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[Abstract]

This paper presents a method for 1:1 verification by comparing the similarity between the given real product
image and the drawing image. The proposed method combines two existing CNN-based deep learning models
to construct a Siamese Network. After extracting the feature vector of the image through the FC (Fully Connected)
Layer of each network and comparing the similarity, if the real product image and the drawing image (front
view, left and right side view, top view, etc) are the same product, the similarity is set to 1 for learning
and, if it is a different product, the similarity is set to 0. The test (inference) model is a deep learning model
that queries the real product image and the drawing image in pairs to determine whether the pair is the same
product or not. In the proposed model, through a comparison of the similarity between the real product image
and the drawing image, if the similarity is greater than or equal to a threshold value (Threshold: 0.5), it
is determined that the product is the same, and if it is less than or equal to, it is determined that the product
is a different product. The proposed model showed an accuracy of about 71.8% for a query to a product
(positive: positive) with the same drawing as the real product, and an accuracy of about 83.1% for a query
to a different product (positive: negative). In the future, we plan to conduct a study to improve the matching
accuracy between the real product image and the drawing image by combining the parameter optimization

study with the proposed model and adding processes such as data purification.

» Key words: Deep Learning, CNN(Convolutional Neural Network), Drawing Image, Real Product Image,
Siamese Network, 1:1 Verification
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I. Introduction
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II. Preliminaries

1. Deep Learning-based Image Classification
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Fig. 1. CNN structure
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2. Siamese Network Model
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3. Cosine Similarity
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Fig. 3. Cosine Similarity Learning Model

4. Loss Function

(1) Binary Cross Entropy Loss
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(2) Contractive Loss
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5. Difference between CNN and Siamese Net
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III. The Proposed Method
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2. Proposed Inference Model
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3. Model Construction
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Table 1. Layer Configuration of Proposed Model
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IV. Experiment and Result
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Fig. 9. Sample of the real product image
and the drawing image

2. Organization of Training Data
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3. How to Learn
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Fig. 13. Drawing image and real product
image of other product

5. How to Test
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6. Results and Comparison of Approaches with
Existing Models

£ =2olA Aot 2o thstol ko] 45e] why
oz HAEZ A9t 25 AW EH, AlFo] =i} oj
Nl JeES SUAES 59 Mﬂffomm e LA

=2
st = 71.78%2] e

2 Uenjgln, e AEe o
AEolatn wEsts AT 83.09%2 Ueholtt &
25 Ao meo] gabw A% Asiwolnt

Table 2. Similarity accuracy of the proposed model
(TV: Threshold Value)

Metho v 0.40 | 045 | 050 | 055 | 0.60 | 0.70
Al 1 A2 76.69 | 75.46 | 71.78 | 69.35 | 66.87 | 53.99
A:B 77.57 | 80.47 | 83.09 | 85.58 | 87.82 | 92.31
Average | 7713 | 77.97 | 77.44 | 77.47 | 77.35 | 73.15
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Table 3. Classification accuracy of drawings
and real product images by CNN

Top N
Method Top 1 Top 3 Top 5
Wide-
ResNet 38.04 53.37 60.74
ConvNext- 3.68 8.59 12.89
Tiny
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V. Conclusions
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