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TICO-AIST Cooperative Research Laboratory for Advanced Logistics (AL Laboratory) has established
in October 2016 for realization of advanced logistics solutions.
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Fig.2 Examples of Load Anomalies
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Fig.5 Construction of a Load Recognition Model
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Fig.6 Accuracy of Load Region Detection
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Fig.7 Palletized Load Anomaly Detection
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Fig.8 Precision and Recall of Load Anomaly Detection
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