F 0 % W IR A KRR RAR

It Bl St FFIHE

T YOLOvVS I FR 80 e qie ks il i 12

| 2 = on 1t L ]
REE N ETA", A

D E N RA L R 2B, dba 100038

LI N TIE SN, YTIR BT 210000

TE  DE RSO 00 LA BT I8 SU% R R AW 32 BBk BRI T B8 o DAAE S0 R IE A e T T RLHE g S iy dt Ak 2
FE AR B T R AT ME £ B TS S U E Y A SR 5 43 20 S AR B0 R H S SE T AL . Pt B
— BT YOLOVS M98 80— GURH AT I T vk o 1 58 1l 7 48 B0 R AR 00 41, 2260 1% 4000 5K #5119 48 NS ; Hok
HRAEHE B0 GUARAE J5 R SH /N FLAY Fi 88 4 B4 35, 0 YOLOVS IR 46 25 ¥ 100 47 20t I SR AT 19 32475 T SR BE R I B 4 i A6 0
2 U 0T 0B IN R AE Bl A )2 5 B Feature Pyramid Networks (FPN) | Pyramid Attention Network (PAN) fil Spatial
Pyramid Pooling (SPP) %5 ¥ 38 i+ fil 5 22 Fh )R 119 J7 2 5 30 )R 38 RE AE L 22 JRy R AE B2 1 055 L B3I Squeeze-and-Excitation
(SE)id 18 v 2 ) HL A e, A7 58 o A A0 1) & p 1 A A/ B AR ORI BE U o SCIR 45 SRR B AR L T R AL, ik ik R
YOLOvSs FIMERY e 0 B B B AR BT, P RS B (mAPO. 5) L 93. 026 $2 3] 97. 400, HALE S T 3/4.
KR B R BARKI; FRECRAEBUN ;. YOLOVS; iR L

HESES TP391.4 NEARER A DOI: 10.3788/LOP213375

Fingerprint Second-Order Minutiae Detection Method Based on
Improved YOLOVS
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*Jiangsu Provincial Criminal Police Corps, Nanjing 210000, Jiangsu, China

Abstract The fingerprint identification system has been challenged and questioned following the erroneous fingerprint
individualization in the Madrid train bombings case. Therefore, the quantitative identification technology based on the
statistical law of fingerprint secondary features is now a prevalent research topic, for which the automatic detection and
classification of fingerprint second-order minutiae serve as foundations. In this paper, a YOLOvVS5 based fingerprint second-
order minutiae detection method was proposed. First, a fingerprint second-order minutiae dataset was established, which
contained 4000 fingerprint images with annotations. The structure of the YOLOvVS5 network was improved based on the
characteristics of small size and dense distribution of fingerprint second-order minutiae. More specifically, the original
feature detection layer of 32 times down-sampled large target was deleted, and a new micro-scale detection layer was
added. Feature Pyramid Networks (FPN), Pyramid Attention Network (PAN), and Spatial Pyramid Pooling (SPP)
structures were used to extract local and global features through multi-scale fusion. Finally, the Squeeze-and-Excitation
(SE) channel attentional mechanism was added to effectively enhance the robustness of the model and the detection ability
of dense small targets. The experimental results reveal that compared with the original model, the mean average precision
(mAPO. 5) value of the improved YOLOv5s_FI model increases from 93.0% to 97.4% under the condition that the
detection speed is basically unchanged, and the weight of the improved YOLOv5s_FI model is reduced by three quarters.
Key words 1mage processing; object detection; fingerprint minutiae identification; YOLOV5; attentional mechanism
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Fig. 9 Network structure of YOLOv5s_B
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Table 4 Comparison of performance indexes of different SPP

pooled nuclei

mAPO.5/  mAP0.5:0.95/ Weight /

Model .

% % 10°

YOLOv5s_16 66.9 31.8 2.7
YOLOv5s B _a 90. 8 54.1 3.4
YOLOv5s B b 92.4 55.6 3.4
YOLOv5s B ¢ 93.7 57.7 3.4
YOLOv5s B d 91.2 54.9 3.4

F60% F 10 H/2023 £ 5 A/HXEXRBFEHRE
INRE T AR TR H bR R F 225 57 K FARAE 5 & 115
o ZJE WS g & T YOLOvSs B _c B A i 17
ek
4.3.5  AAmsos ROE AW B xd 4wl bk 4k 69 7 e

i T 48 SCRRE 5 RS/ B 43 A 2% 4 L i YOLOvS
7N RUBE 76X 76 6 I J22 X6 48 SCRRAE w5 38 AR 2
ARG AN T — A B 09 /N ROEE K 2 (mirco-scale
detection layer) o A 2 £ 3d 465 F R A i i
R4 %0 YOLOvVSs C, 45 W& 10 s .

micro-scale
detection layer
Concat H c3 I—'I 152x152
L] v
upsample ] Conv |
1 ¥
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1 ¥
o] [ om ]
Y
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Fig. 10 Network structure of YOLOv5s_C

HY S 50 &5 2R AT, B o o/ ROBE R )R S
mAPO. 5K 95.2% , mAPO. 5: 0. 95 # F+ 1 4~ 7 43 4,
A A gk A M S O BCE /NG, WS S BT R o H
4 R B K T2 G0 K I 4 45 4 A2 A
B, 18 0 B OB A 2 B AR O 5 R R O SRR
Rl AR RS R TR & T R I 4 SRR P O (RS
1 H xR o
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Table 5 Performance comparison after adding micro-scale

detection layer

mAPO.5 / mAPO0.5:0.95/ Weight /
Model A
% % 10°
YOLOv5s B ¢ 93.7 57.7 3.4
YOLOv5s C 95.2 58.7 4.0
4.3.6 iR E S AUE 3T M AR 69 %R

T B 1AL 2 — 7 3 2o A S ) ) AL R A i i 2
2] i R R A T AT G2 A B AR X IR vk N
PR IT TN B T HUH 5 0T UG AR AS T 1 BE R v
FIHLHIA e CBAM F1 SE MK K #E YOLOv5s_C #Y
F= 1 W 2% TN EER 22 1], 43 )R A AL i 44 o8 YOLOvSs

CBAM HI YOLOv5s_SE, &5# & 11(a) fr s o

FH 3% 6 AT AL, WS N SE ¥ 2 77 8 B AG I % R A 4
mAPO0. 5% 97.3% , 5 YOLOv5_C £ 7 4 v #2 F+ T
1.AMNHE 44, HmAPO.5:0.95 48 7+ T 3.2 M H 4
MR RURBS A W £ 8 AE W R AL A A RRAE
BRI 2 — SRR AR G |, A B 0 ok b 1 B B R
YRR . AR I HLE A FRIE R — AR R AR
e I 1R v AN X 5 AR AE L A B T I 2 R 4% N T T T
J P PR AN DX B B A . SE Y 56 1 3 G A E S I,
CBAM BE % (& [A] 3l B R R M EH B, L g R —
T AN [ B AR R A (H oA B AR 4 SE
HEREIHE? fatra 2 rmER: D HE 11(b) .
(c) AT 5, 5 BURFAE S AE 48 a0 G b0 B b 38 o A
B2 U Imnas [ e T HUE S 08 T in oe 7 R S
O K By S EO0 R o A 8 = R R T
K Haxzs i i oAz 2) & 11 Ca) v 0, R 280 itk
4% M (7,9,13) 1 SPP bbb 2 J5 16 ATEE N
ML, 28 (B & I HLHIE T 7X7 8 BT B
FRUAAE 5 b Ak R 4 J) SF- 247 3th £k 199 30 38 6 405X,
SPP il CBAM JU4% ) 5 52 2 I 46 FLE LR 1E B A
5 R A e AT R e G I AR o B, R AR B
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Fig. 11 YOLOvV5s_ Attention network and dataset related information. (a) Network structure of YOLOv5s_Attention; (b) distribution of

target locations in dataset; (c) proportion of target size of dataset
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Table 6 Performance comparison of add attention mechanism

T ORI B A RE X L

Table 7 Performance comparison of various detection algorithms

mAPO0.5/ mAP0.5:0.95/ Weight /

Prediction / Recall / mAP0.5/ Weight /

Model y y 10° Model y y y 10° FPS
YOLOv5_C 95.2 58.7 4.0 SSD 10.8 59.9 21.2 94.9  21.8
YOLOv5_CBAM 94.7 58.5 4.1 YOLOv4 80. 4 46.6 60. 6 250.3 32.2
YOLOvV5_SE 97.4 61.9 4.1 YOLOv5s 93.6 87.0 93.0 14.8  27.3
YOLOv5s_FI 96.5 94.0 97.4 4.1  26.6

2 FF AR R DU, H— 0y G I R ) ML SE B T
CBAM & I &4 5 A

F 2 56 8040 7T 1, YOLOvSs _SE 36 3R £ | 1 45
Ay %4 N YOLOv5s_Fingerprints  Identification
(YOLOvV5s_FI),
4.3.7 BEEARA 5 I ph b ] B ALK AR 2L

6 YOLOvSs_FI145 F i 1 68 1L 5 19 JL Fh 530 3k ik
AT W8 JRAE 42 7 R R 2% T P BE R AR 17 X L .

B 2% 7 RTAL, EF X 48 a0 Z GRE AR A TR P 4

YOLOv5s FIB AN HEHG A A B3 .mAPO. 5 F ¥4k
T4 M8 ¥ SSD . YOLOv4, YOLOv5s, YOLOv5s_
FI 4 FPS B X T YOLOvVSs, {5 #5 5 Il 25 AL T AL K
4.1X10°, #124 F YOLOv5s # # f 1/4, YOLOV5s_
FIFELR A PERE DU T 8AF IR AL .
4.3.8 BB ARG MALFE

HCHE R YOLOvVSs FT Al #5878 400 4~ epoch 1]
i WF A H bR A I 51 2% (obj_loss) |l £k Fl 43 26 41 2k

1010006-9



(cls loss) i geun® 12 fr 7w o
YOLOv5s F15 YOLOv5s £ %1 75 56 3F 4 1 6 ]

(a)
0.075 ]\'J\H}

2 0.070 |

S

|

-z 0.065 |

o

0.060 \,,\’\

0.055 _'\\_______

0 50 100 150 200 250 300 350

Epoch

£ 60% £ 10H/2023 F 5 B/HMrEBFEHE

RORINEL 13 B, o0 Je 59 R B AG I AR S5 0 4x T
U G 1 A 23 AT LA I 45 2R 1 1 R v

(®
0.008
9 0.006
=2
EI
© 0.004
0.002 —_—
0 50 100 150 200 250 300 350
Epoch

K12 YOLOvSs FIRJIIZRAE AL . (a) H AR AL fL I 2k 5 () 70 JE 451 26 A8 b th £k
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