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Improved YOLOV2 algorithm for road motorcycle helmet detection

Ran Xiansheng Chen Zhuo Zhang He
(School of Mechatronics and Vehicle Engineering., Chongqing Jiaotong University, Chongqing 400074, China)

Abstract: Aiming at the problems that the traditional detection methods of motorcycle helmet detection have low
accuracy, poor generalization ability and large number of target detection network parameters, which are difficult to
run on embedded devices, an improved MNXt+-ECA-D-YOLOv2 target detection algorithm model of YOLOv2 is
proposed. First, MobileNeXt network is introduced to replace original YOLOv2 backbone network, and a densely
connected nelwork structure is introduced into the sandglass block of MobileNeXt. At the same time, the effective
channel attention mechanism is introduced into the network. And, different activation functions are applied at different
K-means

depth network layers. Finally, DropBlock module is added before the network output convolutional layer.

clustering algorithm is adopted to redesign the anchor box size of self-made dataset. The experimental results show that
compared with the original YOLOv2 under the same experimental conditions, the proposed method improves the APy,
metric by 3.53% and the model size reduced by 77.44%, and the detection speed increased by nearly 4 times.
Comparison experiments demonstrate that the improved YOLOv2 has a higher average accuracy rate, a smaller model,

and faster inference speed in CPU. Therefore, the proposed improved YOLOv2 model is valuable in practical

applications.
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5.3 EMHIERR

1R 48 % (confusion matrix) fF A f& GE Bl 4% 2% ) 5 1k
R E BT An v, B AR R I T R 8 R (Precision) FT
[m] 3% (Recal DA A] LU S IR VB ME PR K45, W0 8 Brm iR
WG R R | S g 5T T 26 ), B A O B S AR AR 2R
P(Positives) Fl N(Negatives) Ry BRI 77 i 25510 . T(True)
1 F(False) FT PN AR BY 0 ) W 45 R 25 157

T F
True False
P Positives Positives
ap (P
False True
N Negatives Negatives
) (IN)

K8 RBHEK

HULATS 4 EBE W IEH B T 40500 . D TP 7 E
AR B o IE FE AR5 20 FP . B BUK f0 8 45 180 50 8 IE #E 4
DEN ALK IEREAS TR by R A 5 4) B8 TF 1 1 4 1A%
AT AR,

BIANRKEHE .G ERL K AP, , 115X (10) ~ (12)
FJ]"/J;‘o

S TP
Precision = TP = FP (10)
TP
Recall - m (1])
1
mmszmm&mm>a5 (12)

1 s Precision i B RITE B ARSI o A HER B s Recall 4
T AR IR B A 4 BE 7 TOU SH BRI &9 5 45 X 8 5
BLACHRE IR 38 19 38 3 T AR b o H A 5 A A ) B AR E A R
T30 BT AR SR AR S Sk 2R R SR AR Sk ZE P AP 2 L R O
TESR AR AR RN 454N 2 51 A T AP, BB X 4524 7
AP, SRR AR RIS mAP,, . HAr AP, & B i vEM
F R BRI A A B B B AR AR 2 —
5.4 AIRHMHEERAEHTRE

AR S YOLOV2 BiEF L BRI a8
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A YOLOvZ M T M4, 5| A% LML A ZCREEET
PLE ECA R [R 3R 0 W 2% 2 X B S [ 36 &3, 51 A
DropBlock 4, 5 T HriE 4 3C R YOLOv2 57 3 B 3#F 1)
B RrE, A 3CTE B H1 £ motoreycle helmet 3¢ B4 |, X &
AU E ST IE R I, AL E B AT
BRI B 7E CPU FR#EBRA ] Ginference time) » B A I 4
SR 1D AR ST sl ot A A 2 T RO B B IR A TR
A AR & :2)GPU 5 CPU XT3k 4b B 5 AR F]
GPU RefigJ1 4740 B BB A9 56 FF P9 FR B8R 32 32, i CPU
Mg F X B TEE . Y GPU B A L8 KR, IR
2 P48 2 TR AR AT L — A 38, SR 8L A A2 AT R R 32
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FYE AT ) D 41, 31 ms SR B T SEAT PR SR R R Ny
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B R TR 4 5 R B/ 77,4400,
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o T B ML B UE AR SCEIE 00 st I B AR
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