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Abstract: To address the problems of low diopter recognition accuracy and low detection efficiency in the
pupil area, this paper proposes a pupil image detection algorithm based on an improved YOLOvV3 deep
neural network. First, a two-class detection network YOLOv3 base for extracting the main features of the
pupil is constructed to strengthen the learning ability of the pupil characteristics. Subsequently, through
migration learning, the training model parameters are migrated to YOLOv3-DPDC to reduce the difficulty of
model training and poor detection performance caused by the uneven distribution of sample data. Finally,
fine-tuning is used to quickly train the YOLOv3 multi-classification network to achieve accurate pupil
diopter detection. An experimental test was performed using the 1200 collected infrared pupil images. The
results show that the average accuracy of diopter detection using this algorithm is as high as 91.6%, and the
detection speed can reach 45 fps; these values are significantly better than those obtained using Faster
R-CNN for diopter detection.
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Fig.1 Schematic diagram of the infrared pupil recognition algorithm proposed in this article

TEIERE NGRS, SE— D JuiRahnn a MikzE, F
F DarkNet-53 [ 45 X} R RFAE HEAT H2 B, A8 K52 2
X I I S EOHAT ISR 38 NG I 15k 22 B
RN GR, X SHOAT ORI S 2) 2. YIRS
Jei, PERTEUIZAT B BCE ST T B i, SR X
FLEFFEATRN . BT — P BCR B2 o 8
AL, YR E 5 A LN TS S AN A LR 2 )
T LB Je SR ] Soft-max bR 200120, i i 4 H ik s g
2L AN LRGN 5.
2.2 ¥JE YOLOV3-DPDC M4

B, 7E YOLOv3-base 724l F M5 YOLOV3-
DPDC MZSHESE, 55 i Bt fldE YOLOV3 HFAEHEH M
LR Z A AT ES, BT S — P Bl 25 R
RN AL O BUF MPREEE /1, T S R ) =2
ik FL AR R PR DA R 78 40 R IR 2 w8 o R AR 2

EE XSS, 5 W B 2 4 SR I I 25 7E S A 1 2
fit B3 — AN REEFSAE A 104X 104 HIHFIEZE, KK
BYREAE AN R IE A LM A S R, 83 Logistic £
PR BN 3 R e e MG AT 4 2t Ak,
T e %11 YOLOV3-DPDC 7,

AR BRI 3 BoR, 1 Jaxt G T I
—1k, ¥ 416X 416 K/NPIREFLEIG/E NN . A5
FIF Darknet-53 W 4% J3E47 B FLAFAE SR EL, B 3
X3 A 1X1 BRI LL KRB, &5 3] 13X
13. 26X26. 52X52. 104X 104 PUANK IR

ARSCEERIEE T 4 ARSI, 6B B B n
PLE IR I RTHR T, 30 T I ER 5/ SR AERE ), 18
1ok 22 FOBERFAE 7 BT e, T LABE G- Hb@ 8% 41 4 M FL
BUG o 2R RE T7, AN B2 1 31 (1 v A 6

T T R :r"'____'_______________________I | - cat
Feature learning i I ] | bird
i FC ]"—- Softmax laver !
- [ ) aeroplane
Source, o BN -----g-——m—o— ool mmmomsmesomssss s
N IoN— j'l \ld # . ""_ sar
Feature S VO dataset l Parameler migration . i
transfer 'i'm‘gci . Pupil l
field / image dataset ¢ __I_\-iqq‘.-_l___“ o Target
! fine-tuning |, task traming
sidual | dual blockx G

Classification
learming

FC || | Softmax layer

&2 B BUL B I B R
Fig.2 The first stage transfer learning process

704



J classification

Faats HTH \Vol.44  No.7
202247 H Ze e T4 YOL OV i L 6 BE ARG I vk July 2022

Feature 'L; = i L A Category detection network

| extraction T el |

I network S ) ;

: =2

[ ‘__\. e b ; . /..' “‘ e ' //1 ﬂ7["

’ HE‘ ( . ﬂ nﬁ “ - Binary

Lo416 | = 6 18 ! Output tensor | 4

e rn o 20 2 o 5¢ 2 e T

] s 32 !

_‘r‘\:’ =) | conv [ BN ]I.Rc[_.ll:

;Wwwww@'

5"’§ = [Gonv] [+ =P [UpSampling |

Output tensor 2___

o A o o LD s
i | [’ﬁ/ e (0

el 2

0 [

Multi-classification process

Cutput tensor 3

>
- =
jTﬁi £

Improve output tensor 4

T

3 ARSI N 4R 5 S A B

Fig.3 The network model and parameter description of the proposed algorithm in this article
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Table 3 Data of different algorithms
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Table 4  Statistics of traditional algorithms

Algorithm model Accuracy/% Time/ms
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Table 5 The classification confusion matrix obtained by the
algorithm in this paper
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Fig.6 The detection results of the method in this paper on some images
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