£60% F2H8/2023F 1 B/HMretEBFEHE

It Bl St FFIHE

HET- A5 B2 2% Rl 20t % 5 R R AE 38 A 5 32 D00
HEA BAEAEA BRE, AR

AR MK F I AL S (E B AEBE, i N 3500025
R AR RO SR AR KA S O R A SR A S SRRSO E A SR, A MM 3500025
TR, tEE I 3500025
SRR E MR R s, M M 3500025
U H A BEH TR Be, R 7 H 351100

T RO T EL A1 W T P A R 00 2, B T A B o 0 S A A BRURR A B T R R R . ] A
2 B 5 M 2 AR T AR A B 2 I 46 20 S R vy A il Je B A R % G Y ) IR 4R BT U Y TR SOAR SRR . T T A
it 5 PR He b 25 i 22 RUJE 0 52 10 4 AR 45 AN W) 91 L (%) J) B8 A8 AL [] IsF 7 A 7% I il 5 AR 1) R B2 1) 4 08 5 A 1) 2 BRURR A
Ve, B oo AR R ) P 3, KT A S — b il 5 2 B 5 7 B 45 FRURRAIE A9 T 40k 8 2 RUTI AR R L BT B A8 1 23 085 12 0 T 2 T A )
PP HERR 3 R IE R R R m I8 20 T 91, 704, ELIH Bl 2 00 25 SR U IE T S 6% 15 A A AR b 1 A AT

KA R ARG BERRETUN; SRR, SRR, AR, RS

FESES  TP183;P409 XHERERS A DOI: 10.3788/LOP212668

Precipitation Intensity Recognition Based on Convolution Neural Network
with Fused Encoded and Decoded Features

Lin Mengxiang', Huang Xiuping', Lin Zhiwei"**", Hong Sidi’, Liu Jinfu"*
'College of Computer and Information Science, Fujian Agriculture and Forestry University,
Fuzhou 350002, Fujian, China;
‘Key Laboratory for Ecology and Resource Statistics of Fujian Province, Cross-Strait Nature Reserve Research
Center, Fujian Agriculture and Forestry University, Fuzhou 350002, Fujian, China;
‘College of Forestry, Fujian Agriculture and Forestry University, Fuzhou 350002, Fujian, China;
‘Forestry Post-Doctoral Station, Fujian Agriculture and Forestry University, Fuzhou 350002, Fujian, China;
*New Engineering Industry College, Putian University, Putian 351100, Fujian, China

Abstract In order to efficiently use infrared precipitation images to determine the precipitation intensity, a precipitation
intensity recognition model with fused encoded and decoded features has been proposed. The coding and decoding
convolution is introduced into the deep convolution neural network classification model, which can extract the deep-seated
features of rain information while reducing the loss of local information. In the coding and decoding convolution module,
multi-scale receptive field convolution is considered, and local features in different ranges are fused. At the same time,
coding and decoding convolution feature maps of the same scale are fused during decoding, so as to improve feature
utilization. Thus, a precipitation intensity recognition model integrating coding and decoding convolution features is
constructed. The proposed model has the highest classification accuracy of 91. 7% compared to state-of-the-art methods.
Moreover, an ablation experiment demonstrates the effectiveness of the proposed encoded and decoded model.
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Fig. 1 Schematic diagram of precipitation intensity recognition model fusing encoded and decoded features

Input:

Infrared images of rainfall I; GCATRISIEETPN

Maximum number of iteration N #HIE IR EL
Output:

Rainfall intensity ¥ #1554
1: for n=1to N do #ITIRIEAR
2:  Using 7x7 convolution and 3%3 max pooling to extract global features Fip; # FH A RR A AL SR 4 SR RFAE
3: for ¢ i=1 to layer number 2 of encoder module do #IEAT2 IR G i 1 A
4: for b_i =1 to branch number 4 of MRF-Conv do #O3 AT 2 IR B R P 4% 43 SR A
5: Performing the corresponding operation of convolution layer on current receptive field to obtain
different receptive field features Fy i; #ikAT 2 R BN
6: Concatenating different receptive field features Fb_i and pooling the result Fe_ito get output Oe_i of
encoder module; HHE AR B AN [ IR 52 BFRFAE AT S IDE I it AL
7: for d_i =1 to layer number 2 of decoder module do HIEAT 2O A
8: Upsampling the input double its size; #IEAT LR AR
9: for b_j = 1 to branch number 4 of MRF-Conv do #IP AT 2 B BB A 455 70 SCHR A
10: Performing the corresponding operation of convolution layer on current receptive field to obtain
different receptive field features Fp j; #ikAT 2 L BN
11:  Concatenating different receptive field features Fb_jto get result Fa i; HAG A5 B 1) A [R] 1R 52 B AR AE 3047 3 1

12: Concatenating [Fe i, Fa i, Fd i, Fe_i] and convoluting to get output Qd_i of decoder module ;
P TR RST PR o TR AE RN T 7 1 47 1 e B BBk

13: Inputing the output Od 2 of the Encoder-Decoder module into a convolutional neural network to obtain the

result Ocm ; #0RE  F AP R ASE LR L N 2 R AR P 2 P 2% o
14: Using Y= argmax {Softmax[FC(Ocn)]} to get the rainfall intensity ¥, HARAG NS L] 10 o i
15: Loss = Cross entropy loss( ¥ ) ; #IF R 2R
16: Back-propagation (Loss) ; #5210 A 1 S BT REY
17: end for HEE AR
18: return ¥ A HH TR PR e e T 45 2R

PR 2 I R A R R A A R AT

Fig. 2 Pseudocode of precipitation intensity recognition model
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Table 1 Parameters of each layer ofproposed model

Layer Parameters of layer Output size
Input 224 X224 X3
Conv 7X7 Conv,64,stride 2 112X 112X 64
Pool 3X3,maxpool, stride 2 56X 56X 64
Branch 1 1 X1 Conv,96,stride 1
Branch 2 1X1 Conv,64,slr%dc 1
3X3 Conv, 96, stride 1
MRF-Conv 11 Conv, 64, stride 1 Concatenate 56X 56 X 384
Branch 3 3X 3 Conv, 96, stride 1
3X 3 Conv,96,stride 1
Branch 4 3X3, avgpool,stri'de 1
1X1 Conv,96,stride 1
Pool 2X 2, maxpool, stride 2 28X 28X 384
MRF-Conv. As above 28X 28X 384
Pool 2X 2,maxpool, stride 2 14X 14 X 384
Upsample 2X 2 Deconv, 64, stride 2 28X 28X 64
MRF-Conv As above 28X 28X 384
Fusion block Concatenate 3 X3 Conv, 96, stride 1 28X 28X 96
Upsample 2X 2 Deconv, 64, stride 2 56 X 56 X 64
MRF-Conv As above 56 X 56 X 384
Fusion block Concatenate 3 X3 Conv, 96, stride 1 56 X56 X 96
CNN Resnet or DenseNet 7XTX1024 or 7X7X 2048
FC Global average pool, FC 1X1X6
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Fig. 3 Rainfall images of each rainfall intensity. (a) Scattered light rain; (b) light rain; (c) moderate rain; (d) heavy rain; (e) rainstorm;

(f) heavy rainstorm
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Table 2 Recognition results of different rainfall intensities based on framework of ResNet and DenseNet

Class
Model Scattered Light Moderate  Heavy rain  Rainstorm / Heavy Overall Parameter /
light rain /% rain /% rain / % /% % rainstorm /% accuracy /% 10°
ResNet-50 92.9 94.1 85.8 56.8 72.0 0.0 89.4 23.52
ResNet-101 96. 2 93.4 87.3 67.2 72.0 33.3 90.5 42.51
ResNet-152 92.4 91.9 82.6 49.6 76.0 0.0 87.0 58. 16
Proposed-ResNet-50 97.1 94.5 89.0 66. 4 76.0 0.0 91.7 27.28
Proposed-ResNet-101 95.0 91.7 86.6 62.4 84.0 66.7 89.2 46. 27
Proposed-ResNet-152 93.3 91.1 83.6 60. 8 84.0 33.3 87.6 61.91
DenseNet-63 93.1 89.7 86. 2 50. 4 84.0 0.0 87.2 2.31
DenseNet-121 93.8 91.0 84.8 56.8 76.0 0.0 87.8 6.96
DenseNet-169 92.4 90.7 82.8 61.6 84.0 0.0 87.1 12.49
Proposed-DenseNet-63 93.8 91.7 90.9 50. 4 80.0 0.0 89.8 6.07
Proposed-DenseNet-121 94.0 91.6 88.7 46.4 72.0 33.3 88.8 10. 74
Proposed-DenseNet-169 89.8 92.1 87.2 50. 4 60.0 0.0 88.0 16. 27
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Table 3 Results of ablation experiment

Fusion Fusion
ResNet-50 Encoder- Concat. Concat-twice Accuracy / Dense Encoder- Concat. Concat-twice Accuracy /
decoder AA AB AB % Net-63  decoder AA AB AB %
once once
BB AB BA BB AB BA
N, 89.4 N, 87.2
N, N, 89.7 N, N, 88.3
N, N, NG 89.7 N, N, N, 88.8
N, N, N, 91.7 N, N, NG 88.5
N, N, N, 90.5 N, N, N/ 89.0
~ N N 91.7 / / / 89.8
JIT B R AE A B Gt B fire 5 A e 1) AT AT 1 9 FT 8005 B 5 () i R AE S8 LR R R, i T
3.5 AHLDH RZ BPRR MG S X 2 0 BT RE R

T S M R 7 O S AE ZR K T R SRR AR B 4
K ARk P T R A R R s T R R Y A O T L R P T
P AT DS 0 B 42 WL B R 2 S AR AR T 5. 515
JE 7R 19 2 20 B 32 B A BB TP 4% 0 SCRG AR AR 18T - 151 5()
N 1R SRR AR IR % 0 SO B O XL R
TR BN R R SCfE R, PRI 1A 5 Ca) H A R AR £
a4, SR AR BB 5 181 5(b) 0 2 4% 23 ST AR
P, i SO AZ B O 33, T E T 4 BB i LA R 4L
R B PR P 5(h) i 5 A i TRl AR 4 77 5] 5(a) TR —
L H A ER S BN I 5 [ 5(e) S5 3 4R SC Y
FPAE B, 1% 53 SORZ BF O 55, TE 8T 4 U RV i

(a) (b)

1 R T B B B 5 14 5(d) S ER 4 S5 SRR, i
TEZ B 3X 3 THRECP R MW EE S, h T
% 2 AL TR L BT L% SRR AR A BT
b 322 FEBEROR , R AR 5 00 32 2 M BL R T R
E(EN G P S SN U E SR TRES P B R TS RSN DR i R
32 87 BB ARG, Rz B AR 1) 3 SRR AIE B B R SUA
ST BRI AR X B o i B A L A RE W AR BT AT IR A TR
8 R SCRF AR, AR AT 6 9T 7 g Aol 3 T 5 J5E T ) T 0B AT
LR AL IR T SR B O, T 80 2 v A A A T o AR
TNTE , BT 4 4B TR T o 2 T 56 2 19 TR A B AR RE S
— R 20 T O B /NI T B AR L 4R M

Bl5 22BN 45 3 SRR IR . () 4332 15 (D) 43 K 25 () 4332 35 (d) 4y 4
Fig. 5 Feature maps of each branch in multi-receptive field convolution. (a) Branch 1; (b) branch 2; (c) branch 3; (d) branch 4

Wik R,

6 2% K w2 T B R A BB 1A o () AR /N 5 (D) /NI 5 (o) Hi 5 (d) KR 5 (e) 27 5 () R BR

Fig. 6 Heat map of the proposed model under each rainfall intensity. (a) Scattered light rain; (b) light rain; (c) moderate rain; (d) heavy

rain; (e) rainstorm; (f) heavy rainstorm
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4.1 FrREES5H M CNN BT LE 547
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I, ok U B T B AR R B W AT M R s R o AS [ B
A% LG43 B B AR AE T R 2850 2 D) R [R) AU AT ] 2 B
SRR E 2) AR RLZE AR A SE 00 % 8 R b /i
Hiat Z M EHA MR E, FE EIEAE
PNELHE , e 08 PR BB AL IS F M AR 0 A HL A B e 0
H o TEA DT . BEF Inception ™™ [ ResNet ™ |
DenseNet ™\ VGG \DCNet""" [ 4fi k7 & 31 5] o % ¥
B NTS? il DCLY™ K @il & £ 5 B % W %
HRNet" " 3 17 [ RN 55 5 3 0 B Y (%) #5 8 , NT'S Ry 1
B JIHLHI 22 20 SR M 2%, DCL k42 B Z i ) 51
T R #4145 i PR ) R 4% . ResNet 1 DenseNet [ 552 56
GEIRAES 3.3, R AR T H AR 5 T 45

Fd 51U CNN R TIRS B L

Table 4 Comparison of recognition accuracy with popular CNN

Accuracy /  Parameter /
Model Year
% 10°

VGG-16 2015 82.6 134.29
VGG-19 2015 81.6 139.59
Inception-V2 2015 83.5 10. 16
Inception-V3 2016 87.0 22.77
Inception-V4 2017 86.4 42.14
ResNet-50 2016 89.4 23.52
ResNet-101 2016 90. 5 42.51
ResNet-152 2016 87.0 58.16
DenseNet-63 2017 87.2 2.31
DenseNet-121 2017 87.8 6.96
DenseNet-169 2017 87.1 12.49
DCNet-18 2017 87.0 41.93
DCNet-101 2017 85.9 42.58
NTS 2018 84.0 26.25
DCL 2019 86.6 23.52
HRNet 2020 87.6 39.20
Proposed-DenseNet-63 2021 89.8 6.07
Proposed-ResNet-50 2021 91.7 27.28

$£605 F2H/2023F 1 H/HAESBFFHE

B SLRE5 R . WR AW UIES . fF LR,
ResNet-101 # PR5KG BE % i, 47 90. 5%, 1fii DCNet-18
5 87.0% , HAR 5l A %Pk 4 A I ResNet J& DenseNet
B AiRL B2 PR ) 3 9 4% N'T'S Hl DCL X B R %548
w R R IR R AR, O 8406 T 86. 6005 1M
Proposed-ResNet-50 K5 B fe i , M 91. 7%, I8 IE T
Jr P AR AT AT e A A o 3 4 8 dE 3R I U B
I 55 1Y Proposed-ResNet-50, H & #om 3 A i, 50
W B ResNet-101 X% [, Z 808 B/, Kb S 805 &
/NG A SR DenseNet-63; 1 Proposed-DenseNet-63 F)
SRR RRMWME T HIRBIRCRAR S TRZ
B K %) 89. 80 Ml 4y B i B /NI AL B U IRG B
e P, 2 EEAHE 42k ] DenseNet B, i 4 #5580 7F
IR BB AR G BE B TR BE % B g B O R U Y
R f BTIR B AR AN [ BE % HE R R T 0 R
S AT M, IR RE A8 42 = 95 R A R LU R REOR
4.2 HERSH

H T bR S0 2 K 8 A Hb i R T AR B — R I 2
B, Ak B T I 5 ) A TR A 5 B A K A T T AS 2 A
BAEPUET =GB K S ST 4 E S
R A B X, DHR 6 A M S A R ISR AR 2 b
SAERIRLE . BT 84 M S o i R AR E R R
JNE INEE PR KRR A 4 SRR R B X BOE R AT T
e — M BR T % R AR R RN A B L R AT X 4 2SR I R
FER RG] S ORIE I AR A X AT T 44
SCH 5 R G 1 ResNet-101 #E 47 Ho g,
SRR S PR . 2 SEE R W] BRI b s BRI
BRORR, N0 25 5 0 X M AN TR B, IR AR B T — 2
TRE L AR Z NG BN T B A A ) Rt R A
ResNet-101. & 1 5 iE Fr £ HE 28 X 4% > iy 75 #9387
P e SR BCHE IX 0t 8 A Ml AT I 2 Kt
ResNet-101 #47 Fu & , g5 R L 6 frn . A& 6 T LA
Fh 7R TR M b i R A Y TR R R AR AL T
ResNet-101, 1 ] 7 $& B AL 3& F] T4 M7 . AR RN
L S S N TN R 3 A s S
B, X FREA A7, G0 — 04 B0 i 18 5 ks 2 ) B S 308
P AN A7, 5 43 118 B30 1 i ks 5 SO [R) R T 52 5 1) [
A2 E (I an, R R 7 W R AETE eSS ) o
W A R CRAE R 5 8 i 1 3R Uy 58, KRR
VB i 22 0 28 S Rl 2R AT A R e /D O 4, T
fEEE R TRE . R D AEEE R EZWE RN

F 5 YIRS M AN TRl o RIS B L

Table 5 Comparison of recognition accuracy with different locations between training set and test set

unit: %

Place of training Place of testing ResNet-101 Proposed-ResNet-50
Changle, Jinan, Minhou, Minqing, Fuqing, Yongtai Lianjiang, Luoyuan 52.7 54.1
Changle, Jinan, Fuqing, Yongtai, Lianjiang, Luoyuan Minhou, Minging 51.6 60.6
Changle, Jinan, Minhou, Minqing, Lianjiang, Luoyuan Fuqing, Yongtai 49.7 52.8
Minhou, Minging, Fuqing, Yongtai, Lianjiang, Luoyuan Changle, Jinan 46.4 46.7
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5% 2) ARBE W 2 W F B /INET /N AR A 5
T B AR v 4 e B D b R AL ik BB 50 gk Y O 2
400 B , KRB W ARFF AL . 7R 3) TE B
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HECRE A B AL A I 38 K 1 O Ul R 304 5K B ds |, xF
T A B L A Ml R R ERE R T 38 U 4k
B 385k, /N T 38 i DU b W S AR i, FG A 7 e I T R
DRAR IR o 2 7 O i B HE 22 A B804 B0 A 1 00 R
MR BIAE BE . R T AR R BUR R &l — o 1T
J& R IR R A — E BT R E T S AR LR 37
PR SR R AR A AF 1 IE %, A F ResNet-101,
F6 A3 HL ARG B AR
Table 6  Comparison of recognition accuracy with different locations

unit: %

Place ResNet-101 Proposed-ResNet-50

Changle 85.3 88.3
Fuqing 86.8 87.3
Jinan 82.4 83.0
Lianjiang 85.8 89.5
Luoyuan 83.1 84.7
Minhou 86. 2 90.2
Minging 89.9 91.4
Yongtai 85.9 89.0

KT OB S B UUIRS BE LA
Table 7 Comparison of recognition accuracy after data balance

unit: %

Case ResNet-101 Proposed-ResNet-50
Case 1 76.4 76.8
Case 2 75.6 77.4
Case 3 73.7 74.5
:b N
5 4 e

JIr i Tk i R DR A R 5 ) A B it B A B T IR
& PR 22 N 45 o SRR vp TR D R TR AR B R )
I 48 IR S U W9 501 B AR, T e A fige B A6 B op 2
JE 22 RUBE I Y 6 AR Bl AN (19 R Y Jmg AR A AL (] i
A fifp T BT 5 A ) L E B4 2 B 5 A B R I R 48 v
AEA AR o 6T BT 42 W A5 2500 5 ATl 4 0 55
I £ R e 5 SR A AR AT A iR R SR R
AL T H AT 500 70 R 2%, FE AR AE 2 9 ResNet Al
DenseNet [ 2% i, 7 2K B 23 1l 3k 8] 7 91. 700 Al
89. 7% , HH Filt 5 96 0E W 1 25 1) ffe 1) A5 B ) A5 281
PSR 9 T i R O R N R B e
AE % 42 HUHE 22 8 T8 2 UCHY R 800 BV RRAE , O Rl AN [R]
VU2 BT A T 800 5 AR AR o 2 BT 25 B i 5 i 4 2t v ]
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