A Study on Active Learning for Improving Object Detection
Model in Home Care System Using Limited Amount of Data
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Abstract

In recent years, with the development of technology and medicine, the population
of the elderly keeps increasing. The problem of taking care of the elderly living alone
gradually arises. Therefore, our lab founded CarePLUS Group with the aim to develop
a smart home care system, monitoring the action of the elderly and detect whether they
are in danger using computer vision. Besides, the home care system will remind them
to take medicine and do exercise regularly. By doing so, we can accompany the elderly
living alone using the power of Al instead of labor.

In CarePLUS Group, we are responsible for preprocessing training data, and our
goal is to improve the performance of object detection model by finding out frames that
are more valuable. With a limited amount of data, we construct “Active Sample”
algorithm by Active Learning to achieve this goal. By the videos recorded by the camera
and the prediction result from the detection model, it is possible to strengthen some
parts that the model tends to misjudge.

The ultimate goal of Active Sample is to enhance the ability of our model to
distinguish humans. In this study, we observe the effect of our algorithm by building
Detectron2[11] developed by Facebook Al.

The result of our experiments reveals that sampling the frames merely with the
change of light is not sufficient. Thus, we take the area of bounding boxes into
consideration. The accuracy of revised method increases by 47% in comparison of the
baseline model. From the perspective of efficiency, the number of frames needed for
our revised algorithm is only 2.5% of the original one, which greatly reduce the cost of
data labeling.

In conclusion, we can improve our model efficiently and successfully by finding
out the frames using Active Sample. In the future, we expect that our algorithm can be

not only applied in offline use but in real time detection.
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