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Detection of cherry defects based on improved Faster R-CNN model
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Abstract: Objective: To improve the efficiency of cherry classifi-
cation and sorting in industrial environment. Methods: An im-
proved cherry defect recognition and sorting model based on
Faster R-CNN framework was proposed. Results: By comparing
VGG16, MobileNet-V2 and ResNet50 network, the effect of
Resnet50 network was the best. the improved Faster R-CNN
model had 97.75%, 99.77%., 98.90%. 97.56%. 96.67%,
98.80% of detection precision for cherry fissure, twinning,
growth stimulation, mildew, Browning rotten and intact fruit,
respectively. The average detection accuracy of the improved Fas-
ter R-CNN model was 98.24%, which was higher than other
models, and the detection speed was 31.16 frames/s. Conclusion:
The test method had a high identification accuracy for cherry de-

fects.
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Figure 1 Samples of 6 types of cherries
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Figure 2 Species and quantity of cherry samples

FRAE B, F A RPN Az BRS04 6% 358 HE L 5 43 1iF &1 i 5 )5
75 3| J5 #B 4R AE )2 L £ A Roi Pooling 58 BUMLAL 5 » i A 432
MBS P %, e & A58 HAR 2 MM & EE, T
Faster R-CNN fy #5Ak ft i A6 0 3o 72 40 18] 3 s,
2.1 45MEIRENM 4K
JF ResNet50 [ 5% 22 £ H 4 & Identity Block #
Conv Block 454y (W&l 4), Identity Block A& B () i
N I M T ) A R[], T T e R I R I % L o
SHZ R ME A5 H . Conv Block HE B 9 %y A Fil g i 1)
A4 R[] T PAT 1< 1 k348 ARk DU g 4 2
33 F B ST ResNet50 1 b FrAE W 4% 16 12 1k Bt
B I iy R BRSO B AR T R GR HE R B VGG 6,

g
AL
I [

et

B 3 3 T Faster R-CNN #9514 46 ) i 42

Figure 3

Faster R-CNN based cherry defect detections process
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Figure 9 Cherry defect detection system based on

5. ML

deep learning

WM, Fi L8681 P AR PR IR R

Tp
P=—"—, an
Ty +Fp
Tp
R=—"—, (12)
Tp +Fy
1
AP =J PRdR . (13)
1 <
mAP = VZAP@) . a4
N
2PR .
T PR’ (15)

K

Tr—HIEH;

Fo— B IEH;

Fy— 1B i 5

N-— 2515

AP G —% i Z8BHRIY AP fH.

16 b5 B A0 iR (FPS) FH T 21 A5 455 780 i 1 - 1 Ak 18 3

M B%.H T Faster R-CNN #3895 482 #k &R ba 4

B B R BRI 1 A EE .
3.4 BHEBEANERRE SN

T 4 T B A B8 ke R N 45 SR Y B L 3l i
Xof PR foke b K 9 B R ] 2 R SR Mg R AT S R IE . SEIR ST
FF M4 ResNet50 X i 56 45 J 09 52 0 . Oy ke 40 38 5 H
b ot 3 X 45 S B9 VE L AR R TR AR R B R — SO R4 R L X
AR AIE M 2% o VGG16 . MobileNet-V2 Fil ResNet50 13 fift
A A R S5 R W3R 1.

2 150 6 BRI VGGL6 B i MobileNet V2
1 ResNet50 J& . mAP #8454 M 42 7+ T 5.89%,11.85%,
FoEHETAT 4%.8% ., M4 ResNet50 i) mAP, F,
{35 78 T G T %, a3, P HG ke 2 5 g A i 3 v B A R
PEFES SR (0 R AEHE J7 . T ResNet50 [ H b A F 4R
TERA RN A SR IX 3 2B R R i H AR b A I 25
SREAF AR X T O AR AR AR R AR N H AR R
WA e 4R v, RN AR A 5

TEIE# G2 T, i F ResNet50 [ Faster R-CNN fg
U R AE B 2 9 SRR B TR S K R AR S
e 72 5 2 VR T 22 1) (00 A L) o A 3 A T 3k R A 5 R
TE ARG 6 28 0 B 1 R A IR A L Ol T R S H AR
B ARG UORS B [ 22 A el T I 2% J2 B0 1S 2 T ok i H
FREFIEE R G, 5] A FPN #4722 RO B S I He il
YR SR AT RS 2 S 9 I Ak B0 A AN

B 2 AT, X R X 2% ok F & TR IR Al 19 2 )
JE IR S5 o A TR o i A 288 0 1 G X T AR R AR L O
O R AR R AR s 2 O R R K e RUR B
AP {HZr SR & T 18.13%.9.49%,9.21%,9.06% , % T
SE U FRCA SR 0 B AR A B T 0.69%0,0.64 %, B AL
mAPEHAR T T7.86 % FEBH T Rl & 2 R FR1E 2 3 fE 4k

F 1 BN E LA E SR &R BT B
Table 1  Comparison of different feature network models in cherry test set

H b 1 AP {8/ % WAP Y Fi g

AT 199 2% ELNE| XA AR K A o 728 I e SE4F
VGG16 87.90 85.22 66.97 51.55 84.99 91.69 78.05 0.78
MobileNet-V2 91.28 94.62 74.34 61.65 87.85 93.92 83.94 0.82
ResNet50 89.08 97.46 89.19 78.30 87.21 98.12 89.90 0.86

F 2 B & A E Bt R R Xt Bk
Table 2 Comparison of different improvement strategies on the cherry test set %
EL A5 A AP {8
mAP i

Faster R-CNN o XUAE A K A (R = SE B
FF M 4% ResNet50 89.08 97.46 89.19 78.30 87.21 98.12 89.90
ResNet50 -+ i Il 4k 94.39 96.43 96.17 80.09 91.53 98.35 92.83
FPN £ B Tt 98.29 98.10 98.25 96.43 96.70 98.81 97.76
fil & SENet 97.68 98.46 98.85 97.23 96.57 98.61 97.90
fili A SKNet 97.75 99.77 98.90 97.56 96.67 98.80 98.24
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Table 3 Comparison of different detection algorithms on cherry test set

" AP fH/ % FPS/
o 2 452 7 mAP /% .
i WA A K B ey 78 Ji 42 56 4 T+ s 1)
SSD-VGG 94.77 90.05 92.36 89.98 90.08 99.03 92.71 72.80
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