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Shoe Type Recognition Algorithm with Adaptive Receptive Field and
Multi-Branch Feature

ZHANG lJiajun, TANG Yungi, YANG¢hixiong
(School of Investigation, People’s Public Security Universitytof China, Beijing 100032, China)

[Abstract] With the popularization of surveillance cameras and the rapid development of graphic investigation
technology, the "shoe print and surveillance" technique has become an essential means for public security organs to
detect cases. This technique infers the shoe type of the suspect from the shoe print on the scene, then search the
corresponding shoe type from the surveillance video ateund the crime scene, and then locates the suspect. A shoe type
recognition algorithm based on adaptive receptive ficld module and multi-branch feature fusion is proposed to address
the low automation problems and insufficient extraction of important shoe features by existing algorithms. An adaptive
receptive field module is designeduto help the network adaptively select suitable receptive field features, and then
enhance the network feature extraction ability. A multi-branch feature fusion model is constructed to fuse the deep and
shallow features in the network, using effective features to improve the recognition accuracy.Based on this, the Center
Loss function and Label Smoothing (LS) function are used to jointly train the square method, which can effectively
reduce the intra-class spacing while increasing the inter-class spacing and enhancing the generalization performance of
the model. Experiments are carried out on the established multi-background shoe data set, and the results show that the
algorithm is improved by rank-1 and mAP reaches 79.77% and 62.18%,respectively, which is more accurate recognition
effect and provides a feasible scheme for combating public security criminal investigation.
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Table 3 Influence of instance and batch normalization

and adaptive receptive field module on

recognition accuracy %
) £ Rank-1 mAP
ResNet50 71.98 55.05
ResNet50 + IBN 72.37 56.41
ResNet50 + ARFM 74.32 55.93
ResNet50 + IBN + ARFM 74.71 56.76




Fast ol

KR, E AR M B A S RS BT S 2 SR AR IR AR AR Bk 301

MR 3 A LLAE o, M b ResNet50 ¥ 4%, 7E
ResNet50 [ 2% /1 il A IBN [ Rank-1 fl mAP 5 £ 7
S4E = T 0.39 F1 1.36 4> H 43 45, 7E ResNet50 [ £5
[ (5 4 FH] IBN A1l ARFM, Rank-1 Fll mAP % Ji 43 1] 4%
273 M LTS T g . B, IBN BE 5 A7 R 45 /)
H#r 2 5, 7€ ResNet50 2% conv2 x F, B 41 45 FlLER
W2 — )2 & U2 Z )5 i F IBN 4549, B % 42 = 1) 4%
AL EE F1 , I 50 UE IBN 4544 5 A7 R -

3.4.3  ZSCBERHIE MG AR XS HUI RS BE 1 52 i

AR SO E IBN Al ARFM A ResNetS0 [ 2% 3
2% 5] A Branch 1+Branch 2+Branch 3 fll & B AiE #E 47
WU . o Bk 22 SRR il G A5 A 1) A Ot L AR S0k
BB AH [A] 1) @i 45 J7 20328 Branch 1+Branch 3 . Branch 2+
Branch 3. Branch 4+Branch 3. Branch 2+Branch 4+
Branch 3., Branch 1+Branch 4+Branch 3. Branch 1+
Branch 2+Branch 3 i 6 Ff /5 15 i PR 51K B, Horf Branch 4
JEconvd_x G IN I3 30, 22 S BRARAE Rl B TR ARG E
X HCHER 4PN . 22 SRR G AR Y Y Rank- 1 Rank-5 |
Rank-10XJ L W P 8 i 7S

R4 ZETHREGERSENNBEIT

Table 4 Accuracy comparison among multi-branch

feature fusion models %
il A AT Rank-1 mAP
HLk 74.71 56.76
J2k +Branch 1+Branch 3 75.88 58.10
J£% +Branch 2+Branch 3 75.88 57.42
£k +Branch 4+Branch 3 71.60 55.30
L2k +Branch 1+Branch 4+Branch 3 73.93 57.55
JE 28 +Branch 2+Branch 4+Branch 3 73.93 56.81
32k +Branch 1+Branch 2+Branch 3 76.65 58.11
—a—Jo%
—e—3}E4%+Branch4+Branch3
—a—3E 4% +Branch2+Branch3
—w—3t4%+Branch1+Branch3
100 - | —e—#E4k +Branch2+Branch4+Branch3
—e—3E£ 4 +Branch1+Branch4+Branch3
—>—3£4% +Branch1+Branch2+Branch3
9
§
=
&
80 |
70 1 1 1

Rank-1 Rank-5
B8 % ZIEHFERSEE M Rank-1.Rank-5.Rank-10 3ttt
Fig.8 Rank-1,Rank-5,Rank-10 comparison among

Rank-10

multi-branch feature fusion models

M 4RI 8 ] LLFE H, 22 SRR AIE Rl A5 2 X
P 265 P50 A BE B B T AT I 3 AR 7 A TBN A

ARFM FJ ResNet50 %28 |-, Branch 1,Branch 2 I
Branch 347 fE Rl & 2 )5 Rank-1 /6 FEAH L LR 5 T
L9411 7k s, mAPAE BE 82 15 1.35 0 7 43 i, BUIHS
FEEARERA . TEERM LML s i 4R
J2 PR SCRRFIE 23 0 R 20 95 05 5L, DA ITT 52 i e
RUTE PR BE R i 28 10 465 v v 2 03 L300 2% 55 A T R
iE 5 3R 2 5 i SRR E A Rl {75 0 25 A & 4
PR 5 P %) B 7R AR AE 2E 47 E AL 0 DT 4 TR ) R
JE i — 20 B R AR SCREAE Rl 5 R B A RO
30404 B oK BO I IS BE 16 5 i

TE 215 505U 45 I, R SCHRHIE Center Loss
PR B4 A1 LS (Label Smoothing ) pR %5 XT38 51 4G J& 1) 52
Me , S 36 45 a3 5 i o AR SCHE N A Center Loss
BRI ELRT LS BRI A9 Rank-1 F1 mAP 43 4] 2 78:20.% F1I
60.98%. 7 Softmax i & bR 4 1 JE filt b oo SCIE
Center Loss bR £ Il 25 0 £ 75 1 <28 1] FRES (14 TRbERT 4
NN ZE R I RE A S BT L RS T
Softmax 5 2% PR EL P fiN A LS bR EX ABNS A5 R 3 o A5 A
ZALVERE R BRI R A R4 e A AR
.

F5 BK BRI E R

Tablé 5 Influence of loss function on

recognition accuracy %
RS Rank-1 mAP
AR 76.65 58.11
7 3C s +Center Loss pREL 77.43 57.45
AR B +Center Loss BRET+LS bR %L 78.21 60.98

Re=ranking J& K14 K 2 4080w A i+ 15, 38
bR R4 R HE) T S AL R R . AL
TE 4t f5e 2B 1 BB B A Re-ranking , 52 55 45 5 4
KO,

% 6 Re-ranking MiX LI LR

Table 6 Experimental results of Re-ranking test %
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