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Abstract: A weather recognition method combining an improved ConvNeXt network and knowledge dis-
tillation is proposed to improve the accuracy of weather recognition in complex traffic scenes while achiev-
ing network lightweighting. Firstly, the ConvNeXt_F network was constructed, and the SimAm atten-
tion mechanism was added after each set of Block feature extraction of the ConvNeXt network to correct
the weights of the extracted deep features and strengthen the ability to capture discriminative weather fea-
tures. Secondly, during the network training, equalized focal loss (EFL) and mutual-channel loss
(MCL) were aggregated as the total loss function by using the average occupancy ratio, eliminating the ef-
fect caused by data imbalance using EFL and reducing the difference of local detail features under similar
weather using MCL. Finally, the knowledge distillation technique was used to migrate the weather classi-

fication knowledge from the ConvNeXt_F network to the lightweight MobileNetV 3 network, which has a
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marginal loss of accuracy but significant reduction in the number of network parameters. The experimental

results showed that compared with other algorithms, the proposed method achieved 96.22% and 84.8%

accuracy on the weather-traffic dataset of Ningxia expressway and publicly-available natural weather datas-
et RSCM2017, respectively; the FPSs were 157. 6 Hz and 137. 6 Hz and FLLOPs and Params were 0. 06

G and 2. 54 M. Compared with the original network, the recognition accuracy, speed, and lightness of the

network were improved, making it better applicable to practical scenarios with limited storage and compu-

tational power.
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ResNet50M! 93.5 95.6 4.11  25.56
AlexNet " 93.5 95.6 0.72  61.1
VGG16-TL™ 92.81 33.6 15.65 138.36
JVNet™! 94.81 11.9 10.11 75.92
Swin transformer™  96.56  45.1 15.14 87.77
ConvNeXt'"” 96.83 108.9 4.46  28.57
ConvNeXt_F 98.79 111.8 4.46 28.39
MobileNetV3™®'  83.58 132.7 0.06  2.54
MobileNetV3_Z
( ) 96.22 157.6 0.06  2.54
ours

e 3R, N8 PR RE R &, (i FHAS SC7 1
Y ZR I W 28 S AR 1 80 1Y 0 260G 2, Ik B il ik
HR IR B 075 0 & Fe k. FEILA /9 5Fh
K K M 9 7 ¥ DenseNet'” , ResNet' |
AlexNet", VGG16-TL"™ ,JVNet "'/, JVNet i
B R e m L ik B T 94.81%, fH FPS e & LA
11.9 Hz, ConvNeXt K H % 315 1% 5 Swin_trans-
former AH 3¢ , PRI I 43 28 o o S A0 T, (0 G IR
FE AT 53 8 B RRAEAR R AR B s/ T 28 19 KN,
It Swin_transformer 5 f& 24 = %%, 248 SC R 4% Con-
vNeXt_F i 4 i g , ik 5 98. 78 %0 , il i ZZ M I
% J5 11 MobileNetV3_Z #E #f % ik #] 96. 22 % , A
[t ConvNeXt F g /> T 2.57% , {H #H Lt I K 4%
MobileNetV3 4 & 1" 12.64% , } FPS 2} 157.6
Hz, i5 B 5 o M 26 A% B, MobileNetV3_Z
AH L ConvNeXt F N 4% 76 Gl /MK BE 51 2% 1) i 4
T KRR BE W /N T W 4% ) FLOPs 1 Params, 2 3
LA LR G PERE
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N TR UEAR SOy i iz A % E S 56 (] st
TEN TF B2 RSCM 2017 T #E4T 030 , Il 24556 s
A7l T FLOPs #l Params 526 3 — %, F &£ H
BRI LR ME AR 15 T B
LS NSO E € N e SR A R MRS
WETR AR T weather-traffic 5 ¥z 45 &5 % , (H M-
RERIKF A SO BAL T HAb T 0 BOW M
# ConvNeXt F WEHi FMK R g =, 58 T
90. 47% , ZZ 48 Il 25 J5 1) MobileNetV3_Z #f i %
h 84.8% , A Lt % U W 4% ConvNeXt_F F# K T
5.67% , A0 Lt L R 4% MobileNetV3 i Ri2 w5 T
11.53% ,FPS A 137. 6 Hz, A8 f . FLOPs Al
Params 5 & 3 — 2, 8 /% F HAl ™ 4%, Hi28 & 1%
e R M

F4 RSCM217THBFEEARAEHNRSSEER
Tab.4 Weather classification results of different algo-
rithms for RSCM2017 dataset

Model Accuracy/%  FPS/Hz
DenseNet™”’ 76. 87 33.3
ResNet50"" 82.63 86.5
AlexNet'" 80. 82 44.8

VGG16-TL™ 80. 3 31.6
JVNet'™ 85.15 81.6

Swin transformer'** 87.31 25.6
ConvNeXt'"” 88. 49 99.1
ConvNeXt_F 90. 47 96.5
MobileNetV 3" 73.27 115.4
MobileNetV3_Z(ours) 84. 80 137.6

ZE LT IR , N R 3HIR 4 1 S8 45 R nT L&
A SC i IS ) 200 R 4% ConvNeXt F £ weath-
er-traffic fl RSCM2017 ¥ 4~ 54 4 1 9 43 2K Kk
JIEXF B H At vk R . FRAR S Y 2 2%
MobileNetV3 _Z J& 0] G (9 £ B8 T 2000 M 2% (1 4
B[] B KW /N 1 9 4% ( FLOPs #il Params, i
FHFA# A G IR A BR AN R AP 2R 72 s
4.3 HRKIE

=W ICIRVE R (PPN N T X VE A
EREZ UL EORIN I8 | B e RN E R 1
S ALk . Hoh, SE Gl T R ) 0T LA Rk
SRR IR S (R 7S B IE R 0 S N
JEAEAE B o CBAM Hi 3 3 7 & 1 ML A2 (6]

T T AL 2B, A7 Bl 1 I 4 i TR % )22 W1
fEAE B AR BB 38 18 51 2 (a0 48 B b i — A4k
JEE OO R AR HEATRE M, 7E 25 [R] 38 38 W] i A2 Ak Y =3
] e = R . SimAm 1 & AL H JC 7 16 )5 A
P 286 A% i 2 50, R B it pR 0T BB TEAN R AE 1Y
WEEM ., AT I —2 B W IE A SCHT ] SimAm
B I HLE ) OB P, 53 51 HE ConvNeXt [ 45
Jin A SENet, CMBA Fl SimAm 7E & 1 HL#1 3t 17
XL sz . 253K 5 s o #F weather-traffic
FRSCM2017 I 4045 48 |, 51 A SENet i &)
ML 0 v 2% 40 0 oA 97.14%,89. 18%, 51 A
CBMA 1 & J1 L J5 50 3 43 0 o0 97. 36 %6 Al
88.28% , A 371 A K SimAm VE & 1 B 89’ 4%
ConvNeXt_F 43285 B e f, 4300 R 98. 29% #0
90.29% .

£S5 FREFENERTEEIREHERE
Tab.5 Comparison experiment results of different atten-

tion modules

Accuracy( %)
Model
weather-traffic RSCM2017
+SENet 97.14 89.18
+CBMA 97.36 88. 28
+SimAm 98.29 90. 29

0T HE UL b JR R LA AR N [ T A
B B R SRR AE AR I L S5 R S

AT AT AR 25 S A BT, BT AR B K A
WA AL . i RAWN X EEF, SimAm
TR T AL BE 08 (8 D0 265 T O 1 A % X I8 A R AIE
E S R B SimAm 1 AL R AL P
AN B PL DGV B R AR UM L %5 R R
i, SimAm B AL CBMA ¥ & S HL ¢ i
RAFRAE DX BUA I, 3 53 FE BE 5 20 B X 8, P T
SENet & WL, 28 5K F , SimAm F & J1#l
1 i 7 fE I T CBMA Fil SENet 7 7 S WL, fE
% T G VR T8 B R SRR, DA 0 1 5 0T
KIER

R T IE BH 00 ) 265 A 0 D TR A Ak
AR SC 43 AR P A BOHE A TR ek 08 3 ) R
0 PR S AT B0 IE , R G I 28 3 FERUR 1
YE R o 00T I 2% 2l 15 350 43 1 T4 Fil S5 55 4n 3% 6
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Fig. 5 Comparison of heat maps of different attention mechanisms

7N o 1F weather-traffic #1 RSCM2017 M 4~ £ 45 4
I, PL ConvNeXt by 3 i W 2%, i) FH 41 & 461 2% pR 8
LAE R H A5 o6 847 U1 25, 0 2% Wl 2R 43 591 35 2]
98.06% HI 89.29% , #H tb 3 i I 45 4 il 42 &
1.12%,0.8%, 51 A SimAm 1 & J1 AL #l 1k k9 2%
FERR AR 42 B BE 7 4346 2K OC SR O A5 8., 3 o
KA B T, M4 ik 5 3 50 5 98.29% M
90. 29 %6 , AH L M 2% 73 il 4 = 1. 3500, 1. 8%,
T o 26 45 5L AT LUE B AR SO0k Oy A R, Y g
P8 T T 2 4 S HE A R

Fo6 BITMEHMIEER

Tab.6 Results of teacher model ablation experiment

Pk HEAT HRGE RS N R R AR IR IR T X 28 18
A T 4 M R Y 52, AR SO IR RS T L K
{3,5,7,9,11, 15} AT UF . R 7 W24 M4 AE
AR ZE TR BE T R A

KT TEAEBEREIBER
Tab.7 Table of results of experiments at different distil-

lation temperatures

Accuracy( %)

ZEIREE T

weather-traffic RSCM2017
3 95.19 83.47
5 96. 14 84.29
7 96. 22 84.80
9 96. 22 84.38
11 96.03 84.33
15 96. 00 83.80

Accuracy/ %
Model
weather-traffic RSCM2017
ConvNeXt 96. 94 88.49
L, 98.06 89.29
SimAm 98.29 90. 29
L4 SimAm 98.79 90. 47

4.4 HINFBILE
ZEARINZrrb A Bl #00m N 45 Jr 2 45 18 R A%
AR, Wt IR E T H LG A A S

FH 3% 7 AT J, 2% A R 4% MobileNetV 3 43 25K
JE Bl 72 IR T A3 K B TS TR X
J T REE TXEE AR S BRI, 73 2 45 - 1)
L2 AR R R A 2 R A — I AE 2 S X
RS RS NN 2 (g ) e B
U6 ] M ZE AR IR B T WU 7 b3k SR e . R 260
5 DR A B8 2% oR 00 S i) A2 5 44 2800 ) 2% Jor )
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VT Lo 5 Lo W9 7 LR, A T 8828 o (H A K /)
T [0 485 L B 52 ), 1 2R R B O 7 I R R L
PREAUTE S8 o X 25 18 2 A I 45 PR B 1Y 52 i, 1A
H student A Lo W FELAL S5 T A1 —a 5 HEEE
Ko di RE/N, B A SCIR R B o 10, 2,
0.3,0.41,

*8 AEREMEINESHIWER
Tab.8 Experimental results of different mixed loss

weight parameters

Accuracy( %)

WNESZH a :
weather-traffic RSCM2017
0.2 95.83 84.07
0.3 96. 22 84.80
0.4 95. 68 84.31

& 8 Al il , 7F weather-traffic f1 RSCM2017
PR B, M a k0.3, 1—aly 0. 70, 8 T
R A 9l 4k 5 2 A2 N 2% MobileNetV 3 i 1 &
BOR Bt

O B e ARG BE A [+) iR S B 0 2% 1
Al A SCER 455 otk ConvNe Xt M 4% 5 1R
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