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Intelligent sorting equipment and system design of seafood
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Abstract: Objective: Aiming at the present situation of low effi-

ciency, low accuracy and high cost in the sorting and processing
of fishery industry in China, the intelligent sorting equipment and
system of seafood based on robot was developed. Methods: Using
the combination of intelligent robot and traditional machinery to
develop a new mechanical structure to classify seafood, an intelli-
gent recognition technology based on machine vision was used to
classify seafood (the improved novel Faster R-CNN algorithm
and an equipment system that could

was adopted for seafood) ,

automatically sort seafood intelligently, efficiently was construc-
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ted. Results: The improved novel Faster R-CNN algorithm has

high detection accuracy in seafood detection. Conclusion: The
equipment system can replace the traditional manual operation

mode and complete the intelligent sorting process of seafood.
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Figure 1  General layout of seafood intelligent sorting e-

quipment system
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Figure 2 General flow chart of seafood intelligent

sorting system
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Figure 3 Sorting robot arm shaft structure



r&M | Vol.38, No.3

B4 FKpPATEFRKN=EHE

Figure 4 3D modeling of end-effector claw

& 3% B VR TB 41 R, LB LR I YST124 =M B B
ML BB 4 K BEDIH 370 W, A 1 440 r/min, i

JEAEESK
1.3.3 HMENAKERRGE BMEDPLARZRA

Mettler Toledo ML ¥ & FF. #x KFE#t 6 kg, & /NFE &
0.04 kg, EFr4rFEAH 2 g, TAEIR VG E —10~40 C,
L3.4 YR C YWREM R 4 DA A AL, 535
P & A B AR A I R S PR AY BT (A8 5 )

2 FTHLEE PR i)™ W R TR B AR
2.1 BFEMEEEIRSE & (Faster RCNN)

FET IS 58 04 D246 I 55 R ) e AR 2 il 8 g 4]
1G5 M B A4y S S SRR T — MR T
KRE BT B M 89 35 B Faster R-CNN .7k, Faster R-
CNN B2k fie K Y R o5 02 4% 58 AE il B, proposal £ B,
bounding box regression = F Fili & T 7] — M £ 28 4y v, HL
Z55 AE TR 3 O A R

HOIEA I BT M P X Q BRIE B 45 i = M XN
I 3% & Conv layers P 4% (13 conv )2 , 134 relu )2

Ak | IR | Wk | S

A5 HHAke

Figure 5 Material storage bin

ERBE . BrREEIBRES R

4 4~ pooling J2) [& & 78 Jy (M/16) X (N /16) K/, i 15
Conv layers 4= B %) feature map 5 Jf 454 & X 5 . 5 ik
A RPN & 3% £ i) AE A= % W 4% (Region Proposal Net-
works) s RPN P 2& 4y oy W 55 £k, — &% i 1 softmax i+
anchors 345 positive fil negative 7328, — 5541 X} anchors
] bounding box regression {8 = AE H 58, FRAG4S B0 11
proposal, X % H ) positive anchors F1i# i bounding
box regression fi % & B 15 proposals %% & 1L 4 &
Proposal |2, 3 7£ & Bk AN #F & 45 14 19 proposals J5 % &
Rol Pooling JZ. Rol Pooling JZ [] B} 42 Y& i@ 33 Conv
layers JZ 1Y) feature maps i 33 RPN #i i 1) proposals
AT B &K ] T Classification JZ [i¥) proposal feature
maps.{fi fiJ full connect JZ il softmax ¥} 4% proposal 432
Can DL 8 28 55D L fi 3 A8 4 [ & cls_prob; JF 15 1 A
bounding box regression #f153 % proposal )\ B 1 #% &=
bbox_pred, fi Z 48 & H A A MIAE RS A L1 L Sk AE 2R
mE 6 .

2.2 B#tH Faster R-CNN &%

B XJ DU 28 43 25 F K 9 F) Al DenseNet 1E O 3 4% ¢ 1iE
PRI 28 Btk )57 28 . DenseNet [ 45 4% 7K H ResNet B 4%,
HA T ResNet P 45, DenseNet Y B £ AL il 5 Jy ok . He
W T 1) RS AR 3 B B — RS I 0 T A 2 AT
B AT A B LA . ResNet Y 2541
A 3 0 R ORI iy O 2K 2 S A T LA 2 AR
DenseNet K144 2 1 I 1) i A JZ #TE channel 4EfE F %
Hlesk, —BAENT B L. IF H B T DenseNet H
e e T HAW T A 2, 45 AT DT 20 P A 2 0
fiE R TSR B M R R T R,
W& HLET & 7 PR .

e g M 28 7 L 2 il

x; = H, (x;1) & (1

Resnet W28 75 L 2% H -

x, = H, (xi ) +xi0 s (2)

DenseNet

B 6 Faster R-CNN % #
Figure 6 Faster R-CNN architecture

77



78

AREEEEEEHE FOOD EQUIPMENT &. INTELLIGENT MANUFACTURING

B 7 DenseNet % 4 % 3 HL4)

Figure 7 DenseNet dense connection mechanism
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Table 1 Training and testing set for shellfish appearance

and body recognition
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accuracy testing
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Table 2 Test results of different network models
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ResNet 71.8 76.2 79.8 81.6
DenseNet 75.1 80.3 82.9 86.2
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