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Lightweight High Precision Targets Detection Model Based on YOLOv3
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Abstract: Aiming at the problem that the current target detection algorithm occupies too much memory in the application of
the edge device and cannot meet the real-time requirements, this article proposes an improved lightweight targets detection
model based on YOLOV3 algorithm. MobileNet was adopted to carry out point convolution and deep separable convolution
for features extracting, which significantly reduces the number of parameters of the model. Meanwhile, in order to ensure the
accuracy of target detection, complete intersection over union (CIOU) bounding box regression loss function was used in the
training process. In addition, Focal loss was introduced to reduce the errors caused by the unbalanced distribution of positive
and negative sample distributions. Moreover, Label Smoothing was taken as an optimized strategy to adjust the weight of the
real sample label category in the calculation of the loss function, which is helpful to avoid the overfitting problem. After
training on 35 000 actual scene data, the proposed model improves 47.3% and 69.67% detection accuracy of pedestrians and
vehicles respectively, and the model size is 40% of YOLOV3, thus achieving the targets detection with lightweight model and
satisfying precision.
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Fig. 1 YOLOV3 network structure diagram
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Fig. 4 Schematic diagram of overlap between target box
and prediction box
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Fig. 6 YOLO-B schematic diagram of network detection
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two categories of test set
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Tab.1 Comparison results of performance evaluation indexes of target detection algorithm

o Wk Ak W TR pooMe TR R
(PN (/B0

YOLOV3 35082 3982 500 57.80 235 45.52 70.08 11.2
YOLOvV3-D 35082 3982 500 58.32 235 45.69 71.02 11.2
YOLOV3-5ik 35082 3982 500 36.69 79.1 46.93 36.42 14.3
YOLO-Slim 35082 3982 500 46.69 28.2 46.95 55.36 21.2
YOLOV3-tiny 35082 3982 500 27.23 332 16.56 37.89 25.1
YOLO-A 35082 3982 500 58.59 92.6 47.30 69.67 20.6
YOLO-B 35082 3982 500 59.23 92.6 48.29 70.16 20.6

2.2 EHEHRIRERNER K /NTLE

7 PRI R RIS SR LR 1. ik 1
Al J1: YOLOV3 1 37 ¥ U ) % (H 8 57.80%
YOLOV3-D - F-IiERi#N 58.32% , W& RIR
U, (AR ALK K 5 YOLOV3-BT 47 . YOLOV3-tiny Fll
YOLO-Slim (R LLE /N, (H 2 I a2 4K T
50% ; YOLO-A H1 YOLO-B FSESHERGAR AR 5
FhAE AU ER S . YOLO-A F1 YOLO-B B &I K /NH
], F 3 o AR P 2k eR LA B FE AR Ak Ty kAl A5
YOLO-B #F- ¥ #tf % & T YOLO-A #y, ik %
59.23% , MZEAHY R/ IMIUA 5l YOLOV3 ) 40% .
2.3 BEHEMRER

FEDRRAE XA T AN ZE 553 BIEA T HARASI , A6
DIRE B2 WL 1. Z5SRRH, TCig A IA 7 A8 2 A
45, YOLO-B WkG e m T HAth 6 Fhdak. it
TR AR YOLO-B BikLE &R M. YOLO-

B IIZkid B Y loss fHAE LNl 8 FoR , BEE EAIK
BB N, loss [EAWIRRIR, 2R B IR

AT E IR RIASCR , £ YOLO-B ki)
e G, i Yolo-B B Wl A 4TI it 5T
XTSRRI AL, MR () S 2 R RSk Bl
5t 9 NS SRR

140

120 |
100 |
80 F

b T
60 \>>>
">

40 F \.,)**
g 2 TSN
L L

lossfi

20— . . .
0 20 40 60 80 100
AR ER
B8 YOLO-BijllZrd 2 HH) loss TR
Fig. 8 Changes of loss during YOLO-B training
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Fig. 9 YOLO-B algorithm real scene test renderings
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