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Abstract

Recently, image retrieval and image classification are an active problem in digital image processing.
Existing approaches typically focus on visual features extracted form an object-oriented convolutional neural
network (CNN) and then improve semantic models by using keyword annotation. This model leads to an
inadequate situation in the relation with keywords that are extracted from the images. [t does not specific
enough for representing the actual meaning. To overcome this problem, we suggest a new measure of similarity
with appropriate pairwise comparisons (SAPC). The overall system process is divided into four steps: (1) data
preprocessing; (2} image annotation; (3) similarity measure with appropriate pairwise comparisons and (8)
measure and evaluation. The experiment is compared with traditional classification methods including Support
Vector Machine Multiple Feedforward Neural Netwerk, Convelutional Neural Networks, and Regions with
Convolutional Neural Networks. The results show that our proposed approach offers significant performance

improvements in the interpretation of sermantic irnages, compared, with the higher accuracy.
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1) Data preprocessing

(2] Image Annotation

Similarity measure with
e Appropriate Pairwise
Comparisons

o Measurement and
Evaluation
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SVM MLPN CNN RCNN SAPC
Categories/Method
Prec. Recall | Prec.  Recall | Prec.  Recall | Prec. Recall Prec. Recall

office working 54.0 50.5 65.3 65.3 71.6 69.4 75.7 75.0 83.0 85.6
city 51.5 46.8 65.7 65.0 75.8 70.6 70.1 75.8 79.2 82.4
birthday party 49.5 46.7 67.0 67.0 714 69.4 70.6 72.0 77.6 78.4
couple love 48.2 52.0 65.1 67.6 65.8 70.9 71.2 733 8.4 76.0
grad. ceremony 46.7 42.2 62.1 54.0 72.5 71.8 7.4 70.7 79.1 65.5
playground 46.1 475 67.4 62.6 63.2 67.7 73.2 71.0 69.5 75.3
family time 49.0 515 66.3 67.0 65.1 65.1 753 70.2 76.9 79.5
sport game 42.7 50.0 58.1 67.3 73.3 72.5 772 76.5 76.6 78.8

Accuracy 48.37 64,49 69.67 73.05 77.48

m3ei 4 MssunAIvInEnWIERaduTusTeYTRgMY Data Set i
SYM MLPN CNN RCNN SAPC
Categories/Method
Prec. Recall Prec.  Recall | Prec.  Recall | Prec. Recall Prec. Recall

office working 542 52,7 68.4 65.0 73.5 72.0 74.7 2.4 80.8 83.2
city 538 554 68.5 63.0 70.4 69.0 70.7 70.0 81.0 810
birthday party 33.6 48.6 68.7 68.0 70.6 72.7 72.0 7E3 753 77
couple love 50.0 514 64.8 69.3 69.4 75.0 712 73.1 79.6 78.0
grad. ceremony 45.7 41.6 65.2 58.6 75.3 70.0 73.0 723 78.7 66.1
playground 42.7 40.6 63.1 65.7 74,7 70.3 712 74.0 69.1 76.0
family time 49.5 50.0 65.4 68.7 69.9 72.0 75.3 73.0 78.7 733
sport game 43.3 52.0 64.2 69.3 72.8 75.0 77.5 79.0 75.9 84.2

Accuracy 49.09 65.96 72.60 73.14 11.26
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