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Grape size detection based on multi-resolution feature fusion
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Abstract: In view of the insufficient feature extraction of grapes and the difficulty in accurate detection of dense oc-
clusion of grape grains, a Faster R-CNN convolutional neural network model based on feature pyramid network ( FPN) fea-
ture fusion was proposed to detect and identify grape grains under complex background in Huyi District of Shaanxi Province.
The ResNet50 was used as the main network, and the pyramid structure was introduced to enhance the extraction ability of
the network model for different resolution characteristics of grape fruit. At the same time, the GA-RPN network was added
to generate the adaptive anchor frame, and the occlusion compensation mechanism was introduced to solve the occlusion
problem of dense grape fruit. The model verification results showed that the average precision (AP) of the proposed model
could reach 95. 9% when the threshold of overlap rate between candidate box and original marked box (I0U) was 50, and
the detection accuracy of grapes and strings was 95. 8% and 96. 1%, respectively, which was better than that of the original
Faster R-CNN model. Using binocular vision algorithm to measure the size of grape seeds, the relative error can be con-

trolled within 2% at the optimal measurement distance

078 B #:2021-07-06 (0.6-1.4 m).
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Fig.6 Example diagram of dense grape grain occlusion
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Fig.7 Principle diagram of binocular stereo vision imaging

PAZEABLAE DR B o_xyz 4 JEUAG @_LfﬁﬁJ:TT
F L HH 0, XY, FRORER AR R o, ABOE ML A
KRR f, A REPLIRI B, S AR LI AL AR iﬁéﬁ‘%’wﬁﬂ
A (14) 3 (15) .

X, S 0 ¢, ([«
2 Y =10 fy, e ||y (14)
1 0 0 1 |Lz
X f. 0 ¢ ][«
2| Y =10 f, e, ||y, (15)
1 0 0 1 ||z

WA AEFRZR o_xyz 5 o, _x,y .z, ZIEJAERTC R
= (16) s, d 4 AT AT, 23 (8] 25 A9 = 4k A6 bR Al



&SR T 2 PR R A A 2 RO A 399

LIRS A (17) Bz,

X X ry r, ry it X

y =, | |=re s e | (16)
z z

z | r, rg ry it |

x=zX,/f,

=zY,/

Yy /fh (17)

. ffit.=X,t)
X (r X, +r Y, 4rof)) —f.(r X+, Y, +raf))

CRDN H AL BE B, e ARPLERBE £, o, 0
RLPTEA AR B R AR AR A, Pl S AR DL
SER Y R AT ] IS S P AT T ALY =4
A, S B  F1 FB PRAT  R/ IN B)  2 RE )  d

WE 8 s, BUGHA 5 75 KS4A418-D W H
P15k ,3.6 mm EFEEE L, AR N2 592x 1 944,
EUEA% 2 MIPG 2245 FHHILZS (RIS B o 45 SR 4
F 1 T T R b 25 SR 3 DL T B R |
WIZE A AL Z 18] B e 5% #f BEAR /N Sl ik P17
AL ) 2% B A AR AL B S A x by 1) B AR BE
59.842 25 mm , $EVT LPRFELLERE B 60 mm, M7E y
z J7 ] EAFFERU N R

E 8 KS4A418-D W BT %k
Fig.8 KS4A418-D binocular camera

®1 ZTEMERELER

Table 1 Calibration results of space position
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Table 2 Training parameters of improved model in this study
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Fig.9 Total loss curve of improved model in this study
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Table 3 Comparison of the number of grape fruit detection results

between the model before and after improvement
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Fig.11 Actual detection results of the improved model in this

study
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Table 4 Comparison of test results of different models
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Table 5 Detection results of grape fruit transverse diameter under

different shading degrees

A FRBERE e b EbLR AP R
R SRR
(%) RKfE R B RNE R
(mm)  (om) (%) (mm) (%)
25 27.33 28.52 4.36 28.01 2.49
21.54 20.54 -4.64 21.84 1.37
25.61 26.61 3.92 25.12 -1.91
25~50 24.37 25.75 5.67 23.96 -1.68
29.55 28.11 -4.89 28.79 -2.57
26.18 27.53 5.17 26.74 2.15
50~75 27.42 24.23 -11.62 26.66 -2.77
25.86 22.19 -14.18 26.56 2.69
22.16 19.23 -13.24 22.99 3.76
75 27.44 - - — _
26.56 - - - -
29.73 23.63 -20.51 31.64 6.41
IR R R,

3 4k Sie
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Table 6 Detection results of grape fruit transverse diameter at dif-

ferent shooting distances

i R BARSEhRE BRI A 2%
(m) (mm) (mm) (%)
0.2~0.6 22.11 21.64 -2.13
24.68 25.12 1.78

29.34 28.78 -1.91

0.6~1.0 26.43 26.12 -1.17
27.45 27.02 -1.57

23.84 23.59 -1.05

1.0~1.4 25.88 25.61 -1.04
25.46 25.05 -1.61

22.47 22.78 1.38

1.4~1.8 24.26 24.88 2.56
23.34 23.87 2.27

24.77 25.19 1.70

1.8~2.2 28.73 27.76 -3.38
25.44 25.02 -1.65

26.91 25.98 -3.46
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