet-169 0.097 0.385 88.6 86.5 85.4

4.3.2 RFEE AMH T AT DenseNet-169 4 % #f 2
R % % 4 R

T AL AT e i hn A Y D 0 PR TG e

9 S0 AF A AT S U8, O T A AURFAIE 4R THEE R A

PRk o O 48 TH IR 2%k R L3R T vk A R, AR SO A

3 T DenseNet-169 f 4 fif 25 [ 2% v 5 i 4 Ff AN 6] 9

VE R ) HUH AT SE 5 o S A By 4 R 3 ) P
4 9k CA™ (Coordinate Attention) . CBAM™ |
SSA"™ (Separable Self Attention) , ECA"™ (Efficient
Channel Attention) , ¥ LA I 4 i & J1m A & F
DenseNet-169 (1) 2 fif 5 [ 2%t R | RMSE (A (A 3%
R A I R s o W s o TR L 7 W A %

2 ANIEEERE ST HLE] T i R 25 PR REXT L

Table 2 Comparison of network performance under different attention mechanisms

A%

Model Ay RMSE /m : -

Jis <<1.25 0 is <<1.25° 0is <<1.25°
DenseNet-169 0.097 0.385 88.6 86.5 85.4
Dense+CA 0.088 0.323 87.4 90.1 89.2
Dense+ECA 0.098 0.379 92.9 86.8 87.3
Dense+ SSA 0.081 0.310 86.3 88.9 90.3
Dense+CBAM 0.082 0.305 89.6 90.4 89.5
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CBAM 5] A DenseNet-169 J5& , 5 H:Ath 3 Fh v 2 J1 ML)
A EL , H RMSE 1A e/, 76 BIE 8 S 1.257 0 i i 2%
B 5 o A SCk k9 Dense+ CBAM #5551 (% 3F- 247 1
4 89.83% , BTS . LapDepth . MonoDepth , CADepth
LI} Lite-Mono J7 ¥ B °F ¥ #E 8 % 4 83.93% .
84.83% .84.93% .85.60% LA} 86.63% (% 1), HBTS,
LapDepth,MonoDepth, CADepth, Lite-Mono #f . , A&
SCF A BORE BE A i B T T 5.90.5.00.,4.90,
4.23.3.20 53 4 .
4.3.3 LR HSH

A N BT [ [ Kb GB/T 33673—2017 i #1
FE K RE UL 2 9, N5 3 Ff s, AKAERE L V=10 km
SR (1), 2km<<V<10km N R EH(24),
1 km<<V<<2 km J— B HFHK (3% ),500 m=<<V<_1 km
F G L (49, 50 m<< V<500 m N EEH(59),
V<50m AW ZEFHR(6%H). LEM 202449 H £4
TEBE 76 45 7 22 T S107 5 H B F 45 K49+ 890 ib 7
7 F8 UL RE W A, SR AR 55 K A 145 K R DL R R .

W 5 2024 4F 11 H 24 H 14 1 25 40 3 15 B
1543 B W 5 A0 P A%, 00 P14 DL I 1L, 5 o 4 51 I
Fe A ZFOFT 14:25—15: 20 1 18] 1 B UL BEELHE B

& 45% E 8HI/2025 & 4 B/ ¥R

3 IRKPRE LS
Table 3 Levels of visibility

Level Qualitative descriptor Visibility
1 Excellent V=10 km
2 Good 2 km=<< V<10 km
3 Average 1 km<<V<{2 km
4 Poor 500 m<< V<1 km
5 Bad 50 m<< V<500 m
6 Terrible V<50 m

[i) 1) B A7 5 ming A SCHE T 000 AR B B e L B A
5508 U0 S 2 S R AT b A, T e D BE A R U
b AR SO AR S5 5 SR AR L R I S AR R
FF—20ANAE 15:00 B 25 5% . HLAAOR UG, BB L B2 Wil
S A5 4 i UL BE A 512 m, SR N 4 9%, 1T A SCHIF9E
EI AR E A9 m, SR SR, XEH R
15: 00 U RE DL N 512 m, KRN 4 %, A X EH T
FEES3 mMY IR 2, FHHE N SH ., BIKKE, AL
WF 58 7 35 1S ¥ 0% 25 8 73 m, SF 35 0fE B R ik F)
89.83 %% , HL A& 5 o 1) I 2 K JE 5 AT R

B 11 L5 min fa) BE B W4 o B 4% o (a) 14:25;5(b) 14:305(c) 14:35;(d) 14:40;(e) 14:45; (1) 14:50;(g) 14:55;5(h) 15:00;
(1) 15:05;(j) 15:10; (k) 15:15;(1) 15:20
Fig. 11 Surveillance video frames captured at 5-minute interval. (a) 14:25; (b) 14:30; (c) 14:35; (d) 14:40; (e) 14:45; (f) 14:50; (g) 14:55;
(h) 15:00; (1) 15:05; (j) 15:10; (k) 15:15; (1) 15:20

12 JE 7~ T 68 UL B W ) 5 3% F DenseNet-169
M 5 ol I 4% 7 12 78 AN [R) IS 220 104 B8 L B2 A i) 235 S 158 2
AEACTE L . Dense+ SSA W 2% X 378 B 2§ TR B2 A5 2 1 ¢
TR, 7E 700 m DL b5 LAY BRI 3 B
AR R HERR M (B T B R R RO EAN T
IR A8 UL 25 14 10 330 00 o 47 >R A5 AIK ; Dense - ECA ¥
24 0] XoF 3T B R R AR R T A0 AR X {45 AR 550 m

VL PN B4 B8 D B 000 % A Ay, {FL B 2 R UL R R R Y
Sy N = 1 R - S N P A NS e =W | Wi 6
DenseNet-169 [ £ A1 5 T HAth % 2% , F AR 7E 15: 00 I
ZI B9 1% 22 /N F Dense+ CA il Dense+SSA , {H F fih B}
ZIAS T 1 BE UL 2 {32 25 K s Dense+ CA W 45 78 14: 30
F1 14 - 55 BF 20 1Y 12 25 f /0N, 78 HoAlh B 220 B 15 22 0% 3l 4
Ko MHHZTN A SCHE B 5 ¥ 7 G BE 25 T R 2 1)
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Table 4 Visibility estimation results of proposed method

Visibility detector

Proposed method

Time Figure Error
Visibility /m Level Visibility /m Level
14:25 Fig. 11(a) 632 4 573 4 59
14:30 Fig. 11(b) 697 4 615 4 82
14:35 Fig. 11(c) 595 4 646 4 ol
14:40 Fig. 11(d) 681 4 716 4 35
14:45 Fig. 11(e) 704 4 629 4 75
14:50 Fig. 11(f) 670 4 587 4 83
14:55 Fig. 11(g) 688 4 615 4 73
15:00 Fig. 11(h) 512 4 459 5 53
15:05 Fig. 11(1) 793 4 683 4 110
15:10 Fig. 11(j) 653 4 721 4 68
15:15 Fig. 11(k) 834 4 736 4 98
15:20 Fig. 11(1) 860 4 771 4 89
1000 200
(a) (b)  —=-visibility detector
900 180 | —&— ours
160 - —4&—DenseNet-169
800 -
140
i 700 ¢ g120t
= 600r 8100 |
2 =
£ 500 - al
400 - ol
—B-visibility detector —%—Dense+CA 40 F N
300 —e-ous ~#- Dense+SSA 20| 3 Densersoa
14:25 14:35 14:45 14:556 15:05 15:15 14:25 14:35 14:45 14:55 15:056 15:15
Time Time

K12 BT AR B T ik i 4 R X L o (a) RE DL R it 2 5 (b) i 22 il 2k

Fig. 12 Comparison of results based on different model methods. (a) Visibility curves; (b) error curves
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Abstract

Objective Visibility refers to the maximum horizontal distance at which an individual with normal vision can identify and
distinguish an object against the sky background under prevailing weather conditions without external assistance. It is a
critical parameter reflecting atmospheric transparency and serves as a key indicator in the transportation sector. Various
factors influence visibility, with fog and haze having the most significant influence. In foggy and hazy weather, the fine
particles suspended in the air hinder light transmission and absorb light reflected from object surfaces, significantly
reducing visibility. On highways, reduced visibility due to fog and haze is a major cause of traffic accidents, posing severe
risks to public safety and economic stability. The accurate and efficient acquisition of visibility data is essential for effective
traffic management. Therefore, developing a high-precision visibility detection method that provides reliable data support
for transportation authorities has become a key research focus in ground-based meteorology. To address this, we propose

an advanced visibility detection method based on a depth estimation network and an atmospheric scattering model.

Methods In this paper, we propose a novel visibility detection method leveraging an encoder-decoder structured depth
estimation network. Using highway surveillance videos, the method determines visibility by integrating principles of the
atmospheric scattering model to extract atmospheric transmission coefficients and scene depth information. First, the
K-means clustering algorithm is applied to segment video frames into foggy and visible road regions, enabling the
identification of the maximum scene depth area of the road. Next, the dark channel prior algorithm is enhanced using a
regional entropy method to refine the selection of atmospheric light intensity, ensuring a more precise estimation of
atmospheric transmission coefficients. Subsequently, an encoder-decoder-based depth estimation network extracts depth

information from the images. Finally, visibility is calculated based on the atmospheric scattering physical model.

Results and Discussions The depth information obtained using the DenseNet-169 network is compared with that derived
from five other depth estimation networks: BTS, LapDepth, MonoDepth, CADepth, and Lite-Mono (Table 1). The
results show that DenseNet-169 outperforms these models in terms of root mean square error (RMSE), absolute relative
error (Ay), and accuracy. This demonstrates that the depth information generated by DenseNet-169 is highly precise and
effectively supports visibility estimation. To further enhance network performance, four attention modules—coordinate
attention (CA), convolutional block attention module (CBAM), separable self-attention (SSA), and efficient channel
attention (ECA)—are integrated into DenseNet-169 and compared against the original network without attention modules
(Table 2). Among these, the integration of the CBAM module achieves the best performance, yielding the lowest RMSE
and Ay values while attaining the highest accuracy at a threshold of 1.25°. As a result, we adopt the Dense-+CBAM
encoder-decoder network for depth estimation. Experimental data are collected from surveillance video recorded on
November 24, 2024, between 14:25 and 15:15. A sample video frame is shown in Fig. 11, while Table 4 and Fig. 12
present visibility detection results and error variations across different timestamps. The proposed method’s visibility
estimation results are compared with those of a visibility monitoring device and four alternative networks. The findings
indicate that the proposed method closely aligns with the monitoring device, with only minor deviation observed at 15:00.
Overall, the proposed method demonstrates high accuracy in both short-range and long-range visibility estimation,
achieving an accuracy rate of 89.83% and an average error of approximately 73 m. Furthermore, the method exhibits

strong generalization capabilities, highlighting its reliability and precision in visibility measurement.

Conclusions We propose a novel visibility detection method based on an encoder-decoder depth estimation network and
an atmospheric scattering model. This method employs the atmospheric scattering physical model as its theoretical
foundation to calculate visibility by deriving atmospheric transmittance coefficients and scene depth information from

images. To enhance accuracy, a regional entropy method is introduced to refine atmospheric light intensity estimation,
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leveraging stable gray-level variations in foggy regions. Image segmentation techniques are applied to locate the boundary

between visible road surfaces and foggy sky regions, focusing on pixel information within the target area to minimize the
interference from irrelevant features. In the depth estimation network, the encoder-decoder structure of DenseNet-169 is
optimized by incorporating the Dense Block-B module, which suppresses redundant features in the input and enhances
feature extraction efficiency. In addition, to mitigate interference from the original image background, the CBAM is
embedded in the encoder’s convolutional module, improving road surface feature extraction while reducing the influence of
irrelevant features. Experimental results demonstrate that, compared to existing methods, the proposed approach achieves
higher accuracy in both long-range and short-range visibility estimation, with an accuracy rate of 89.83%, reduced overall
error, and enhanced generalization capability. This method enables efficient and precise visibility measurement, providing

reliable data support for traffic management.
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