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Outdoor weather image classification based on feature fusion

GUO Zhiqing"?, HU Yongwu™, LIU Peng’, YANG Jie’
(1. Hubei Key Laboratory of Broadband Wireless Communication and Sensor Networks
(Wuhan University of Technology), Wuhan Hubei 430070, China;
2. School of Information Engineering, Wuhan University of Technology, Wuhan Hubei 430070, China)

Abstract: Weather conditions have great influence on the imaging performance of outdoor video equipment. In order to
achieve the adaptive adjustment of imaging equipment in inclement weather, so as to improve the effect of intelligent
monitoring system, by considering the characteristics that the traditional weather image classification methods have bad
classification effect and cannot classify similar weather phenomena, and aiming at the low accuracy of deep learning methods
on the weather recognition, a feature fusion model combining traditional methods with deep learning methods was proposed.
In the fusion model, four artificially designed algorithms were used to extract traditional features, and AlexNet was used to
extract deep features. The eigenvectors after fusion were used to discriminate the image weather conditions. The accuracy of
the fusion model on a multi-background dataset reaches 93.90%, which is better than those of three common methods for
comparison, and also performs well on the Average Precision (AP) and Average Recall (AR) indicators; the model has the
accuracy on a single background dataset reached 96. 97%, has the AP and AR better than those of other models, and can
well recognize weather images with similar features. The experimental results show that the proposed feature fusion model
can combine the advantages of traditional methods and deep learning methods to improve the accuracy of existing weather
image classification methods, as well as improve the recognition rate under weather phenomena with similar features.
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Fig. 1  Algorithm framework of feature fusion model
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Fig. 2 a channel histograms and b channel histograms of 5 kinds of weather
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Fig. 3 Brightness images of 5 kinds of weather images
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Fig. 4 Saturation images and saturation histograms of 5 kinds of weather images
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AR ST A 10 XA v 9 R K B AR R B
XLl LA I B R 6 e b A7 o, 36 7 s T &A1
XoF T2 TR R AN B R EMR B P 45 5 . 7T LG 2R 00 B
RSB R AR Z AR RRE, RIS = R B 55,
T M AT LA AN 22 5, R SCRl A TR PRI e 3k L e HoAth
PRI B Sy 22K, AT LLIE B IX 433 BRI AH T A4 K5 2D, s
KRR R e Rz FRFARE L3 AL, e R RS2
22 AR ARG AR AN Z AR A Bl A AT L L e S K
TN, T4V 0 >3 L B s o

LA U EEE SRR AR SO Rl A ORI S R L [ B
32 N T BEV R AR A AlexNet HURZ IR, 78454 KRB T ABA R
AP (N PN PN O e S s e =l T 0N A IR
RJZ T AlexNet 2 I B RARAE (19 5200 , T 3504 B R0 43
RLE R SVM 55 —26 . AlexNet+SVM 3745 AU 25 0 45 454T 412
BRI, 7R B 4325 E R B 2 | T 7R IS K 4325 B RUR
e, BE I AlexNet+SVM A5 T b J2 ] B A7 A5 0F $2 BOH 25 F 4326
J5 B SZ I, X T AlexNet A B A 41 B A9 B K HRAE , SVM
WME LA U o a5 0 e 2

®5 BNEBTE Dataset | BIFEHE R B O ELERITLE

Tab. 5 Precision and recall results of each model on Dataset |

TR GES X liES EES UiES AP AR accuracy

P R P R P P R P R
SVM 0.7780 0.8300 0.9230 0.8280 0.7630 0.5130 0.9790 0.8570 0.8410 0.9530 0.8568 0.7962 0.8512
AlexNet 0.8450 0.8880 0.7380 0.8740 0.8510 0.6550 0.8420 0.8570 0.9530 0.9300 0.8458 0.8408 0.8740
AlexNet+SVM 0.8680 0.9040 0.8990 0.9200 0.8240 0.7880 0.9700 0.9630 0.9630 0.9460 0.9048 0.9042 0.9235
FFIERLA (AR3C)  0.9370 0.9070 0.9220 0.8160 0.8620 0.8320 0.9740 0.9630 0.9410 0.9980 0.9272 0.9032 0.9390

F6 EMEBEE Dataset | BIFEE RN B B R L R3fLL
Tab. 6 Precision and recall results of each model on Dataset Il

i GBS =X LES X UES AP AR accuracy

P R P R P P R P R
SVM 0.4020 0.9010 1.0000 1.0000 1.0000 0.9260 0.9290 1.0000 0.7220 0.1850 0.8106 0.8024 0.7404
AlexNet 0.8900 0.5890 0.9920 1.0000 1.0000 0.9260 0.7400 1.0000 0.8840 0.9430 0.9012 0.8916 0.8893
AlexNet+SVM 1.0000 0.2190 1.0000 1.0000 1.0000 0.9260 1.0000 1.0000 0.6220 1.0000 0.9244 0.8290 0.8379
FFIERLA (AR3C)  0.9920 0.8610 0.9920 1.0000 0.9780 1.0000 1.0000 1.0000 0.9210 0.9900 0.9766 0.9704 0.9697
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Fig.10  Rainy and cloudy images and comparison images for prediction
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Tab. 7 Prediction result comparison of four models

FELAY BN AR I 45
SVM BAK (false) FHK (true)
AlexNet B (false ) i %K (false )
AlexNet+SVM 1K (false) fifi K (false)
FEAERIL A (A S0) R K (true) FAK (true)

4 4iE

A SCHERETE PR 53 S i Bt b, % B0 1 R 4326
TPk AT T RASINEGH S5 S RGN TR T i AR
B2 20 Tk AR B R RAHIE FIR )2 R AR #-A TR S L 75 3
THIFIRBCR . RIS, NSERGE5 T LIS DU 458 -
5, IR PO R a2 B8 SRS, 38 A 2%, o)
FEME R A, B A ) R B T A B — T R R URR
A 232 T R ET DA S R B 5 O, ARSI Rl e
A [7] 1 52 BN T BT RAE 048 BUp 22 190 2% AN 5 T Y 52
Wiy, BEAT T RELS & W IO, 2RI R RO B B 4
53 OR AT T BB, & 38 MBS A3 0 R A BV 15 0
22, T BT 2 AN X DU Rl i e s S SR
R, Bl BB AR B SRR A — R AP T, R T
T W T BRI J5 6 FURFIE R G 5 8 L Al R R i 1
RENLIZ AT LAE— 25 Th o PRI, 76 R — 2 AR FRAT PR kst
SR W] AN TR HRAE S A [ 22955 22 A9 R ik i
BT I FEAN W 9 205 A ol HL B3 5 R AT R BRI Rl
RRAEBEH.
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