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Comparative Evaluation of Cloud Image Classification Models for
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Abstract

Coastal waste causes many problems with the marine ecosystem and human health, and thus accurate distribution
for rapid collection is required. In previous studies, the systems using drones and image processing techniques have
been developed for resolving the visual inspection, but they still have problems such as low recognition rate and high
cost. Therefore, to solve the aforementioned problems, this paper uses drones to collect coastal waste and conducts
the comparative evaluations between cloud image classification models for coastal waste classification. The single
object experiments and multi-object experiments have been conducted the comparative evaluation. In the experimental

results, the Custom Vision model showed the best performance in all criteria of accuracy, recall, and AP.
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Table 2. Evaluation result of single object images

Accuracy | Recall | AP

(%) (%) (%)
Plastic bag 89.6 96.3 975
Plastic bottle | 83.73 982 98.2

Cloud service Trash

Can 86.61 97 9%.4
Custom vision Woodgn 66.14 977 974

chopsticks

Paper cup 98.1 98 99.1

Average 84.83 9744 | 97.72

Plastic bag 87.7 % 9.1
Plastic bottle | 81.43 972 9.1

Can 85.21 95.7 R4
AutoML vision V\/oodeh e P 1 918

chopsticks

Paper cup 86.4 975 942

Average 81.01 U9 | 22

Plastic bag 88.7 95.2 9%.7
Plastic bottle | 81.23 98 9%.7

Can 86.31 97.1 95.7
Amazon Wood
rekognition o e.n 61.04 96.2 2.3
chopsticks
Paper cup 978 97.8 98.7
Average 83.01 96.86 | 9.7
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Table 3. Execution time with single object image

Cloud Custom AutoML Amazon
service vision vision rekognition
Time (s) 3.58 423 7.32
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Table 4. Evaluation result of multi-object images

Accuracy | Recall | AP

(%) (%) (%)
Plastic bag 81.3 942 | 836
Plastic bottle |  75.43 A1 R4

Cloud service Trash

Can 78.31 93 82.1
Custom vision Woodeh 5784 912 | 781
chopsticks
Paper cup 89.8 975 | 914
Average 76.53 A 85.52
Plastic bag 79 86 82.1
Plastic bottle |  72.23 915 | 85.1
Can 76.51 R1 | 815
AutoML vision Woodeh 5564 912 | P4
chopsticks
Paper cup 777 875 80
Average 72.31 89.66 | 80.82

Plastic bag 80.5 89 84.5
Plastic bottle | 73.03 R4 | 85

Can 82.11 935 | 805
Amazon Wooden
rekognition . 52.84 89.7 | 754
chopsticks
Paper cup 89.6 921 90.2
Average 75.61 91.34 | 8342
¥ 5. CtE A ofo|x|e| A& A7t

Table 5. Execution time with multi-objects image

) Custom AutoML Amazon

Cloud service N N o
vision vision rekognition

Time (s) 398 426 7.35
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