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ABSTRACT

Autoencoders[1,2,3], which reconstruct the image at the output only to an image similar to their training
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images, have been widely used in anomaly detection networks[4]. They has the advantage of extracting abnormal
motions in the input image because it has the characteristic of regenerating the output image by limiting the
input image to data similar to the previously learned image data[4]. However, the anomaly detection method
based on an autoencoder has a disadvantage in that it cannot correctly detect a situation in which there is an
object to be judged normal at an irregular location in the input image. To address this problem, we propose an
integrated CNN with both an autoencoder and an object segmentation heads[5]. We introduce a
segmentation-based object masking technique that can exclude normal areas of the input image and reconstructed
output image. It can improve the accuracy of detecting anomalies in images where the normal objects are
positioned in an irregular location in the image. In addition, we propose an automatic labeling technique which
utilizes an autoencoder of the integrated CNN to add pseudo labels[6] to the images containing normal objects
and so effectively conducts unsupervised learning[7]. We applied the proposed integrated CNN model to a video
dataset obtained from a smart factory. Our unsupervised learning technique demonstrated a mask mAP of 96.82%
for the segmentation model when tested using hand-labeled ground-truth data. In addition, the proposed integrated
CNN model improves the overall anomaly detection accuracy by 15.90% by increasing the accuracy of detecting
normal objects under the situation where both normal and abnormal objects coexist, which the existing

autoencoder was not able to detect.
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