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Table 1 Feature extraction network
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Figure 2 Improved feature extraction network structure
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Figure 5 Vegetable dataset
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Table 2 Object pixel size distribution
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Figure 6 Detection results
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Table 3 Bounding box regression loss function

PN mAP/ %
YOLOv3+MSE 89. 8
YOLOV3+F,, 90.9
YOLOv3+DIoU 91.3

FH % 3 AT, SR i SUHE ]S 45 2k pR R R,
%% YOLOv3, 5 MSE L mAP $2F+ 1. 1% , AT
I ToU 25 FE1E 0 FUHE [RT IS 453 9 pRESOR I 245 1



2

B 4 BT RER YOLO v3 AUER SR B 3E 11

R A EZAEM, LA, YOLOV3 R H
DIoU 31 5-HE AR REL S F, #HEL, mAP $2TF
0.4% ,[NIAEH & ToU MY TR, 5] A TINAE 5 &
SEAE 22 8] 1Y R0 15 B AT LR b At A YOLOV3
%%O
& 7 J& YOLOv3 SR A [A] 31 FHAE [8] 5 462 2% bRy
B SR AR S B IR 48 6 IR ORI 25 51 itk
AL, 5 5 AN PR R R BRECHE L, DIoU W] LA B R
T I48 B RE . AN R 320 SUAE 9] 5 453 2 o BOG)
FRSR IR AN I 8 i, Hop 41 e 2 H bp
HASHE, I 8 AN, UL loU Ry LRt Y F,
DIoU 77 3%} H Fr 04 78 1 K JE LA AH 6], 1 MSE
TEREN R EERS 2%
925
90.0
875
850 F
°§ 825k
T 800}
775 F
750} /
sk /
70.0 .

— MSE
o Flnl,
— DlolJ

S 10 15 20 25 30 35 40 45 30 55 60 65
BHX
7 AR SR [ 345 5K o X ) 4% 59 20
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Figure 8 Detection results of different loss functions

3.4 ZREFNM4%EESH

Ji. YOLOV3 B35 B S B0 42 i e il 45 2R an
K9 ffs . B89 AT, YOLOV3 7EAG I 55 S 77
TE— LRI, 10 B9 (a) R (e ) L 26 R 8T
Tk, B 9 (b) Hefe F kR ki o 5, DL & A
9(d) Hr[E—A~ BHirgk 2 HERRIC

(d) EER
9 YOLOV3 #&illg5 R
Figure 9 YOLOV3 detection results

WA YOLOV3 Bk A B R e R R ik
BN 512x512, I3RS 5 4LRRAE &, HAGR RS
Iy B JE64x64 32x32 16x16 8x8 Fl 4x4 , {5
YRR B SRR SORRE 4 35 AT B AR A
M YOLOV3 SR 2 RIEFHE & 78 2 5
TEGR B LRI RE QN2 4 o, fH 4 4.5
ZHRFIE R R AIE 4 35 B9 YOLOvV3-1, YOLOv3-2
) mAP IR 92. 6% 93. 2% , 5 YOLOv3 B ¥
A BT 1. 3% F0 1. 9%, 1 YOLOv3-2 B3
PRI i R B B S B HE | T8 RS g 3G K
DL R TR TR I I 285

AR YOLOv3-2 £ Il 2 B 5 YOLOv3 #H Lk
H—EWN TR, B2 YOLOV3-2 BEHH 5 A
(] JRUBE R AIE A4S B A AR AT 4 7 3 AT AR A D s
5 RE T 2 2 I ZE R, I HLR ORG BE TR L

F 4 BHE YOLOVI WMERHIBEMKRNER
Table 4 Detection results of improved YOLOvV3 on vegetable dataset

ik NG LEN) FEAE 7 WA/ (f+s7") mAP/ %
YOLOv3 416x416 52x52,26x26,13x13 41 91.3
YOLOv3-1 512x512 64x64,32x32,16x16,8x8 37 92.6
YOLOv3-2 512x512 64x64,32x32,16x16,8x8,4x4 35 93.2
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Figure 10 Improved YOLOv3 detection results
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Table 5 Performance comparison of different methods

on vegetable dataset

I 244 HE 28 FTM% mAP/% Wi/ (f-57")
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Sensorless Control of BLDCM Based on Improved Sliding Mode Observer

BAI Guochang, YAO Jiliang

(School of Mechanical and Power Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract; When the traditional sliding mode observer was used to observe the line back electromotive force
(line back-EMF) of brushless de motor ( BLDCM) , a low-pass filter was required because of the excessive
chattering of the system. However, the phase delay caused by the filter could not be accurately compensated
resulting in inaccurate commutation. This paper proposed to apply the sigmoid function to the sliding mode
observer, and used its smooth and continuous characteristics to reduce chattering. At the same time, a variable
sliding mode gain was deduced to further weaken the chattering of the system based on the Lyapunov theorem.
Through these measures, the line back-EMF observations observed could directly determine the commutation
signal. The simulation and experimental results showed that the improved sliding mode observer reduced the
peak value of line back-EMF observation errors at 400 r/min and 3 000 r/min by 70% and 54. 8% respective-
ly, obtained more accurate commutation signals, and improved the brushless dc motor positionless control sys-
tem performance.
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Vegetable Recognition Algorithm Based on Improved YOLOV3

WEI Hongbin, ZHANG Duanjin, DU Guangming, XIAO Wenfu

(School of Information Engineering ,Zhengzhou University, Zhengzhou 450001, China)

Abstract: The queuing and weighing problem was common in bulk vegetable area of supermarket. If weighing
equipment could automatically recognize vegetable, it would effectively improve the operational efficiency of
supermarket. Therefore, a vegetable recognition method based on improved YOLOv3 was proposed. Firstly,
vegetable pictures were collected by using high-definition camera and web crawler technology. Secondly, 15
groups of anchors suitable for vegetable datasets were obtained by K-means clustering analysis. Thirdly, a new
bounding box regression loss function DIoU was proposed to improve the precision of detection task. Finally, as
there were many large objects in vegetable datasets, 5 groups of feature pyramids with different scales were ob-
tained by enhancing feature extraction network to realize vegetable detection task. The mAP of the improved
YOLOv3 algorithm on the test dataset was 93. 2%, and the recognition rate was 35 fps. This method improved
the recognition of mAP while guaranteeing real-time object detection.
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