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Visibility, Detection Method Based on Multi-Object

TANG Rong, LI Qian, TANG Shaoen
(College of Metegrology and Oceanography, National University of Defense Teehnology , Changsha 410073, China)

[Abstract] Visibility is‘extremely important in all aspects of human lifejand plays a critical role in automated
meteorological ‘observations from ground stations. However, no_unified standards for specifications or verification
procedures have been established to characterize visibility. Existing image-based visibility detection methods extract
visual features from an entire image or local area to estimatewisibility without considering the differences in the
attenuation of the visual quality of sub-images corresponding to objects with different depths of field in a given scene.
This typically results in poor precision and stability. Hence, this study presents a new visibility detection method
designed to reliably detect visibility automatically. First, a pre-trained Neural Image Assessment (NIMA) network is
utilized to extract visual features from sub-images\of objects with different depths of field. Then, the extracted features
and ground-truth labels are input into a_fully connected network to train a model for mapping sub-images to visibility.
Based on the relationships between sub-images and the entire image, a weight regression model is dynamically
established for each object. Finally, thewyisibility estimates of each object are fused by weight to obtain visibility
detection values for the entirefimage. Experimental results show that the proposed method can effectively improve the
prediction accuracy of thefregression model and achieve a detection accuracy of more than 85% in different visibility
intervals.

[Key words] visibility detection; multi-object detection; visual features; Neural Image Assessment (NIMA) ; fully
connected network
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Procedure of the method in this paper
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Table 1 Structure of the NIMA network
(B LR L NNRNEE S S
Conv/s2 3x3x3x32 224x224x3
Conv dw/sl 3x3x32 dw 112x112x32
Conv/sl 1x1%x32x64 112x112x32
Conv dw/s2 3x3x64 dw 112x112%64
Conv/sl Ix1x64x128 56x56x64
Conv dw/sl 3x3x128 dw 56x56x128
Conv/sl 1x1x128x128 56x56x128
Conv dw/s2 3x3x128 dw 56x56x128
Conv/sl 1x1x128%256 28x28x128
Conv dw/sl 3x3x256 dw 28x28%256
Conv/sl 1x1x256%256 28%28%256
Conv dw/s2 3x3x256 dw 28x28x256
Conv/sl 1x1x256%512 14x14%256
Conv dw/sl 3x3x512 dw 14x14x512
5xConv/sl 1x1x512%x512 14x14%512
Conv dw/s2 3x3x512 dw 14x14x512
Conv/sl Ix1x512x1 024 TxTx512
Conv dw/s2 3x3x1 024 dw 7x7x1 024
Conv/sl 1x1x1024x1 024 7x7x1 024
Avg Pool/sl Pool 7x7 7x7x1 024
FC/sl 1 024x10 1x1x1 024
Softmax/sl Classifier 1x1x10
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Fig.2 " Structure of single-object visibility estimation network
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Table 2 Distribution of sample number at

different visibility ranges
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Fig.7 Experimental results of verification of feature
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Table 3 Visibility detection results of sample image
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b 15.644 0.11 2.946 0.56 4.899 0.33 4.99 5.00
c 14.978 0.37 2.679 0.13 8.498 0.49 10.14 10.00
d 0.132 0.25 0.040 0.73 1.024 0.02 0.08 0.08
e 1.934 0.32 0.162 0.35 2.198 0.33 1.40 1.30
f 1.895 0.33 0.346 0.23 5.252 0.44 3.03 3.00
g 14.218 0.01 2.398 0.17 0.430 0.82 0.94 0.90
h 14.048 0.11 6.081 0.27 0.358 0.63 3.37 4.00
i 17.598 0.9 10.749 0.34 1.819 0.47 7.85 8.00

MR 3HLLE 3 N5 5010 9 i B R R AR
wh AR ST i Rl A A 3 04 g DL R R A S bR R
A= Rt — P RS BT AR SO 0 T M RE
FEY 5 1T Gt A SOy B A6 A [R) fg UL B DX ) 52 0 {0
55 AR E AR 0 BB RAR ME 22, OF TR IO E AR R . K
HS R LR [0, 1 km) X R] B, 25 3000 49 75 Bk 1 16
(1) 20% 15 2 36 ] P, D00 400 Ay o 000 %) {1 5 %4 8 AL &8
TEL1 km, 3 km) DX [A] ), B 09/ 194 15 22 Y0 L& 15%;
MHE WL AE[3 km, +oo) DX [H] B, BT A 97F 9 3R 25 3 [l

0%, Gitas Rz 4pns. NEKATLIE N, 7F
T AR LB X)), A S5 9k T 5 b 1 1E T
oy ot Xof 158 2 4 4 T AE B 1 BB 10% LA, 38 W]
AL P B v AR TR B S bR T (B AR — 8. 7
TERA 7T, % 7 (3 km, 10 km) X i), HoAd X ] £ 1E
TR IR T 90% , & W1 AR 3C 7 1 A 45 g UL RE X [R]
T B AT A R E AR L T AR [3 km, 10 km) X ] 3500
T 238 Qi A 17 32 2 D R 7E v AR B AR T L S
RGREMATE TN EREL



Faok 2 | =

% EA R LT 2 B bR i BE WA 7 v 319

x4 FH=1ITHELERNE
Table 4 Visibility prediction value under scene 1
HE L X I{E /km FrifE 2% /km
Bl/km  pRyk(d BUNME AbRiE(E BOWG
[0,1) 0.630 0.643  0.197 0.205 0.036 94.75

MR IR
wE/km /%

[1,3) 1.936 1.941 0.59%4 0.613 0.117 93.20
[3,10) 5.262 5.256  1.926 1.952 0.274 87.47
[10,40)  12.243 12.200 1.976 2.079 0.379 94.08
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Table 5 Mean,absolute errors of prediction of the

(bR

three groups of targets at different visibility ranges

H i il L [N S i WL 2 [N
[0, km) [1km,3km) [3km,10km) [10km,+w)

ENEB=A 0.036 0.117 0.274 0.379

plig=s?N 0.041 0.123 0.371 0.559

ISR 0.044 0.124 0.322 0:478
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