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Although diagnosing anomalies in construction equipment is essential to ensure

Rec§ived 8  January 2026 operational safety, real working environments impose significant constraints in
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terms of inspection times, accessibility, and data acquisition. Thus, supervised
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learning-based diagnostic methods are impractical because collecting sufficient
data is difficult owing to operational limitations. To overcome these challenges,
Keywords: _ we propose a noncontact unsupervised anomaly detection approach that learns the
Construction equipment . .
normal operating boundary using only normal data. Thermal data are employed
Thermal fez.lture A to extract statistical features from automatically defined regions of interest, and
Anomaly diagnosis a One-Class Support Vector Machine is used to learn the boundary of the normal
Unsupervised learning condition. To evaluate the proposed framework under limited anomaly data
Hydraulic system conditions, synthetic anomalies are generated and incorporated into the evaluation
process. The results demonstrate the feasibility of the proposed approach. Thus,
our findings show that thermal statistical features combined with normal boundary
learning can be utilized to detect abnormal conditions.
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ROI 3

.ROI1

(a) Excavator hydraulic pump (b) Crane hydrauhc valve

Fig. 2 ROI selection from thermal data using local maximum

temperature
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Normal Normal

(a) Excavator hydraulic pump (b) Crane hydraulic valve

Fig. 3 Synthetic anomaly examples for two components
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Fig. 4 Example thermal images of the target components from

the excavator and crane
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Table 1 Micro average performance by equipment

Metric Excavator crane
Accuracy 0.7992 0.8374
Precision 0.7746 0.8301

Recall 0.9858 0.9507
F1 score 0.8675 0.8863
AUROC 0.7060 0.7808
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