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Object Detection Model Learning Method
Capable of Identifying Deceptive Weapon Systems
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Abstract Deep learning-based object detection models enable computers to determine the locations and
types of objects in images by learning from large amounts of input data and are used in various fields,
including industrial and military environments. General detection models output probability values but
cannot determine whether an object was designed to deceive. However, deception weapon systems
usually take similar forms and are made of wood, plastic materials, or air-filled fibrous materials. We
propose three methods of detection model learning to determine whether a deceptive weapon system
has been detected. The first method involves adding a material recognition model to the existing
detection model, the second involves performing anomaly learning separately, that is, not using the
existing detection model, and the third involves adding decoy tank images as another class while training
the object detection model. The material recognition-based and anomaly detection-based methods
showed relatively high recall rates, and the method with an additionally designated class showed high
precision. The advantages and disadvantages of these methods were compared. We believe that this
study and the application of its findings will provide direction for constructing a high-performance

detection model that can be used under battlefield conditions.
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Table 1. Dataset used in the study
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