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Research on object detection models for edge devices

XU Weifeng'?, LEI Yao', WANG Hongtao'?, ZHANG Xu'
(1. Department of Computer, North China Electric Power University(Baoding), Baoding 071003, China; 2. Hebei Key Laboratory of
Knowledge Computing for Energy & Power, Baoding 071003, China)

Abstract: Existing object detection models can be improved in terms of balancing detection performance and inference
speed on edge devices. Hence, a YOLO (you can only look once) v8-based model optimized for various edge devices is
proposed. In the Backbone, an EC2f (extended coarse-to-fine) structure is designed to reduce parameters, computation,
and data read/write volume. In the Neck, the YOLOvV6-3.0 version is used to accelerate inference while maintaining ac-
curacy. In the Head, a multiscale convolutional detection head, which further reduces computational load and complex-
ity, is featured. Two versions (n/s scales) are designed to suit different edge devices. Experiments on an X-ray dataset
demonstrate that the proposed model improves inference accuracy by 0.5%/1.7% and speed by 11.6%/11.2% compared
with baseline models of the same scale. Generalization tests on other datasets present an increase in inference speed of
over 10% and an accuracy reduction controlled within 1.3%. Overall, the model achieves a satisfactory balance between
inference accuracy and speed.

Keywords: object detection; YOLO; edge devices; inference accuracy; inference speed; data read/write volume; compu-

tational load; model deployment
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Fig. 1 Overall structure of the model
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Fig. 9 Schematic diagram of multi-scale detection head
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Table 1 Dataset partitioning ik
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Fig. 10 Schematic diagram of the X-ray dataset
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Fig. 11 Schematic diagram of the wheat dataset
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Fig. 12 Schematic diagram of the helmet dataset
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Fig. 13 Comparison chart of computing power across different motherboard models

33 XWHERS5HW

AT T PR [A) ROBE A n RUBE
s ROE . n REBRDE 7E SR 2 80w
TREE R, DAEIRE T% &, s R
BARAAE NS HEANTEE &, (B8R4 T
AR PERER B
3.3.1 R 4EAF

A SCHY SR T VPG R S B A M RE, O
MrAatnE H

1) B S 4 AR S 8 R Al R AR A
JERY EHEEAE bR, B el TR AE I g B A

22 ] ACE MR B B, B2 MBS EWE
BORRERY, B A Gk e Lo IR

2) BERY A Ty B - R 7 9 B o R o T
PATIOTE BT RE, R IR 7K

3) K BE : gy I RO T RN HE RS B R
mAP50_90 3R ST LU R{EAE [0.5, 0.9] 19°F-34 mAP).

4) HEBAT S : FEh SR & A SR 1A BT
T IFA], 3 — 8 A BB AR BT AR R A SR o, A
F4) M 7 3

5) i HYLLE 1 s PIRBHE 58 A H FRAs I - i
A SR G R, A0 Bs(RE D RS 50 1 BA A



<878 » s EX

o>
Ny

S S 55 20 &

332 b ER

TEYEFRF IR AR AR I SE R b, AR SO T
EW) I H K AT YOLOV9 55 15 ) K Hifth YOLO
FRAWWE N S it s by Bl 25 9 AR, RIBHImA T
25 B SR BE RS AR A Faster RCNN L) & 5 — &

R4 B B BEAG AR Y SSD, L4 T8 X He AN [ A5 A4l
e Gt es LS G MM BE 2 5 . Faster RCNN
W5 T ™A T VGG 1 Resnet P fl, SSD
BT M43 T VGG il Mobilenet Biff, XF H 4
W 2 pin.

®2 SHMENEBMIELER

Table 2 Comparison results with other detection models

A MR ZBE/10° BAISEU10° YIZRRRE/%  HEEIRERE/%  MERERK/ms  Wi%/(fls)
YOLOV5-n 45 1.9 80.97 77.08 26.6 37.6
YOLOV5-s 16.5 72 85.30 80.90 50.5 19.8
YOLOv6-n 114 47 87.03 83.40 328 30.5
YOLOVv6-s 453 185 88.66 84.50 66.3 15.1

YOLOV7-tiny 13.7 6.2 82.90 79.80 345 28.9
YOLOV8-n 8.7 32 88.40 84.10 30.8 325
YOLOVS8-s 28.7 11.1 90.97 85.60 61.6 16.2
YOLOV9-t 7.7 2.0 89.40 88.00 63.4 15.8
YOLOV9-s 26.4 7.1 92.50 88.20 116.6 8.6

Faster-RCNN(VGG) 370.2 137.9 81.17 80.62 442.1 23
Faster-RCNN(Resnet) 941.2 28.5 79.24 — —
SSD(VGG) 62.7 263 76.86 74.26 96.9 10.3
SSD(Moblienet) 1.8 6.2 73.07 73.18 33.0 303

A AR -n 53 22 89.10 84.60 27.2 36.8
ARSCAET -5 20.7 9.0 91.29 87.30 547 183
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Table 3 Comparison of data before and after module improvement

22 IR S 2107 A RT 2100 b JE T AR B0 it JE S/ 10°
caf 8.05 5.71 3.82 1.41
Head 8.32 2.15 1.37 0.69
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Table 4 Comparison of different convolution types

ik WA B s =
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il T eyl 1/16 (hxwXc +hxwxc,+9%xc;Xc,) 225X hxwxciXe
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T AR AR SRR 515 B 2 iy A i, B
2 7 U A5 1 TR R A O B S, S R
XFHANEE 5 Fim . IWEEROR B AL i 1T 500 2
FEAR T 27.8%, S8 FEAL T 18.73%, LT K
FEAR T 11.2%. HART 3 AN Wtk iy Bi ok U, 3
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Table 5 Result after the addition of each module

ESitEid BORHRRAREEN07  BUUSHOR/10° IGRREEE%  HEERREIE/%  HERRI K /ms
Baseline 28.7 11.14 90.9 85.6 61.6
+EC2f 21.6 8.32 88.5 84.1 56.1
+Neck + EC2f 225 9.15 90.4 85.4 553
+ New head+ Neck + EC2f 20.7 9.05 91.2 87.3 54.7
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Table 6 n version of the model results of different datasets

FEMERRL-n A AR A AR
PGS HEFRE R/ % HEREAH /ms HEHREBE /% PR /ms
XA 84.1 30.8 84.6 272
AN R 92.0 39.2 91.5 33.6
LA S 88.9 38.6 87.6 34.8
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Table 7 s version of the model results of different datasets
FEMERHL T A AR SRR - AR ALY
LS PSR /% R K /ms PR RE /% R K /ms
XOtE 85.6 61.6 87.3 54.7
TN B AR 92.6 72.1 92.7 58.7
LAIBEIRE 90.5 69.4 89.3 60.1
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