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Abstract: Addressing the issues of insufficient accuracy and low computational efficiency in quantitative precipitation
estimation for dual-polarization radar, this paper proposes a lightweight multi-scale fusion algorithm, DPCR-Net,
based on an improved Deepl.abV3+. This algorithm employs a lightweight backbone network combined with inverted
residual and dilated convolution to reduce parameters while maintaining feature extraction capabilities; enhances feature
reuse and sensitivity to small targets through a densely cascaded adaptive feature pyramid; and utilizes a hybrid
attention decoder to fuse multi-scale features, suppress noise and preserve details. Experimental results on the NJU-
CPOL dataset show that the method achieves a mean absolute error (MAE), root mean squared error (RMSE) and
correlation coefficient (CC) of 0.519 7, 4.174 4 and 0. 661 0, respectively, with a hit rate of 0. 897 4, a parameter
count of only 4.11 M and a computational cost of 8. 29 G. Compared to mainstream models, the algorithm proposed in
this paper improves both estimation accuracy and computational efficiency, enabling high-precision real-time
precipitation estimation and deployment on edge devices.
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€)]

23 ) 3 77 (SA) M4 28 0o 38 T8 7 58 7 Ak B 19 R AE 1
TERHA Gt B e 2 i 4 R i Kb AL Fl 4 R/ 3
WAk 3 B4 BV RRAE B b0 iR KAE 5 Y (E, 200 FRAE BF 4%
25 1A FRUZ Ak BAS B L TR R Y S ) 4 A G HE B &
it sigmoid PRI E 5 A AL B, 45 2R 1L 5 9 RRAE A
25 [ T R R

M, (F) = 6 (f(AvgPool(F) ; MaxPool(F))) 9
1.5 #RKEE

TEREARAG T 55 v TR 2% 2 BB DR B8 — 431 2K o1 4K
%) Jey WIS T I o 8 B S 2 5 A WO AER A ) A, AR SR U iR
2% (mean squared error, MSE) Xt #% ¥ [ R {1 BE 880U% . &)
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HLH 75 T 352 22 8 /I B CAn 5 58 R K DX 380 £ B MSE Y
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o MAE B DU 50 T, X R UL R v 22 i
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B FRA R
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FHTHRR T Z0, BN dBZ; 2) 2253 EHR Z e, B0 8 dB;s
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3090 GPU &R BEFTII %5,
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3 A 2548 AR, 4 B A A R % (probability of detection,
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IE 0 7R 25 5/ s RMSE fi 8 FI0(E 5 5 S0 E 1Y B iR
B FLAE MR/ 2 WA 3 A B AR 5 CC [e ik QPE Mt 5
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2.4 MEERBIBHE T

A S AR BB DeepLabV3+ HYZEH JUEK |, 1
T THETMY% S ASPP B, fE Mg i% s 5] A T H = bl
il 2230 B A AL B — 2P Bl A T IR B AR E 5 B2 RRAE
2550 BEG P v 2 R AE AR 208 S B E AT B e,
AT R T B UEAS A Bl 3 1 A ALCPE . FE NJU-CPOL
Bn g b AR ST M4 . ASPP AR B R0 A% 1 3 oh R [ Y
R I A FE AT 6 LS50, ok ik B A A 53 £ i I 246 7 iR
I AERR AL

1) ASTa] B 9 45 B He S 86

AT 5T S SR FHE X4 B0 A S 0 A7 B 5 I KT 55 L A
T S BUASEH vh R R H BRS04 e 1Y 45
A BRI o DRI A BIF 5 A5 DA () ) 4R AE 4 B 32 T R 4%
AR RRSE S . A T VA R (8] 9 B T 45 X B oK AT 55 19
T T P S0 3 T Rtk A 46 AR TR 5 O B S ] A R
M4, 76 NJU-CPOL $u#g 45 il 47 7 5 45t e S2 8, £ )
R K A 55 1 8 B FNASE B8 ) 2 8500 1 Ky 4 0 s 7, X LE 52 58
B &5 R 2 Fis,

M2 2 AT %0, {8 J Mobilenetv2 /£ 3 T R 4 i, CC
KF T 0.661 0, IF HSHH & AR 4.11 M Al
8.29 G, BMIRSLE 1 H ResNetl01 R 4% MAE #1 RMSE
FeAR 5 M. B 02 S 8 b &0 R4l b & R, [ A
Mobilenetv2 W 4 i) MAE R IFEHZEEZ R MW
ResNet101 45 , 3% B H 000 {5 B 95 B K it AR AT 5 58
N IR %, H R B R I L K T Mobilenetv2,
Mobilenetv2 # CC = F H AL BT A W45 , TF W X4l 42 B K
HEaEEZMERIELEXRAEERWGEST. S56%
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Table 2 Performance comparison based on different backbone networks
ViReS MAE RMSE CcC POD FAR CSI Params/M FLOPs/G
ResNet101 0.518 8 4.128 7 0.6559 0.886 1 0.617 3 0.365 4 46. 35 190. 27
Xception 0.570 6 4.417 9 0.618 3 0.878 2 0.649 7 0.332 4 25.81 13.49
EfficientNetv2 0.533 8 4.171 2 0. 650 3 0.881 7 0.610 6 0.368 9 21.91 25.13
ConvNeXt 0.646 5 4.979 6 0.532 5 0.899 3 0.665 9 0.3209 29.70 13. 30
Mobilenetv2 0.519 7 4.174 4 0.661 0 0.897 4 0.602 6 0.378 9 4.11 8.29

JEAR TSR M % 3% Mobilenetv2 £ £ T W%, 7% 15 i
INBERE G T A E GG, BR T 78 5 15 B w A%
RS AR DR B S AR P RE Ty . X0 T TR ik R
it RGN T P BRI IR L GO ik & LB
HAEWMHEZENE L,

2) ASPP phifk sz

A3 5] A DADConv fl ARP ) T ASPP ¥ Jf H

P D-ASPP i3k, £ GAP 2 JF ASPP Hii 4 R
AL B, B A AH 24 F B DeepLabV3 -+ W 2% H (4 )5 4R
ASPP ARSI HAE Xt B4, b T 2k ASPP # sk
B AE4 & . 78 Mobilenetv2 & T W 4 09 Bl 47 T
4 X IR, LA AKAT 55 10 38 i R B0 IE 4 & st o
Xt g BRI SR 3 BToR, B 9 ATk T R [ O 2 X
IKAG &5 R

R 3 ASPP M LI 3TLL &R

Table 3 Comparison results of ASPP improvement experiment

il GAP ARP DADConv MAE RMSE CcC POD FAR CSI
1 NG 0.546 8 4.225 6 0.632 8 0.873 5 0.621 2 0.358 7
2 N/ 0.526 8 4.119 2 0.649 6 0.881 8 0.626 1 0.3559
3 N N 0.534 0 4.122 2 0.647 2 0.878 5 0.618 0 0.362 5
4 N/ NG 0.520 4 4.155 4 0.654 3 0.8855 0.608 5 0.373 7

(a) R4 (b) GAP

(a) Label

(c) ARP

(e) ARP+DADConv

(d) GAP+DADConv

K9 ASPP it 524 AT MR AL 45 R

Fig. 9 Visualization result of ASPP improvement experiment

Wt 3 AT, BEAUR A ARP 1 DADConv
B it ot 2 X 46 v (R AR 1) ASPP 8 B i, 18R X
Rife K DX I ) R B A — o B A L (R R 9 R X
7R 43 DX 38 ) B K I A R TR R OO RO B AIE
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XTE R K AR T SEBR AT 55 R T BB & PR A — E R L B
GAP BBy ARP B, AR pn e i A0 T 364
H MAE 8 BEK 3. 66%,CC 27 2. 66% , i B ARP
3 [ A N7 B, A 5 0 B K s T 43 A Y B AR R
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ML R AL T R B K AR R A 4R IBOKS B . B MLIERH ARP 5
DADConv #2488tk 5. 70 , 50 A W] 48 A A PR g
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TS WY S 50 T TR A e B {6l P X A A AR TR i 4R T T
REE. BRILZANE 9 B AR S R LUE L e A
ARP 5 DADConv £ 2 J5 ¥ /D T B 7K X 38 19 T 18590 30
Gt AS TR i B A 8 7K o B4 TR 300 T JIORS Al . RO S vk R
B 4 B4 A7 A D-ASPP B 2 R 4%,

3) HAD "R [F] & S MLl 9 X b 5 48

TR LR T sh A B R AE B PO R4 el T

PO AR, 5| 5 P 25 B A T M R 45 o EZ 5 2, Rl
1 ) 22 IR R A 56 1 TC R AE AR B . X R AL I AR
7 A Hb 3 B AR T AR BT AR B A X 4k T R E X A5
R P4 5 3 7= A 67 T 52 0, AT 5 T A5E 784 19 ) 501 B )
TG B, A< SCAE 32 1 19 HAD 65 g b % £ Fh 13 2 1 0L
il (145 SE.CBAM,ECA) J H: 41 & 77 i 4T 1 % b 447
HH A H LA A 3 1 VR 2 RRAE S A i RR 2 R AR A
SRR T X AR SIS . AR AN R = AL AL A
Xof R AR T AT 45 00 350 3 F B0k JS (%) DeeplabV3 -+ M)
KB T ZHLR.BIAT 6 FORRIMEZ LR LA T
A HEAT X L, 3 DL SOG4 46 A MAE.RMSE, CC. POD,
FAR A1 CSIAE N IUEMCHE . X Lo 25 Rk 4 Fis.

F4 FREENNHAEGHMILER

Table 4 Comparison results of different combinations of attention mechanisms

24 5 SE CBAM ECA MAE RMSE CcC POD FAR CSI
1 N 0.546 2 4.177 8 0.638 2 0.889 5 0.636 0 0.348 8
2 N 0.528 6 4,175 9 0.647 0 0.886 8 0.614 9 0.367 8
3 N 0.542 3 4.206 1 0.634 4 0.8725 0.619 9 0.359 9
4 N J 0.538 6 4.2250 0.644 9 0.892 4 0.629 4 0.355 1
5 N/ N/ 0.526 3 4.208 0 0.646 6 0.894 7 0.613 7 0.370 1
6 NG J 0.519 7 4.174 4 0.661 0 0.897 4 0.5952 0.378 9

% 4 AT, AU B4R 5 1w SE 1B AT PEfiE
FIARXT IR, AU AR 2 1 CBAM 3 A& 0. %
WS b3 32 T SE, BUS T 24150 S 0 B B o AL & 1 4
B H MAE FRIE T2 3.22% ,CST#2TF T2 5. 45% . 1Y
NHZLS 3 T ECA FE 14 &8 . RIAAN T SE Al CBAM
Zhl, YEd ] 4 R CBAM+ECA 414 %50 5 5 4 i
25 2 R CBAM 2 1, 2448 A 3R TR AS 4 2
ffi [l CBAM, R WfE % AL 4 # . ECA 5 CBAM A& A7k
A, 9] 5 H SE-+ECA B/ 35631k T AT &
S AHEFES T SE+CBAM 4. 4% 6 1 SE+CBAM
HE N4 A SE 5 CBAM [ 414 7= A 38 B 7] 35005
A LB CBAM DA B HoAth 2l A (2 31 4 : CBAM+ECA) %
B SRR R AR T, B B BN T S B TN R 22 MAE
HI RMSE, $ 5 7 %0 5 U0 i 25 ) 4 56 P CC, I fe i 3
HE T T K 34 i U B8 ) (& POD IR FAR . CSD.
XA G A MRS T SE 7£ 1838 4 FE b A% R AE TN AE
715 CBAM 725 [A] F138 18 48 B T i BCA = Re 47
A 3R T KR IEE AR 2 IR B CEE B . 284 04T,
ARWEGE B T 1k AE O 3 K A 2 ) 6, T BB AL B 4T Y 5 Ak
R&AKAT S5 o
2.5 HBLEIE

A5, BE X ) D-ASPP it Fl HAD 5% 8% 5
WCHEJE B T 4 ARG — L 45 T 2R G T R I 45 T il
WS o LAGGIE 5 85 e X6 B K A T AT 55 10 A &k . 7 NJU-

CPOL H4ls 5 b TF Jre X 19 £ 45 70 A5 e i) 7 il 52 3y, i
5 4 o 0 He R L Bk T A DeepLabVa 4 48 R4 oy
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T[] At gl A et O 1 T 45 A1 D-ASPP 5 HAD #EHefig
SEHE T % DPCR-Net, BT J7 58 39 55 F #H IR 0 1 25 3R W
F 1 MAE.RMSE.CC.POD.FAR F1 CSI 4 6 I 56 8 45 F7
PER B AP RIE . TR ST 25 R 5, M &l 10 JB/R
TUH RS g AR S AR 5 RN, AR LA AL
Baseline B B R X B 7K DX I 08 35 2 — 2 R B2 0 31 88028
B2 Hy B 10 W] 0t A7 A8 25 TR DX SR AR L 3 40 B K IX B
TR R 3 174 ) R 3 A S B A 7 AR 3R R v 2 e A B R Y
Wi, 55 DeepLabV3-+4 &Iy 3= W 45 B e S i AL 1Y
Mobilenetv2 W 2% I}, & 7€ B AR AR B & 24 BF Y [W) B PR 5 4
TESEHCRE S, W 5 iR, 55 Baseline #H b, % £ M
MAE [k % 1. 57% . RMSE %1% 24 3.83%.CC # 7 4y
4. 87% , REIRZE e AR AT B ol 35, BTN 5 H SR K 2 (8]
BOLRPEAE G PE B 58, 24 A D-ASPP K )5 ¢ B P e 15
BT EmET, MAE BRAIRT 29 6. 32%, RMSE IR T
5.43%,CC M 0.603 4 $F+Z 0. 654 3, IF L 8. 44% . IE
Bl D-ASPP il i 2 RS FR1E fil A 75 8508 T 2 [a) 22 45
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TF0.29% NAeFHKEME.CCH POD Y RN FKEME, X
LLEHE R B, D-ASPP HH KL & R iR 2. 4 MAE §
RMSE Ak 53 ik BE B i » i HAD 3 58 T 15 £k = 14 142 331

FEhR 0 H P 255 2 ) 7 42 T 1K 18] (9 3 [/ 2805 D-ASPP
Btk HAD fif 545 1 54 A7 %0 2 57 24 ik 300 L (. = 3% 1
R 45 31 ) A o B ) I R E MY o R RE
RACWZEAERE . PR, AR S0 i DPCR-Net £ oy e ¢ 9 2%
ZH . 1B 10 AT RRARZE Sk — 2P R W% 7 SO K X R
PR SN SE B Lt — Ak T e R X8R T TR0 5 0 RS
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Table 5 Ablation experiment results
7 ik MAE RMSE CC POD FAR CSI
Baseline 0.555 5 4.393 8 0.603 4 0.867 5 0.595 2 0.377 8
Baseline+ Mobilenetv2 0.546 8 4.225 6 0.632 8 0.873 5 0.621 2 0.358 7
Baseline+D-ASPP 0.520 4 4.155 4 0.654 3 0.885 5 0.608 9 0.373 7
Baseline+HAD 0.5317 4.158 5 0.645 4 0.888 8 0.612 9 0.368 9
DPCR-Net 0.519 7 4.174 4 0.661 0 0.897 4 0.602 6 0.378 9

mm/6 min
0

I 4.
3.5
= 3.0
g 2.5
: ' 1.0
0.5
0
(a) & (b) Baseline (c) Baseline+Mobilenetv2  (d) Baseline+D-ASPP (e) BaselinetHAD (f) DPCR-Net
(a) Label
10 A mh 92 3 45 2R W AL
Fig. 10 Visualization of ablation experiment results
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Table 6 Performance comparison among different DeepLabV3+ network improvement schemes

LY MAE RMSE CcC POD FAR CSI Params/M  FLOPs/G
DeepLabV3+ 0.555 5 4.393 8 0.603 4 0.867 5 0.595 2 0.377 8 37.04 28.12
DeepLabV3+ECANet 0.542 9 4.361 3 0.6257 0.875 4 0.596 2 0.376 7 5. 41 13.67
DeeplabV3+SEASPP 0.5310 4.232 3 0.647 2 0.873 4 0.602 9 0.378 3 4. 15 8. 35
DeeplabV3+CBAM 0.523 6 4.297 1 0.653 9 0.882 5 0.603 1 0.374 8 6. 87 9.57
AR SCE 0.519 7 4.174 4 0.661 0 0.897 4 0.602 6 0.378 9 4.11 8.29

RT TERKEEHMEIRER

Table 7 Comparative experimental results of different precipitation models

L MAE RMSE cC POD FAR CSI Params/M FLOPs/G
PERSITANN-CNN 0.575 7 4.292 9 0.622 0 0.8231 0.602 6 0.297 7 0. 81 39.49
SmaAt-UNet 0.560 5 4.303 1 0.594 7 0.809 0 0.6157 0.367 5 5. 16 9. 77
Rainformer 0.548 9 4.256 0 0.601 2 0.852 6 0.612 3 0.370 4 171.72 59. 31
GLnet 0.543 5 4.234 1 0.624 7 0.873 3 0.610 8 0.368 7 42.15 58. 71
SwinNowcast 0.521 2 4.150 2 0.656 0 0.884 1 0.5917 0.369 0 98. 25 50. 26
AR SR 0.5197 4.174 4 0.661 0 0.897 4 0.602 6 0.378 9 4.11 8.29
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Fig. 11  Visualization of comparative experimental results of different precipitation models
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