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The Research of Shape Recognition Algorithm for Image Processing
of Cucumber Harvest Robot
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Abstract.  Pattern recognition of a cucumber were conducted to detect directly the binary images by using
thresholding method, which have the threshold level at the optimum intensity value. By restricting condi-
tions of learning pattern, output patterns could be extracted from the same and similar input patterns by the
algorithm. The algorithm of pattern recognition was developed to determine the position of the cucumber
from a real image within working condition. The algorithm, designed and developed for this project, learned
two, three or four learning pattern, and each learning pattern applied it to twenty sample patterns. The
restored success rate of output pattern to sample pattern form two, three or four learning pattern was 65.0%,
45.0%, 12.5% respectively. The more number of learning pattern had, the more number of different out pat-
tern detected when it was conversed. Detection of feature pattern of cucumber was processed by using auto
scanning with real image of 30 by 30 pixel. The computing times required to execute the processing time of
cucumber recognition took 0.5 to 1 second. Also, five real images tested, false pattern to the learning pat-
tern is found that it has an elimination rate which is range from 96 to 98%. Some output patterns was rec-

ognized as a cucumber by the algorithm with the conditions. the rate of false recognition was range from 0.1
to 4.2%.
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Fig. 1. Shape and structure of plant image from a side view.
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Fig. 2. Images of a cucumber for feature pattern detection. (a) Image for pattern detection of cucumber (b) Image for pattern
detection of cucumber (c) Image for pattern detection of cucumber (d) Image for decision of pattern.

Table 1. Specifications of a CCD camera.

Item Specifications
v NTSC standard 525Lines
60 Field/sec2: 1
CCD camera Image sensor 1/3inch interline transfer CCD

(Model: ICD-703)
Resolution
S/N ratio

Pixel elements

771(H) x 492(V)
460TV Lines
50dB(AGC OFF)
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Fig. 3. 3D image processing system.
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Fig. 5. Patterns extraction of images feature for a cucumber
from threshold value.



T -

LK

Fig. 6. Artificially learning patterns of image features.

Table 2. Parameter of detection condition by learning pat-
terns.

Q718 -

Learning Pattern H - S Condition H D
value (+900~-500) Condition
pl 92 80<H-S<110 0<H-D<50
p2 390 380<H-S<400 O0<H-D<50
p3 219 210<H-S<240 0<H-D<50
p4 -54 —-64<H-S<-44 O0<H-D<50
p5 -312 -322<H-S<-300 0<H-D<350
pé -232 -242<H-S<-222 0<H-D<30

Transfer
function

H H
- 3 D Output
v

Fig. 7. Architecture of feedforward network.
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Fig. 8. Flowchart for pattern recognition algorithm.
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Fig. 9. Recognition on real cucumber images at field (I). (a)
Real images (b) Binarization.

Fig. 10. Recognition on real cucumber images at field (II).
(a) Real images (b) Binarization.

th)
Fig. 11. Recognition on real cucumber images at field (III).
(a) Real images (b) Binarization.

(a)

Fig. 12. Recognition on real cucumber images at field (IV).
(a) Real images (b) Binarization.
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Fig. 13. Recognition on real cucumber images at field (V).
(a) Real images (b) Binarization.
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Fig. 14. Images for training input.
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Fig. 16. Recognition of feature patterns by auto scanning from real image
tical scene; (¢) Extracted image features; (d) Detected images.
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Fig. 17. Recognition of feature patterns by auto scanning from real image 2. (a) Original image; (b) Threshold image of prac-

tical scene; (¢) Extracted image features; (d) Detected images.
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Fig. 18. Recognition of feature patterns by auto scanning from real image 3. (a) Original image; (b) Threshold image of prac-
tical scene; (c) Extracted image features; (d) Detected images.

Table 3. Results of pattern recognition.

Recognition pattern False detection pattern

No Image size ~ Threshold Total detection —

: (Pixels) value numbers Detected  Recognition Number False  Removal
numbers number rate rate (%o)

1 445 % 363 170 15 x 12 (180) 4 1 3 1.6% 98.4

2 501 x 391 210 17 x 13 (221) 2 1 1 0.1% 99.9

3 300 x 421 80 10 x 14 (140) 7 1 6 4.2% 95.8

4 450 x 271 180 15 x9(135) 4 1 3 2.2% 97.8

5 297 x 421 160 10 x 14 (140) 1 - 1 0.1% 99.9
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Table 4. Results of pattern recognition on each threshold value.

ol

Recognition pattern

False detection pattern

N Image size ~ Threshold  Total detects
o (Pixels) value numbers Detected ~ Recognition Nurmber False =~ Removal
numbers number rate rate
1 445 x 363 150 15 x 12 (180) 5 i 4 2.6% 97.4%
2 501 x 391 190 17 x 13221 4 1 3 1.6% 98.4%
3 300 x 421 60 10 % 14 (140) 5 1 4 2.9% 97.1%
4 450 x 271 160 15 % 9(135) 4 1 3 2.2% 97.8%
5 297 x 421 140 10x14 (140) 0 - 0 0.0% 100.0%
Table 5. Error rates of position from recognized images. 20005 AFsI QAT A, el

Pattern coordinate

No. of Image size

images  (Pixels) Original Res?agnized Position
image image error

1 445 % 363 (196,261)  (192,255) (4,6)

2 501 =391 (171,209) (164.223) (7,14

3 300 x 421 (170,191)  (165,192) (5,1)

4 450 x 271 (211,102)  (205,103) 6,1)

5 297 x 421 - - -
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