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Residential air conditioning energy fractal analysis and short-
term prediction model optimization
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Abstract: The energy consumption of air conditioning systems in residential buildings is significantly influenced
by the diversity of user behaviors. Traditional statistical features struggle to accurately discern differences in
usage patterns under conditions of inadequate data quality, rendering short-term energy consumption prediction

models challenged in balancing accuracy and computational cost. Fractal theory, however, offers a distinct

W #5 B #1:2025-03-22

ESTIE - K o 50 8 B BF 1B B0 H (CYB240070) 5 v g & 48 JE A BL F ok 55 9% & 30 (2024CDJYXTD-003
2023CDJKYJH102) ;

TEE BN ARG (1999- ), 5, FENF N 55 KEE R TS, E-mail : chenghaofu1999@163.com
XU GRAEEE) B, #0382 , 1+ 4§, E-mail : liumeng2033@126.com

Received: 2025-03-22

Foundation items: Graduate Research and Innovation Foundation of Chongqing, China (No. CYB240070); the Fundamental
Research Funds for the Central Universities (Nos. 2024CDJYXTD-003, 2023CDJKYJH102)

Author brief: FU Chenghao (1999- ), main research interests: indoor environments and big data applications, E-mail:
chenghaoful999@163.com.

LLIU Meng (corresponding author) , professor, doctoral supervisor, E-mail: liumeng2033@126. com.



2 AR5 x B TEFROP E L) % XX &

advantage in addressing these challenges by quantifying the nonlinear and multi-scale complexity of time series
data, thereby enabling the differentiation of user behavior patterns. This study proposes a short-term energy
consumption prediction framework that integrates fractal analysis with a data-driven approach. By employing
fractal features, users are categorized into low, medium, and high complexity groups, with input data and
features optimized across sliding window size, data volume, and feature selection to mitigate noise interference,
preserve key patterns, and balance prediction accuracy with computational efficiency. Based on summer
residential air conditioning data, the study finds that sliding window size is negatively correlated with
complexity: low-complexity groups prefer longer windows, while medium- and high-complexity groups require
shorter ones. For data volume, low- and medium-complexity groups need less, whereas high-complexity groups
demand more comprehensive data. In feature selection, low- and medium-complexity groups rely on large-
fluctuation features, while high-complexity groups depend on small-fluctuation features. Validation with a 2000-
household sample demonstrates a MAPE of 9.82% and a CV-RMSE of 11.40%, achieving a 41.52% error
reduction compared to per-household prediction models while significantly saving computational time.

Keywords: residential buildings; energy consumption of air conditioning systems; fractal analysis; cluster

analysis; energy prediction; HVAC
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Table 1 Data format of the air conditioner data source file
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Table 2 Description of air conditioner data parameters
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Fig.2 Schematic diagram of multifractal spectrum and

its main features
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Table 8 Selection criteria for data volume based on

complexity classification
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across different data volumes (evaluation metrics represent
the difference between monthly results and the entire

summer results)
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Fig. 8 Energy consumption prediction evaluation metrics

across different feature combinations (evaluation metrics
represent the difference between monthly results and the

entire summer results)
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