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W 1 YOLOvSs & 3 5 YOLOv4 ., Faster
RCNN,SSD-MobilenetV3,YOLOX-S | EfficientDet-
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A, YOLOv4 , YOLOX-S  EfficientDet-D1 43 5l #2
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2.4 S5XREHIFEEEXMNLE
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5 M Detection effect of YOLOvSs

iR S
BEY OLOVS st A4 Detection effec ofimprove YOLOv5s
ALE 55— 4328 SO S ARSI 8 R Xt e Comparison of detection effect after motion blur in group 1; B, F 25 2018 s 5 iR IR X
Lt Comparison of detection effect after motion blur in group 2; C, G: 55— 2556451 T BIAMIZCR X He Comparison of detection effect under
low light condition in group 15 D, H: %% 415556514 T MR X E Comparison of detection effect under low light condition in group 2.
E12 AEH=TERMERITLE

Fig.12 Comparison of detection effect in different scenarios
#3 AEBREUNEERNLER

Table 3 Contrast experiment of different object detection algorithm

HOB Model E L K2/ % HmE/ v PIREREIME/ 0 HEBERTE]/ms
Backbone P R P Reason time
SSD MobilenetV3 87.6 81.2 83.3 17.5
YOLOv4 CSPDarknet53 90.5 88.4 89.1 26.1
Faster RCNN ResNet50 86.8 90.4 87.4 42.7
YOLOX-S Darknet53 95.6 88.7 93.7 13.3
EfficientDet-D1 EfficientNet 94.1 92.4 92.8 14.2
MRS YOLOVSs Improved-YOLOv5s Improved-CSPDarknet53 97.8 93.6 96.6 11.4

saic 35 (77 58 3) 3 MGG EHE G 3 Jr W HEA T X L (3R
4), LA b 3R 1 5 5 i ¥R Y OLOv5s 15 Y i
A1, SR T R) R B I 2 2 5 L RAH [) 1 56 E 4
& 4 TTHT, 5 58 LAl FH AR 1 5 vk 1) P B
MR 2. 14 E 43 1 38 5 O S hs 38 38 AR BURTIENMR
AR5 b AR AR B R AE B R T B AR iz Ak
P (RTINS B2 A BT REAIR . T3 2 5 8 SRR AE I

SEfb R B AT 78 R AT B BT, (R 35 21 Yy
F4 TEBEEETENHRIR

Table 4 Contrast experiment of different

data enhancement method %
. ) ) PR
I B 7% i {g
Method Precision Recall
P
RE 5
_ 94.4 85.0 90.3
Without data enhancement
J7% 1 Plan 1 97.0 80.0 88.2
J7% 2 Plan 2 92.5 92.3 93.1
J7% 3 Plan 3 94.9 92.5 92.5
AL )7 The study 97.3 91.1 93.6

L RREAS B 5 R EUAE AR AN K, BRI 2R
Gyt iAo 5 HAM 3R TR A b AR5 TR
PABITRLIITR2KITE 3 HHETE5.4.05.1.1
ASEGr R SR ARG Ry A R T 3.3
O3 e 5 RN B TIARAT AR ELAT R AR
GRS AR 50 D7 VA A H N R e 5 A0 e ik
A7 JE A P il G 3k BRI G R Y H Y i — 20
PETF T SRR R REAS IR UG 5 e
3 i it

AHI ST BN W BB FEAS K IIAT: 55, B Se e i
— IO TR A A B B 5 T v | T A e R AR
55 W R AR BE A DA SRR A A Rl 7 oA i
TR B EE A R T REARM A A
YIZRFEARAS 0 ) B, 4 7B RL /N H B A6 00 kG
FES B HURE X R I R R BT 5 %
FWE F PR/ R R A ) R B 1 AR Tk
#EYOLOVSs 1Y ¥ RE BB AR Ty 2%, ¥ 2 L
il GAM 5 MHSA #& 8 5 5 i YOLOv5s & 1 M 2%
Rl 4 e B AR O 2% X R AIE 17 S B R MR T 5 B A
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BiFPN 2544 5 Transformer B3 , i — 20 5 AL (]
25 %8 /N H bR CHERAIE 9 2255 5 ok FH EloU $3 2k s 450
A YN AL [T U i 2K 2 e o2 (VRS BB, I Soft NMS
AR B 1 45 A 2 LR T R DA BN AR AR TR 5
RZEN R

AW 5 R FH I 348 5k 7 ok Ak B 1) G A
BB X 25 A5 TR P o e 4t g 3.3 1A A3, 5 M
1% G B 38 5 Dy YR A EE T — 25 4 v T I 485 1 A
T AF 1 R e R 0 B R TS Rl A 3 i
J7iEY M B S T LA N B, 5 R R 2
TR LA T AR S IF ) B 5RAE . BT e YO-
LOv5s A BS54 B S5 {E IR 5] 96.6 6 , X BRLoK W A5 %
B3 LR RS BsF ] A 11.4 ms, BE 5 45 B30 B DG e
AN B AREEAE , R XN B AR B i ki g
FE - X 00 v B S DA R D R L B AR T
SSD*  Faster RCNN, YOLOX'®! | EfficientDet-D1
A BLA FE S 2R h B SR S e O
BT I B R R B T R -

FETTH TAESERE I, 25 A Al i & e s &
DL BIEARE 5 ARUF IR R BB 28 8
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Machine vision-based monitoring honeybee pollination
of blueberry in greenhouse

HU Lingyan', SUN Hao', XU Guohui', GUO Ruiya*, GUO Zhanjun?,
CHEN Pengyu', PEI Yuekun', WANG Zumin'

1.College of Information Engineering, Dalian University, Dalian 116622, China;
2.Dalian Modern Agricultural Production Development Service Center, Dalian 116000, China

Abstract The statistics of pollination times of honeybee was evaluated based on machine vision to
evaluate the rationality of the dosage of pollinating honeybee during the window period of blueberry bloom-
ing in the solar greenhouse. The dataset was processed with the method of improved poisson blending data
enhancement to solve problems that the detection environment is complex, the target scale is small, and it
is easy to be covered. The structure of YOLOv5 was optimized. The detection precision of model was im-
proved by introducing GAM attention mechanism and Transformer module. BIFPN and CARAFE were in-
troduced in feature pyramid network to complement the contextual information. EloU _loss and Soft NMS
were used to enhance the positioning precision of bounding box and solve the problem of detecting target oc~
clusion. The results showed that the mean average precision of the improved YOLOv5 was 96.6%, 3.5
percentage points higher than that of the original algorithm. The detection time of a single blueberry pollina-
tion image on the GPU was 11.4 ms.

Keywords machine vision; improved Poisson blending ; YOLOV5; attention mechanism ; Transform-
er; CARAFE

(EHE . ELT)



