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Design of cow face recognition system for insurance business based
on three-dimensional loss algorithm

YANG Mei, ZHAO Jianmin*
(College of Information Engineering,Inner Mongolia University of Science and Technology , Baotou, Inner Mongolia
014010, China)

Abstract: Aiming at the current problem of difficult cattle identity recognition in the survey and loss de-
termination of livestock insurance industry, this paper combines deep learning framework with internet of
things (I0T) technology to build cow face recognition system. Inception_Resnet_v1 is used as the deep
learning network framework in the system, combined with Triplet Loss loss function,to complete the ex-
traction of cow face features,and the identification of features by calculating the cosine distance. Based on
flask and vue framework,we deploy cow face detection and feature extraction and verification model, de-
velop cow face information database, and provide identity registration and verification web service. To
verify the feasibility of the system,the cow face recognition dataset CFID200 is collected and produced.
Under the condition that 20% of cow faces are not seen,the accuracy and verification rate of the cow
face recognition system reaches more than 95 %5 s which meets the need of cow face identification in insur-
ance business.
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Fig. 1 The structure of the cow face recognition system
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Fig. 3 Schematic diagram of algorithm structure
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Fig. 6 Detection results of cow face detection model
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Tab.1 Experiment results of data division
Training set False
Number y Accuracy Validation acceptance
:test set
rate
1 5:5 0.93314 0.92824 0. 00083
2 6:4 0.95118 0.93745 0. 00083
3 8:2 0.97456  0.95621 0. 000 83

o FRU{ELAS ] IR o 453 2% R R P 215 2 A [) X 32 2
B =04l . BT LA o B9 328 OG5 R B CRRAIE 1Y fiE

AEZREKEZZ0 e 5 H0.0,0.1,
0.2 A1 0.3 Xt A= o e Ak £ HORE Y pE 47 I 2R 52 56 L 52 50
ZORWME T PR .

030 F

025 F
020

0.15

Loss

0.10

0.05

0.00 +

7T SH o AEMNEIHRER
Fig.7 Comparison experiment for

adjusting parameter o

HERLLER .Y o« BOANFER. S REE T FK
Fa e, B B 2R (B AE 40—60 epochs B}, 4 2k {H 3 I



+ 836 -

IR, M a=0. 2 B BURAE T BEAY L P B2
40—60 epochs E s B /N, T 15 B & S 8
KNI o BUE T YR A 047 D7 A% AR 245 S an 2% 2 fir
Re MWERPATLIFEW Y o 4 0.2 B, LRI 25 25
A HER R TGS IR 43 5]y 0. 97 A1 0. 96, K I L 7F
Wi 5 1 S 3 R SR o= 0. 2 SEAT S2B X AT

R2 B o AEILEIE
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Number ¢« value Accuracy  Validation acceptance
rate
1 a=0.0 0.92792 0.502 50 0.00167
2 a=0.1 0.94292 0.43083 0.00167
3 a=0.2 0.974 56 0.95621 0.00083
4 a=0.3 0.94208 0.47500 0.00167

A= 0 560 J1E 38 o 4 T AR ] ID 2 2 A5 S [ — 3k 4
SN E A AE 5 A b B AR AR S B LORE KBS B S
ARIRBE B UEAT X O SC e, SEBR A RN 3 o, M
Fhal LIE AR 8 R R0E T ST L A R G
R AP LT AR SRR B AT . 9 Ut 7 Bl
J V1 S 56 v T R T A% 52 L B AT S R L A A

F3 EHEWHEIHER

Tab.3 Experiment results of distance comparison

e False
. Verificatio
Distance Accuracy acceptance
rate
rate
Euclidean distance 0.95341 0.91456 0. 00083
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Fig. 8 Training results of different network structures
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