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ABSTRACT

The technology of car license plate location recognition using deep learning is a crucial prerequisite in
solving the car license plate recognition problem. However, due to the inherent characteristics of deep learning
models, there exists a challenge of performance degradation when making inferences in environments different
from the ones they were trained on. To address this issue, performance can be enhanced by leveraging
adversarial domain adaptation techniques. However, the experiments conducted using the DA (Domain
Adaptation) RetinaNet model, which applied adversarial domain adaptation techniques to RetinaNet, revealed no
performance improvement. This lack of improvement was attributed to the fact that the size of the car license
plate data used was smaller compared to the model size. To overcome these challenges, this study proposes a
method to enhance the performance of the car license plate location recognition problem by customizing DA

RetinaNet to match the dataset size and utilizing pre-training. Applying the proposed method resulted in up to
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a 45% improvement based on the F1 Score and up to a 91% improvement based on mAP@0.5 compared to

the performance achieved when only source domain data was used for training, and inference was conducted

in other domains.
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Fig. 1. Examples of original photos of license plates
from the three countries used in the study. From top to
bottom: Korea, Philippines, USA
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Table 4. Results of 150 epochs including pre-learning
with the proposed lightweight model (differences from
results in Table 2 in parentheses)

Source Target Fl Score | mAP@.5
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PP (+29%) (+47%)
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Table 5. Results when 150 epochs were performed by
applying Residual, including prior learning (differences from
results in Table 2 in parentheses)

Source Target Fl Score | mAP@.5
Domain Domain
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USA 0.9542 0.9782
B (+4%) (+8%)
Korea 0.3333 0.196
o (+12%) (+44%)
Philippines
US.A 0.7572 0.6179
e (+15%) (+27%)
Korea 0.2046 0.1139
USA (+0%) (+0%)
o Philinnines 0.6319 0.4889
PP +15%) (+20%)
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