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Multi-Time-Scale Deep Learning Method for Commercial Building
Non-Intrusive Load Disaggregation
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Abstract: Commercial building loads account for approximately 25% of the total end-use load in urban areas, with a substantial
portion comprising flexible loads such as air conditioning systems. This endows commercial buildings with significant potential for
demand response (DR) regulation. Load disaggregation serves as a means of identifying flexible resources to facilitate the formulation
of demand response strategies within the power grid. Nevertheless, existing non-intrusive disaggregation approaches are constrained
by variations in the operating frequencies of building systems, whereby single time-scale models exhibit limited capability in
effectively capturing the asynchronous characteristics of end-use devices. To overcome these limitations, a non-intrusive load
disaggregation method based on multi-timescale deep learning is proposed in this paper. Specifically, a hybrid model integrating
convolutional neural networks and long short-term memory networks is constructed to enable the collaborative extraction of
spatiotemporal features from dynamic load data. Furthermore, a multi-timescale sampling mechanism is employed to conduct
temporal sensitivity analysis and to determine the optimal sampling interval at the edge. Experimental results using real-world
commercial building load data demonstrate that the proposed model achieves superior comprehensive performance. In particular,
when the sampling interval is increased from 30 seconds to 60 seconds, the Matthews correlation coefficient of the proposed model
improves by 7.35%.
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Fig. 6 AHU loads and status in commercial buildings
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Tab. 4 Synthetic dataset description
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Tab. 6 Results of different NILD model
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FHMM 0.49 0.54 0.49 0.11

DT 0.64 0.54 0.61 0.48

XGB 0.76 0.62 0.66 0.53
LightGBM 0.70 0.60 0.63 0.50
SENet-GA-CNN [21] 0.79 0.78 0.73 0.66
MMOoE-BiLSTM [22] 0.77 0.80 0.68 0.62
S2P [30] 0.62 0.69 0.65 0.50

SVM [31] 0.90 0.63 0.69 0.42
CNN-LSTM 0.81 0.73 0.76 0.68
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Fig. 9 Results of sub-indicators at different time

scales
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7 210 0.69 0.78 0.71 0.64
8 240 0.58 0.80 0.66 0.57
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