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Abstract: With the ongoing climate change, building cooling energy demand is
projected to rise. At the same time, it would be further exacerbated by the urban-
induced warming, as well as the more frequent extreme heat events. Enhancing our
understanding and prediction capability of the building cooling demand can improve
urban energy security and climate resilience. However, significant challenges remain
in representing occupant-driven residential air conditioning (AC) operation, which
responds dynamically to outdoor environmental conditions yet is difficult to observe
directly. To address these, we developed a hybrid modelling framework that infers
residential AC operation and energy use from indoor-outdoor hygrothermal dynamics,
without requiring historical energy consumption or explicit occupancy data. By
integrating machine learning (XGBoost and the PELT algorithm) with physics-based
RC building energy balance model, the approach detects the AC operational status
from characteristic temperature and humidity patterns, and estimates AC power from
the cooling load. In doing so, occupant behaviour is treated as an emergent signal
embedded within environmental responses, rather than an external input requiring
direct measurement. The model was validated against the data from a residential
building in Beijing. It achieved an AC-on F1-score of 81.2%, which is the harmonic
mean of precision and recall and a balanced classification metric for the imbalanced
dataset, and a median error of 27.09% in estimated AC power. This work enables the
integration of occupant behavior into building energy modelling in data-sparse
contexts, particularly in residential buildings where AC operation is primarily human-

driven. By linking outdoor climate conditions to indoor responses and behavioural
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patterns, the proposed framework supports improved assessment of future cooling

demand and indoor overheating risks under climate change.
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1. Introduction

Buildings account for a substantial part of global energy consumption and carbon
emissions (Desai, 2022), among which, space cooling alone can constitute up to 40%
of building energy consumption, especially in hot climate regions (International
Energy Agency, 2018). While we are making improvement in the efficiency of air
conditioning system, the energy consumption from air conditioning is expected to
increase due to climate change, increased urbanisation and improved living standards
(Du and Chen 2024; Hunt et al., 2022). Moreover, global warming also intensifies the
frequency and severity of heatwaves (Intergovernmental Panel on Climate Change
(IPCC), 2023) and urban heat island (UHI) effects further elevate local temperatures
in cities (Enteria et al., 2021), both exacerbate the rising demand for building cooling.
Notably the operation of air conditioning is highly responsive to the outdoor
hygrothermal environment (Cho et al., 2023), but a key parameter driving this energy
use is occupant behavior. In residential buildings, AC switching is primarily human-
driven. Therefore, understanding occupant-driven AC operation behavior is essential
for providing realistic operation schedules in building energy models, enabling
accurate energy predictions, and supporting the decarbonization of the building sector.

Currently, the prediction of building energy use can be broadly categorized into
physics-based models and data-driven approaches. Physics-based models, such as
building energy model, apply thermodynamic principles to estimate power usage
based on system characteristics and environmental conditions (Fumo, 2014). Through
the heat balance of building zones, the cooling energy demand can be estimated
analytically (Duan et al., 2019; Wang et al., 2022) or with more complex numerical
models (Shi et al., 2019; Tonini De Araujo et al., 2022). In general, there are mainly 4
types of information that are required for these models, i.e., the thermal physical
properties of the building envelope, the appliance and HVAC systems, the outdoor
weather files, and the occupant behaviour. The first two types of information are
difficult to obtain for existing buildings, as deploying comprehensive sensor networks
for building fabric monitoring is very challenging and rarely available outside
research or high-end commercial facilities (Ruz et al., 2015). Such data is typically
only available in specific scenarios, including new constructions with documented
building codes (Anireddy, 2024). The outdoor weather files can be derived from the
weather station data (Shi et al., 2019), field measurements (Yang et al., 2025), as well
as the regional (Haddad et al., 2020) to global models (Grimmond et al., 2010). These
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datasets are primarily used to evaluate changes in building energy demand under
future climate change scenarios. Additionally, assessing urbanization impacts, such as
the urban heat island effect, requires either high-resolution urban climate models or
global/regional models coupled with urban surface parameterizations (Tang et al.,
2021). While downscaling from aggregate energy statistics to individual buildings is
possible, it often fails to capture individual user behaviour due to the heterogeneity of
occupant preferences and building characteristics.

To reduce dependency on exact physical parameters, Resistance-Capacitance
(RC) network model has been widely adopted as a grey-box approach that balance
physical interpretability with computational efficiency. In the RC framework, thermal
resistances (R) characterize heat transfer pathways while thermal capacitances (C)
capture the heat storage capacity of building elements, with network architectures
typically ranging from simple 1R1C configurations to more elaborate structures such
as 2R2C or 3R2C models (Bacher & Madsen, 2011; Reynders et al., 2014). In these
configurations, resistances are conventionally assigned to envelope conduction and
ventilation/infiltration pathways, while capacitances partition the thermal mass into
distinct nodes representing the building fabric and internal air volume. Parameters are
typically identified via constrained optimization against measured indoor temperature
trajectories (De Rosa et al., 2019). However, the occupant behaviours, including the
AC operation and occupant hours, have always been the most challenging issues in
building energy models.

On the other hand, data-driven models leverage machine learning techniques to
predict energy consumption based on historical data and environmental factors. It has
emerged as a powerful tool, particularly with the rapid development of artificial
intelligence and data analytics technologies. Different models, such as Random
Forest(RF), Support Vector Regression(SVR) (Chen et al., 2017), Gradient Boosting
Machine (GBM) (Touzani et al., 2018), Deep Convolutional Neural Network
(DCNN) (Khan et al., 2019), Long Short-Term Memory (LSTM) (Wang et al.,

2021 ), hybrid Convolutional Neural Network-LSTM (CNN-LSTM)(Kim et al.,
2023), Convolutional Residual Gated Informer(CRG-Informer)(Zou et al., 2024),
Empirical Mode Decomposition-Long Short-Term Memory -Markov(EMD-LSTM-
Markov) chain hybrid model(Huang et al., 2024), Beetle Antennae Search (BAS) -
General Regression Neural Network (GRNN) & LSTM(Gao et al., 2024), have been

used to model and predict the building energy demand in good accuracy. These



109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142

methods can capture complex patterns and relationships, even without requiring
detailed knowledge of the underlying physical processes.

Despite their predictive capabilities, these data-driven approaches fundamentally
rely on extensive historical power consumption data for model training and
calibration. Recent research has explored methods to reduce data dependencies
through physics-informed machine learning (PINNs) that embed physical constraints
to enhance generalization with limited observations (Raissi et al., 2019), or transfer
learning approaches that leverage pre-trained models from similar buildings (Lopez
Santos et al., 2023). However, these methods typically still require at least minimal
historical data for fine-tuning or validation. More relevant to the present work, several
studies have attempted to predict building energy consumption using solely
environmental parameters and physical principles without historical power data. For
instance, inverse modelling techniques have been proposed to estimate HVAC energy
use from indoor-outdoor temperature differentials, though these approaches required
detailed building envelope specifications (Darwazeh et al., 2021). Similarly, physical-
statistical hybrid approaches for AC energy estimation relying on outdoor
meteorological variables and simplified building models have been developed, yet
necessitated empirical calibration against limited field measurements (Rasheed et al.,
2020). These attempts, while reducing reliance on historical data, still depend on
detailed building physical parameters and comprehensive occupancy information.

Recognising these shortcomings, integrating occupancy and human behaviour
data into prediction models is an emerging research direction with significant
potential for improving prediction accuracy and control strategies. Incorporating
dynamic human behavior helps the system to adjust dynamically, avoid overcooling,
and informs more efficient control strategies. Recent advancements include
incorporating human behaviour patterns into building electricity load prediction
through K-Medoids clustering and Derivative Dynamic Time Warping (DDTW) with
hybrid GNN (Graph Neural Network)-LSTM model to capture the spatiotemporal
behaviour features (Dong et al., 2025). Similarly, a new Non-Intrusive Thermal Load
Monitoring (NITLM) framework was developed to forecast future sub-loads by
modelling human behaviour through occupant loads related to HVAC systems
(Kaneko et al., 2024). Other studies have utilised behavior-oriented RF models for
predicting short-term AC energy consumption in buildings (Li et al., 2023), integrated

thermal stimuli into immersive virtual environments (IVE) to reveal how energy-
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efficient renovations impact personal heater use and door opening behaviours which
in turn affect building energy performance (Feng et al., 2024), and classified split AC
users based on high and low air conditioning dependency to reveal how low-carbon
strategies such as natural ventilation, fan usage, and clothing adjustments, deduce air-
conditioning energy use (Yan et al., 2025).

To address these interconnected limitations, including the structural
identifiability constraints of standalone RC models, the fundamental data dependency
of pure machine learning approaches, and the practical barriers of occupant behaviour
monitoring, we propose a hybrid modelling framework that leverages the strengths of
both methodologies while eliminating the need for both historical power data and
detailed building fabric specifications. Rather than explicitly measuring or prescribing
occupant behaviour, the proposed approach infers AC operation indirectly from its
impact on indoor hygrothermal conditions. The use of AC changes the indoor
hygrothermal conditions by altering the heat and moisture balance of the indoor
environment (Duan et al., 2019; Li et al., 2023), creating distinct environmental
signatures that can be detected through coupled temperature and humidity
measurements. By leveraging these signatures, the model identifies AC operational
states using time-window-based analysis and subsequently estimates cooling power
through a physics-informed energy balance formulation. We employ the RC model as
a physics-based load estimator coupled with a machine learning component that
detects AC operation status via environmental signatures. This coupling mitigates the
identifiability challenges and parameter uncertainty inherent to standalone grey-box
modelling by disaggregating behaviour detection (data-driven) from load estimation
(physics-based). Unlike prior research that relies on user surveys or
predefined/empirical outdoor temperature thresholds to activate air conditioning, this
approach reframes occupant behaviour as an observable outcome embedded within
environmental dynamics, rather than an external input requiring direct measurement.
In doing so, it enables the extraction of behaviourally meaningful AC operation
patterns from environmental monitoring data. The proposed framework would be able
to capture the dynamic and context-dependent nature of occupant decisions, providing

a more realistic representation of AC usage in real-world settings.
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In this study, we aim to develop a hybrid model to predict the AC status and
estimate the AC power exclusively from coupled indoor-outdoor hygrothermal
variations. The methodology comprises three interconnected stages: 1) feature
engineering to capture hygrothermal decoupling; 2) a data-driven classification
module utilising Extreme Gradient Boosting (XGBoost) and the Pruned Exact Linear
Time (PELT) algorithm to pinpoint exact AC state transitions; and 3) a grey-box
Resistance-Capacitance (RC) model that dynamically estimates the cooling load
186 pased on the identified AC schedules. A detailed workflow of the methodology is

187 shown in Fig.1.
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Fig.1. The workflow of the methodology, including feature engineering,
development of the hybrid model consists of AC operation status prediction and

power estimation model, and the model evaluations.
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2.1. Feature Engineering and Thermal-Humidity Feature Selection

Feature selection was conducted to identify the most relevant predictors of air
conditioning (AC) state transitions for the XGBoost model. We focused on selecting
temperature and humidity-related features that are most influential in predicting AC
state changes. The target variable for this analysis was the maximum AC activation
state, defined as a binary indicator (0/1) of whether the air conditioning was turned on
at any point during a given time window. The input features included indoor and
outdoor absolute values, indoor-outdoor differentials, temporal change rates, and
rolling variances. To further validate the selected features, here, we use the indoor and
outdoor temperature and humidity trends over three consecutive days (August 21-23,
2021, data source is given in section 2.4) as the example to show the differences in
temperature and humidity variations between different AC statuses (Figure 2). The
outdoor variations for the three days are very similar, while the indoor variations are
distinctive between AC on and off days. Moreover, for days without AC operation,
the indoor outdoor hygrothermal variations are coupled, as they showed similar
temporal variations. However, a decoupling of indoor-outdoor appeared when AC

started to operate.
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Fig. 2. Indoor and outdoor temperature and humidity variations for 15:00-24:00
in three consecutive dates from 21 to 23 August 2021. The outdoor temperature (b)
and humidity (d) variations are similar between three different days; however indoor

temperature (a) and humidity (c) showed distinct variations for the day with AC on.
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To provide a more detailed analysis, we calculated specific metrics for
temperature (T) and relative humidity (RH) during both AC-on and AC-off periods.
These metrics include the average change rate and the total change over the period
from 17:00 to 21:00 each day.

These observations underscore the significance of temperature and humidity
variations as critical indicators for predicting AC state transitions. Specifically, the
differential between indoor and outdoor temperatures serves as a robust predictor of
AC usage, as it directly correlates with the cooling demand required to maintain
thermal comfort. Additionally, abrupt fluctuations in indoor temperature and humidity
are frequently linked to AC activation, after which the system operation can regulate
and stabilise indoor hygrothermal conditions within a comfortable range, making it
possible to locate the transition time of AC. In the examined case, AC activation was
accompanied by marked changes in indoor temperature and humidity relative to the

outdoor trajectories (Table 1).
Table 1: Comparison of the selected temperature and humidity metrics between AC-
On (2021-08-22, shaded) and AC-Off (2021-08-21and 2021-08-23) periods.

Date T Change RH Change T Avg Change Rate RH Avg Change
(°C) (%) (°C/h) Rate (%/h)
2021-08-21 -0.26 8.93 -0.07 2.23
2021-08-22 -1.48 -34.52 -0.37 -8.63
2021-08-23 -0.34 6.68 -0.08 1.57

2.2 AC Operation Status Prediction Model

To identify the AC status, a suitable machine learning approach is needed for its
capability to distinguish the difference in the indoor-outdoor hygrothermal variations
between the AC on and AC off periods. There are three steps to achieve this.

First, the Extreme Gradient Boosting (XGBoost) model (Appendix A3.1) was
employed to predict the AC's on/off state for a certain time window. XGBoost is a
scalable implementation of gradient boosting, designed for high performance and
accuracy in predictive modelling tasks (Chen & Guestrin, 2016). The optimal time
window would be identified from the highest accuracy among the model's
performance in different time windows.

Then, based on the optimal time window identified by XGBoost, we used
Random Forest to calculate feature importance scores. These scores were then used to
weight the feature values at each time point within the window, enabling the model to

better detect AC on/off transitions.
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Finally, the PELT algorithm (Appendix A3.2) was used to detect the exact AC
on/off transition times. Within the selected time window, the Pelt algorithm scans the
hour-level weighted feature sequence and detects all switch points of the AC, thereby
locating the exact start and end times of each operating interval. The regularization
parameter A (Equation A3.9) balances detection sensitivity and false alarms. The
rationale for using the PELT algorithm is its efficiency and accuracy in detecting
change points in time series data. It allows us to pinpoint the exact moments when the
AC is turned on or off, which is crucial for understanding the detailed operational
patterns of the AC system.

The features were formulated at two temporal levels. For the XGBoost stage,
indoor and outdoor temperature and relative humidity were aggregated within each
candidate window; indoor—outdoor differentials, temporal change metrics, and within-
window variances were then calculated to characterise the persistence of
hygrothermal coupling or decoupling. For the PELT stage, the corresponding
variables were evaluated at hourly resolution, with 8-hour rolling variances and one-
step temporal changes. The exact formulations and units are summarised in Table Al.
It should be noted that the time window segmentation is employed solely for coarse-
grained classification and thermal parameter estimation, not for determining transition
timing. The PELT algorithm independently detects both off-to-on and on-to-off
transitions by monitoring feature value changepoints. For readers interested in the
detailed mathematical formulations and objective functions of the XGBoost and
PELT algorithms employed in this study, comprehensive theoretical descriptions are
provided in Appendix A3.

2.3 AC Power Estimation Model

Once the operational schedules are extracted, a physics-based RC model
calculates the corresponding power consumption.

2.3.1 Heat Balance Equations for Room Thermal Parameters

To estimate the power consumption of the air conditioning (AC) system, we
established a heat balance model for the room, considering both AC-on and AC-off
states. The room thermal dynamics are governed by the heat balance equation. By
ignoring the radiation heat and simplifying all the other internal heat gain except AC
as Qjn, changes in the indoor temperature T;, can be expressed as the following
first-order RC model (Song et al., 2022), as shown in Eq. (1):

c dlin _ Toue —T;

dt = R m+Qin_Pac'COP (1)

10
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where C is the effective thermal capacitance of the room (J/°C), R is the effective
thermal resistance of the room envelope (°C/W), Q,,, represents a bulk internal heat
gain term (W), P, is the electrical power consumption of the AC system (W), COP
is the coefficient of performance of the AC system, defined as the ratio of cooling
capacity to electrical power consumption. T,,; is the outdoor temperature (°C). The
term COP x P,. represents the total cooling capacity provided by the AC system,
which is subtracted as it removes heat from the indoor environment.

In discrete form, this becomes as Eq. (2):
A <Tout(t) B Tin(t)

t
Tin(t+1) = Ty (0) + a R

+ Qin — Pac- COP) (2)

where At is the time step (s). Using the estimated thermal parameters (C, R,
Q;y,) obtained during AC-off periods, the AC power consumption during operation is

calculated through the heat balance equation as illustrated in Eq. (3):
Tout(t) - Tin(t) Tin(t + 1) - Tin(t) 1
Pac(t) = < R -C At +Qin Xm (3)

We acknowledge that the above heat balance formulation considers only sensible

heat transfer, omitting latent heat exchange associated with humidity removal. While
humidity dynamics are critical triggers for AC activation (as demonstrated in Section
3.2 where humidity variance showed the highest feature importance), the current RC
model simplifies the thermal balance to estimate power magnitude.
2.3.2. Segmented Thermal Parameter Estimation

The parameter estimation was performed during AC-off periods (P, = 0) using
the heat balance equation Eq. (1). The estimation procedure involved the following

steps:

P 1) Temporal Segmentation: Each 24 hours is divided into time segments based
on the identified optimal time windows, which are determined by considering the
temperature fluctuations between day and night and occupants’ behavioural patterns.

2) Robust Windowed Regression: For each segment k, parameters 6, =

(Ck, Ry, Qink) were estimated by solving Eq. (4):

Ng—1 2
~ At [Ty Q) — Ty (i
6 = argmin z TEP (i +1) — (Tin(i) + ?< our (1) = D) | Qin>>] (4)
6 .
i=1
Outliers were filtered via the inter-quartile criterion:
opid = {0 € [0, — 1.5 X IQR, Q5 + 1.5 x IQR]} (5)

where 9151' ) means the parameter estimates (including C, R, Q;,) of the j sliding

window in the kth time period. Q, is the lower quartile of the parameter estimates,

Qs is the upper quartile of the parameter estimates, and is the IQR interquartile range
11
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Q3 - Qq, 1.5 is the standard multiplier for IQR. In this study, the AC power curve fit
function was employed with physically plausible bounds: C € [10°,107],R €
[0,0.1], Q;» € [0,1000].

It should be noted that COP varies with different AC systems, the outdoor
temperature and load rate (Ye et al., 2025). As information about COP is not available
in the dataset, considering that Beijing residential buildings have suggested an
average in-situ COP of approximately 2.5 (Zhou et al., 2017) and omitting the latent
heat load (dehumidification) in the prediction mode, a fixed value of 2.0 was adopted
for the baseline evaluation in section 3. Moreover, a sensitivity study of COP was
conducted by using the range [1.0, 5.0] with a step size of 0.5 to calculate the median
relative error (MRE) of power estimation for each time segment (Appendix A6).

3) Parameter Aggregation: Final estimates were derived as the median of valid

solutions:
0, = median(9p*?) (6)

These median values serve as the definitive thermal parameters for each time
period, and are subsequently used in the complete heat balance equation (Eq. (3)) to
calculate AC power consumption during operational periods.
2.4. Model Training and Evaluation

The dataset for model training and evaluation is sourced from the public CN-
OBEE dataset (Wang et al., 2024), which includes indoor and outdoor temperature,
humidity, and AC power data from a study room with a split AC in a Beijing
residential apartment. While the full dataset spans May 2021 to May 2022, the July-
August 2021 subset used here captures the peak summer period. July and August
represent the peak summer season in Beijing when AC operation is most frequent
within the annual cycle, offering the highest density of behavioral observations for
robust training. Importantly, the fundamental physical laws governing indoor-outdoor
hygrothermal coupling and the physiological drivers of occupant thermal comfort do
not change significantly over few years’ timeframe, ensuring the dataset remains
representative for the purpose of methodological validation. The original dataset
contains minute-level indoor measurements and hourly outdoor meteorological data.
For consistency, the indoor data was resampled to hourly intervals, with continuous
variables (e.g., temperature, humidity) aggregated by mean values and discrete
variables (e.g., AC state) by maximum values. The original records showed that
missing indoor and outdoor temperature and humidity observations occurred only
outside the selected July—August analysis period. The hygrothermal variables used as
predictors were therefore complete throughout the selected period after hourly

aggregation, and no interpolation was required for these variables. Data unavailability
12
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was confined to the AC-operation-status record from 20:00 on 4 July to 08:00 on 8
July 2021, comprising 85 consecutive hourly observations (5.71% of the 1,488-hour
period). Following the preprocessing convention used in the original analysis, these
records were coded as AC-off (0). No hourly observations were removed. The final
dataset thus comprised 1,488 hourly observations, including 87 AC-on observations
(5.85%). Although the hygrothermal feature construction was unaffected, this
treatment introduces potential uncertainty into the binary target labels during the
unavailable interval.

Because AC-on observations constituted only 5.85% of the hourly dataset,
overall accuracy alone could overstate model performance. We therefore report
precision, recall, and F1-score together with accuracy. Precision reflects the model's
exactness, mitigating false alarms. Conversely, Recall indicates the model's
completeness, mitigating missed detections. The F1-score provides the harmonic
mean of Precision and Recall, serving as the most rigorous and balanced metric for
this highly imbalanced scenario. Details of the metrics for each model are listed in

Appendix A4.

3. Results

3.1. Optimal Time Window for AC Status Prediction

The XGBoost model was employed to predict the operational status of the air
conditioning system. As shown in Fig. 3, AC usage exhibits a distinct bimodal diurnal
pattern with significant variation across different periods. The highest usage
concentrations occur during late evening and night hours (21:00-01:00), with AC
usage ratio larger than 0.15, reflecting residents' preference for thermal comfort
during pre-sleep and initial sleep periods. Usage then drops sharply during the early
morning transition (01:00-02:00), and early morning hours (02:00-08:00) exhibit
minimal to zero usage, indicating near-complete AC shutdown during these hours.

Daytime hours present a typical pattern that core working hours (09:00-15:00)
show minimal usage which aligns with reduced occupancy. However, usage begins
recovering in the late afternoon (16:00-19:00), reaching 0.05 usage ratio as residents
return, before surging dramatically after 20:00. This creates a clear transition from
daytime shutdown to evening activation.

The time window approach serves as the coarse-grained classification layer in our

hybrid framework. Unlike hourly point-in-time prediction, we aggregate consecutive
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hourly observations into sliding windows (e.g., 8-hour windows) to capture the
temporal persistence of AC operation and its thermal effects. This window-based
classification determines whether the AC was activated at any point within the period.
Subsequently, the PELT algorithm performs fine-grained change-point detection within
each identified window to locate the exact transition times. This two-tier architecture
ensures that the XGBoost model captures these distinct diurnal phases through window-
level features, while the PELT algorithm resolves precise operational boundaries.

The 24-hour diurnal cycle was segmented using different time windows (2, 3, 4,
6, 8, 12, and 24 hours). The dataset was split into training and testing sets with an 80%-
20% ratio using stratified sampling. Time window selection was performed using 5-
fold cross-validation exclusively on the training set, with the optimal configuration
selected based on the highest mean validation Fl-score. All performance metrics
reported in Table 2 represent the independent test set evaluation only. The XGBoost
model demonstrated peak performance with the 8-hour time window, achieving an
accuracy of 0.986, precision of 0.986, recall of 0.833, and an F1-score of 0.909 on the
test set. Shorter time windows (2-6 hours) were susceptible to noise from transient
environmental fluctuations, particularly during the volatile evening transition period
(19:00-21:00) where usage escalates rapidly, while longer windows (12-24 hours)
oversimplified usage patterns by conflating the distinct nighttime peak (21:00-01:00)
with the early morning shutdown (02:00-08:00). The 8-hour window effectively
captures distinct building occupancy phases including the evening AC preparation
(19:00-21:00 surge), sustained nighttime operation (21:00-01:00 high-usage plateau),
and the daytime shutdown period. This window size optimally balances behavioural
rhythm capture with thermal inertia effects, providing reliable coarse-grained state
identification that enables subsequent fine-grained transition detection within each

window.
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Fig.3. Hourly statistics of air conditioner usage ratio (operation hours/total

hours), the significant diurnal pattern of AC operation suggests the need for a time

window to differentiate the variations of human activities.

Table 2: XGBoost performance metrics for prediction across different time windows

Time window Accuracy Precision Recall F1 Score
2 0.959 0.789 0.652 0.714
3 0.974 0.867 0.812 0.839
4 0.952 0.909 0.625 0.741
6 0.969 0.857 0.750 0.800
8 0.986 0.986 0.833 0.909
12 0.939 0.857 0.750 0.800
24 0.880 0.833 0.714 0.769

3.2. Feature Importance Analysis

We further conducted Random Forest-based feature importance analysis to

evaluate the predictive influence of humidity and temperature dynamics in relation to

AC activation ('on' state) on 8-hour sliding windows. The results revealed that indoor

humidity variance is the most influential predictor, with the importance score greater

than 0.3, followed by temperature variance and humidity change rate, both around

0.13 (Fig. 4). The importance scores of other factors were all below 0.1. These

findings highlight the high sensitivity of humidity dynamics along the transition of
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AC status, suggesting that humidity-related dynamics provide strong discriminatory

information for distinguishing AC operational states.
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Fig.4. The important score for different temperature (red) and humidity (blue)

parameters that were calculated based on the Random Forest model using an 8-hour

time window

3.3. Detecting the transition of AC status based on the PELT algorithm

3.3.1 Feature Distribution for State Transition Detection

Once the AC operational status within each time window was determined, the

PELT algorithm was applied to detect change points indicating transitions between

AC-on and AC-off states. Figure 5 shows the distributions of the weighted feature

Z(t) (where Z(t) denotes the aggregated hygrothermal signature at time t, computed

as the weighted sum of indoor-outdoor temperature and humidity features; see

Appendix A2 for detailed formulation) and its hourly change rate AZ/At, stratified by
AC status. In Fig. 5(a), AC-off periods exhibit a median Z(t) of 3.2, while AC-on

periods show a significantly lower median of 1.3, reflecting a 60% downward shift.

The near absence of IQR (interquartile range, defined as the range between the 25th

and 75th percentiles) overlap indicates strong class separability. In Fig. 5(b), the

change rate AZ/At is markedly more negative during AC-on (median =—63.5) than

during AC-off (median = —3.4), confirming that indoor conditions stabilise more

rapidly under active cooling. These contrasting distributions enhance the detectability
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of state transitions and support the PELT algorithm in accurately identifying change

points within each time window.
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Fig.5. Comparison of the PELT algorithm feature value distributions between

AC-On and AC-Off status

3.3.2 Penalty Parameter Selection

The PELT algorithm, implemented with a Radial Basis Function (RBF) kernel,
requires careful selection of the penalty parameter (pen (1)) that governs the
sensitivity of change-point detection. According to the PELT algorithm's
mathematical formulation, larger pen values inherently produce fewer detected
change points by imposing stronger constraints on segment partitioning.

Given the extreme class imbalance in the dataset where AC-off observations
exceed 94%, we adopted a segment-based detection framework to address this
asymmetry and ensure reliable detection of rare AC-on events. Rather than classifying
individual time steps, we first used the PELT algorithm to partition the weighted
feature time series into homogeneous segments (representing distinct operational
periods) for varying penalty parameters (A= 0.5-10). Statistical features (mean,
standard deviation, and maximum) were extracted from each segment to characterize
intra-segment thermal stability, and a RF classifier with class-weight balancing to

offset the 94:6 distribution assigned an AC state to each segment. Stratified 5-fold
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cross-validation ensured that both AC-on and AC-off segments were represented in
performance evaluation, preventing inflated accuracy from the majority class.

Figure 6 illustrates the sensitivity of detection performance to the penalty
parameter. To dispel any ambiguity regarding the model's true capability, we present
all applicable metrics—Precision, Recall, and the F1-score (Appendix A4). At low A
values (<1.5), excessive segmentation produces numerous short fragments, yielding
high Precision (~0.85) for AC-On states but compromised Recall (~0.65) due to false
positives during stable AC-Off periods. Conversely, high A values (>5) cause over-
merging of segments, achieving high Precision for the majority class but drastically
compromising Recall for AC-On events (dropping below 0.5), thereby missing critical
state transitions essential for energy estimation. The optimal penalty parameter (A =
2.0) was selected based on the maximal F1-score of 0.81 for AC-On detection,

achieving a balanced Precision of 0.87 and Recall of 0.77 (Fig. 6).
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Fig.6. Changes in the precision, recall, F1-score, and accuracy for different

penalty parameter values (1), with the optimal point appearing around pen=2.

3.3.3. AC State Transition Detection Results

Figure 7 shows the detected AC state transitions using the PELT algorithm with
the optimal penalty parameter (A = 2.0) identified in Section 3.3.2, at a 1-hour time
resolution. Comparing the predicted and actual AC states, the hybrid model
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487
488

demonstrated an overall accuracy of 97.1% (where accuracy represents the global
proportion of correctly classified hourly samples across both states combined,

489 calculated as (TP+TN)/Total; see detailed metric definitions in Appendix A4), with
490

491
492

detailed per-class performance metrics presented in Table 3.
The dataset exhibits significant class imbalance typical of residential summer
cooling operations: out of 1,488 hourly samples, AC was active in only 87 instances

493 (5.85%), while inactive periods dominated with 1,401 samples (94.15%). Table 3
494

495

reveals the performance asymmetry between states: the majority 'Off' class achieves
near-perfect state-specific accuracy (equivalent to Recall = 98%) and high precision
496 (97%), while the minority 'On' class achieves high precision (87%) and recall (77%),

4917 yielding an F1-score of 0.81. The overall accuracy of 97.1% is predominantly driven

498 by correct classification of the abundant 'Off' hours, but the model successfully
499 captures 77% of actual operating hours (Recall = 77%) with high reliability (Precision
200 = g7%).
501 Table 3: Classification performance of the PELT algorithm for AC state detection
502 (penalty parameter A = 2.0)
State Precision Recall F1 Score
AC Off 0.969 0.987 0.972
AC On 0.867 0.769 0.812
Total 0.923 0.872 0.898
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504 Fig.7. Comparison of the number of AC operations for different hours of the day
505 between the detected AC status through the PELT algorithm with the monitored
506

actual AC running data.
19



507
508
509
510
511
512
513
514
515
516
ol7
518
519
520
521
522
023
524
925
526
027
528
529
530
531
932
533
534
535
536

According to Fig. 7, the model exhibits higher accuracy (recall) during evening
hours (approximately 19:00-23:00) when AC activation events concentrate and
indoor-outdoor hygrothermal decoupling is most pronounced. During these periods,
sharp WF (weighted feature) declines create distinct change points that the PELT
algorithm detects with high reliability, corresponding to the successfully captured
77% of 'On' events (Table 3). Conversely, accuracy deteriorates during early morning
hours (approximately 02:00—07:00) when outdoor temperatures decrease and AC
units transition to 'Off'. Early-morning discrepancies were dominated by delayed
detection of AC shut-off. The model occasionally retained the predicted AC-on state
after the monitored system had switched off, producing false-positive AC-on hours.
This behaviour is consistent with gradual post-cooling thermal recovery and may also
reflect sleep-related routines that are less tightly coupled to instantaneous thermal
conditions.

This performance asymmetry stems from the interplay between dataset
imbalance and distinct physical transition dynamics captured by the weighted feature
(WF). As detailed in Appendix A2, WF represents the aggregated indoor-outdoor
hygrothermal signature computed via Random Forest importance weighting. Table 4
quantifies these physical characteristics: AC activation (0—1) was associated with a
negative mean WF step change (A =—1.351), whereas deactivation was associated
with a positive mean step change (A = +1.895). The average maximum WF within the
transition window was higher for deactivation (6.235) than for activation (4.448). This
peak metric describes the magnitude of the feature excursion and is not interpreted as
a measure of temporal sharpness or transition duration. This gradual thermal
convergence generates feature overlap with transient environmental fluctuations and
contributes to classification errors during ambiguous transition periods. The complete
hourly record set, comprising 1,488 time points from July to August 2021 along with
corresponding WF values and detected change points, is provided in Appendix A5
(Fig. A5.1) for detailed verification.

Table 4: Physical quantification of AC state transition characteristics based on

weighted feature (WF) dynamics

Transition Type Avg WF Typical WF Average maximum WF
Change (A) Level (On/Off)

Turn ON (0—1) —-1.351 2.038 4.448
Turn OFF (1—0) +1.895 3.933 6.235
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Note: WF represents the aggregated indoor-outdoor hygrothermal signature
(Appendix A4.3). Avg WF Change (A) denotes the step change in WF at the
transition instant, indicating the abruptness of environmental shift; negative values
reflect indoor stabilization upon AC activation, while positive values reflect gradual
equilibration with outdoor conditions upon deactivation. Typical WF Level represents
the mean WF value during the post-transition state, characterizing the typical indoor
environmental signature of that operational mode. For each detected transition
event, the maximum WF value is identified within the transition window centred on
that event. Average maximum WF denotes the arithmetic mean of these event-level
maxima across all detected transitions of the same type (0—1 or 1—0). It describes

the typical magnitude of the feature excursion during state switching.

3.4. Estimation of AC power based on RC model
3.4.1 Fitted thermal parameters of the RC model
After detecting the AC operation periods, we separated the data series into AC-

on and AC-off status. The data from the AC-off period were used to get the thermal
parameters of the RC model through segmented thermal parameter estimation. To
reflect the diurnal variations of occupant activities and outdoor-indoor heat exchange,
the data were separated into different time segments, and the fitted results of the room
thermal parameters are shown in Table 5.

Table 5: Fitting Results of the thermal parameters of the RC model using the actual

indoor-outdoor temperature data during AC off period

Time period  Sliding window count  C(J/°C) R(°C/W) Qi (W)
[0,8) 959 6.03e+06 0.033 498.75
[8,16) 965 6.97e+06 0.056 161.38
[16,24) 917 6.86e+06 0.065 259.37

Thermal parameter estimation yielded plausible values for most time segments.
Specifically, the thermal capacitance (C) exhibited relatively small fluctuations across
different time periods, ranging from approximately 6.03 X 10° J/° C to 6.97 X 10°
J/°C, with a median thermal capacitance (C) of around 6.65x10¢ J/°C for the daytime
hours. On the contrary, the thermal resistance (R) and internal heat source Q;;,

demonstrated more pronounced diurnal variations. The thermal resistance R ranges
from 0.033°C/W to 0.065°C/W, and Q;,, ranges from 161.38W to 498.75W. Notably,
the evening segment [16,24) exhibited the highest fitted effective resistance
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(R=0.065°C/W), whereas the early-morning segment [0,8) exhibited the lowest
effective resistance (R=0.033°C/W) and the highest Q;,. The fitted C and R values
are broadly consistent with order-of-magnitude estimates derived from building code-
based thermal properties (Yang et al., 2021). Here, an approximate envelope area (on
the order of 60—100 m?) was assumed to provide a rough scaling reference, rather than
an exact geometric representation of the space. Because detailed architectural
blueprints were unavailable in this dataset, this simplification is used solely to verify
that the estimated parameters fall within physically reasonable ranges.

The relatively stable C values suggest consistent lumped thermal storage
characteristics of the room environment. However, the observed variability in R and
Q;y, should be interpreted with caution. The fluctuations in R during the daytime may
reflect changes in air exchange rates due to occupant behaviour, such as window
operation. However, the parameter values from midnight to early morning exhibit
physically counterintuitive results, notably the highest Q;,, occurring when actual
solar and appliance gains should be at their lowest. Rather than reflecting true
physical heat gains, these values are mathematical artifacts inherent to 1st-order
(1R1C) models. As the model does not explicitly account for thermal lag, this delayed
heat transfer is partially absorbed into the Q;,, term, leading to elevated estimates.
Similarly, variations in R may reflect changes in effective heat transfer pathways,
including ventilation and window opening behaviour, as well as compensation for

unmodelled dynamics.

Overall, while C retains clear physical interpretability, the parameters R and Q;;,
should be interpreted as effective quantities that enable the model to reproduce
observed indoor temperature dynamics under simplified assumptions. The individual
parameters for the early morning window reflect structural compensations for
unmodeled thermal mass rather than absolute physical metrics. Their temporal
variation is therefore expected and reflects the influence of transient processes not

explicitly represented in the model.

3.4.2 AC Power Estimation Results

After determining the three key thermal parameters in the RC model, the heat
equations can be used to estimate the air conditioning (AC) power consumption.
Figure 8 presents the comparison between the calculated power and the actual power

for the identified AC-on periods at the COP of 2. The scatter plot of prediction errors
22
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under the optimal conditions is presented in Appendix A6. Note that 4.2% of power
estimates were below 0 (not shown in the Figure), primarily during abrupt outdoor
temperature drops, which results in the negative results from the calculation of

Equation (3). These values were excluded from the error analysis.

Following this, the model achieved a median relative error (MRE) of 27.09%,
with RMSE and MAE values of 205.85 W and 130.75 W, respectively. While the
wide visual spread of the scatter plot might initially suggest higher variance, the
relatively low MRE of 27.09% is driven by the high density of overlapping points
clustered in the upper right quadrant. This dense "blob" represents stable AC
operation and reflects the natural physical asymmetry of the dataset: AC units spend a
small fraction of their time in transient phases (starting up or shutting down) and the
vast majority of their active cycles running in a continuous, steady state near nominal
load. Most predictions fall within a £30% error range of the perfect prediction line.
However, the scatter plot reveals a noticeable concentration of data points in the
higher power range (approximately 500-700 W), corresponding to periods of stable
AC operation. This clustering indicates that the dataset is dominated by steady-state
cooling conditions, which contributes to the relatively low aggregate MRE, as errors
at higher power levels have a smaller relative impact. Conversely, the scattered points
outside the error band are dominated by transient phases. Specifically, a significant
underestimation of power is observed during AC startup; the actual power draw is
immediately high, but the model estimation remains low because the initial change in
indoor temperature is delayed by the building's thermal mass. This leads to systematic

underestimation of power during startup events.

Overall, the model demonstrates reasonable capability in estimating the
magnitude of AC power consumption, particularly under quasi-steady operating
conditions. Although the monitored appliance is documented as a split AC, the
available metadata do not identify whether it was fixed-speed or variable-speed.
Hourly intermediate power values may therefore represent within-hour cycling,
continuous load modulation, or a combination of operational and aggregation effects.
The present simplified on/off and fixed-COP formulation does not distinguish among
these mechanisms. Future improvements may be achieved by increasing the temporal

resolution of the data to better capture transient dynamics, and by incorporating the

23



632
633

634

635
636
637

638
639

640
641
642
643
644
645
646
647
648
649

higher order RC model and additional factors such as AC type, and humidity effects

to further reduce errors during non-steady-state periods.
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Fig.8. Scatter plot of relative error between estimated and actual power. Dots are
divided into three types to differentiate the hours when the AC start up, runs stably,
and shuts down(COP=2).

4. Discussion
4.1 Inferring Behavioural Dynamics from Hygrothermal Coupling

Occupant behaviours, such as the settings and operation patterns of air
conditioning (AC) systems, remain among the most challenging variables to
accurately represent in building energy modelling. In this study, we introduced a
hybrid modelling approach that integrates machine learning with energy balance
model to identify AC operational status based on indoor-outdoor hygrothermal
coupling, without relying on prior energy consumption data. The XGBoost model
achieved 98.6% accuracy in classifying AC on/off states using an 8-hour time
window, a duration that aligns well with typical occupant daily schedules and
captures prolonged AC operation cycles. Furthermore, the PELT algorithm detected

AC state transitions with an F1-score of 81.2% at a 1-hour resolution, proving
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sufficiently reliable for energy management applications despite minor delays under
rapid environmental changes.

Outdoor temperature variations, such as HDD and CDD, can effectively predict
the space cooling and heating demand, even at a large scale (Staffell et al., 2023).
However, traditional building energy models typically translate these macro-
indicators into simulations using static, deterministic occupancy schedules, such as a
fixed thermostat and uniform daily patterns of cooling systems. This conventional
approach fundamentally ignores the stochastic, highly individualised nature of
occupant behaviour and real-time thermal comfort interventions. A key novelty and
strength of our approach is the ability to bypass these static assumptions by utilising
real-time indoor-outdoor hygrothermal data to infer actual, behaviour-driven AC
usage as it happens. Furthermore, this insight underscores the critical need to integrate
humidity-driven behavioural patterns into predictive models, moving beyond the
traditional focus on dry-bulb temperature control alone.

The high importance of humidity variance should not be interpreted as evidence
that humidity variance is the dominant causal determinant of steady-state thermal
comfort. Standards such as ASHRAE 55 assign a more limited role to humidity within
commonly encountered comfort conditions. The present target, however, is dynamic
AC operation rather than a steady-state comfort vote. Humidity variance may be
discriminative because it combines two processes: changing moisture conditions may
contribute to perceived discomfort, while AC operation itself modifies and often
suppresses indoor humidity variability through dehumidification and air recirculation.
Feature importance therefore reflects the usefulness of humidity variance for
distinguishing operational states, rather than a direct ranking of the physiological
determinants of comfort.

Human thermal comfort is a coupled, subjective phenomenon; elevated humidity
significantly alters the perceived temperature. In real-world settings, AC usage is not
governed by temperature alone but by perceived thermal comfort, which is strongly
influenced by humidity. By incorporating hygrothermal coupling, the proposed
framework captures not only the physical state of the indoor environment but also the
implicit behavioural triggers that lead occupants to activate or deactivate AC systems.
This perspective reframes building energy modelling from a purely physics-driven
problem to a coupled human—environment system, in which occupant actions can be

indirectly observed through their impact on indoor environmental conditions. As a
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result, the model provides a more behaviourally realistic representation of AC
operation, enabling the identification of usage patterns that would otherwise remain

hidden in traditional temperature-based or schedule-driven approaches.
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4.2 Physical Interpretations of the Effective RC Parameters

Although the model adopts a discrete-time formulation rather than assuming
strict steady-state conditions, its simplified first-order RC structure (IR1C) does not
explicitly account for thermal lag effects. Previous studies have demonstrated that
structural simplifications of low-order RC configurations introduce significant
challenges in real-world applications, such as the influence of unmodelled dynamics
(e.g., occupancy patterns, equipment heat gains) (De Rosa et al., 2019), and biased
parameter estimates (Chen et al., 2026), which highlight the fundamental challenge of
applying RC models in scenarios where detailed boundary condition data and building
fabric specifications are unavailable. Such limitation is particularly evident during the
early morning period, when indoor temperatures remain elevated relative to outdoor
conditions due to delayed heat release from the building envelope. As a result, the
estimated thermal resistance R and internal heat gain Q;,, exhibit reduced physical
interpretability in this time window, effectively acting as lumped parameters that
compensate for unmodeled dynamics such as heat storage, solar gains, and time-
varying internal loads. This mathematical compensation under slow-decaying
temperatures highlights a fundamental challenge of applying simplified RC models in
scenarios where detailed boundary condition data are unavailable.
4.3 Thermodynamic Assumptions and the In-situ COP

A critical thermodynamic assumption in our power estimation is the adoption of a
fixed coefficient of performance (COP) of 2.0. While modern split AC systems
typically exhibit a rated COP between 3.0 and 4.0 under standard laboratory
conditions, field studies in Beijing residential buildings indicate that the actual
operational COP (in-situ COP) drops to approximately 2.5 due to frequent part-load
operations, on-off cycling, and equipment degradation (Zhou et al., 2017).
Furthermore, our simplified 1R1C formulation exclusively accounts for sensible heat
transfer, omitting the latent heat load (dehumidification) which typically constitutes
20 - 30% of the cooling capacity during Beijing's humid summers. Consequently, the
sensible portion of the COP naturally falls around 1.75 to 2.0. COP = 2.0 was retained
as a physically informed baseline equivalent sensible COP for the main analysis and
serves as a practical scaling factor for the simplified sensible energy balance.

The sensitivity analysis produced a dataset-specific MAE minimum at an
equivalent COP of 1.45 (Appendix A6). This empirical value may partly compensate

for omitted latent cooling, transient thermal lag, hourly temporal aggregation, and
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parameter lumping in the simplified model. It is therefore reported as a sensitivity
result rather than adopted as the baseline physical COP. The difference between the
two values illustrates the uncertainty involved in interpreting a single fitted COP
within a low-order sensible-only model.

4.4 Limitations, Performance Trade-offs, and Future Generalisability

Our model also demonstrated the capability of estimating AC power
consumption, with a median relative error of 27.09%. However, systematic
underestimation and occasional negative power predictions, which were excluded
from the error analysis, were observed. These errors primarily occurred under the
following circumstances: 1) The initial cooling phase, when thermal mass delays
indoor temperature response. 2) Low-frequency hygrothermal measurements that fail
to capture sub-hourly dynamics. 3) Complex transient behaviours at AC startup,
where actual temperature and humidity changes deviate from the assumptions
embedded in steady-state thermal balance equations.

Early-morning discrepancies may reflect not only gradual post-cooling thermal
recovery but also a change in the behavioural decision process. AC shut-off during
sleep-related periods may be governed by habitual routines, timer settings, or pre-
sleep decisions rather than by instantaneous temperature and humidity alone.
Although globally fixed 2- and 3-hour windows underperformed the 8-hour window,
a time-adaptive framework using a shorter window specifically during the early-
morning transition period warrants further investigation.

A small proportion of AC-status observations was unavailable and coded as off
during preprocessing. Although the hygrothermal predictor series was complete,
further validation with fully observed status labels would reduce this source of
uncertainty. Moreover, the compressor-control type of the split AC—fixed-speed or
variable-speed—was not reported in the available metadata. Further validation should
therefore distinguish fixed-speed and variable-speed systems, particularly because
continuous compressor modulation and load-dependent COP may not be adequately
represented by the present binary-state and fixed-COP formulation.

Beyond technical performance, this study contributes a novel methodology for
incorporating occupant behaviour into building energy models without historical
energy data, which is a common obstacle in both research and practice. By
establishing the direct link between outdoor and indoor temperature variations, the

model provides a scalable approach for analysing energy use in data sparse
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environments. Furthermore, the ability to differentiate AC operational states supports
more detailed assessments of energy use patterns and indoor thermal comfort
conditions. This capability has important implications beyond energy estimation. By
linking AC operation to indoor environmental conditions, the framework can be
extended to assess indoor overheating risks, particularly under future climate
scenarios characterised by more frequent and intense heatwaves. Such analyses are
critical for understanding the combined impacts of climate change on building energy
demand and occupant health, and for informing adaptive building operation strategies.

Looking forward, while the proposed approach provides a computationally
efficient and data-driven framework for AC operation and energy estimation, its
performance under strong transient conditions could be improved through higher-
resolution measurements, expanding the framework to include additional climatic
variables such as humidity and solar radiation, and more advanced dynamic
representations (e.g., multi-node higher-order RC models). Further investigation is
therefore needed to enhance model robustness during early morning periods and rapid
state transitions. These developments would further strengthen the model’s
applicability in smart building operations and urban-scale climate studies, ultimately
supporting the development of more resilient and efficient energy systems.
5. Conclusion

This study presents a hybrid model for AC operation status prediction and power
estimation using mainly temperature-humidity data. A comprehensive case study was
conducted using data from a room in a residential building in Beijing to validate the
proposed approach. The key findings are as follows: (1) The integration of XGBoost
and PELT algorithms significantly improves AC state detection accuracy. The
prediction accuracy reaches 98.6% with an 8-hour time window, demonstrating the
effectiveness of this combined approach. (2) The hybrid model demonstrates superior
performance in AC state transition detection, achieving F1-score of 81.2% with the
PELT algorithm, while maintaining robust prediction capability across different
operational conditions. (3) Performance validation shows the model achieves a
median relative error of 27.09% in power estimation. The framework successfully
addresses the challenge of power estimation without requiring historical power data.
In conclusion, the proposed hybrid model effectively solves the problem of AC
operation status prediction and provides reasonably accurate power estimation using

environmental parameters. This approach demonstrates potential for improving
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building energy management systems in scenarios with indoor environmental
monitoring infrastructure and provides a foundation for demand response
applications. Future work should focus on validating the method across diverse
building types and climates, as well as integrating higher order models and higher-

frequency sensing to improve power estimation accuracy during transient operations.
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Appendix
Al. Feature input of the AC state prediction algorithm

As described in the previous section, we selected time windows of [2, 3, 4, 6, 8,

12, 24] hours, and computed features based on temperature, humidity, and their
variations over time as input data. The features calculated for each window are

summarized in Table Al.

Table Al: The input features for the AC state prediction algorithm

XGBoost window-level PELT hourly )
Feature . . Unit
formulation formulation
Indoor Dry-Bulb
naoor Uty-bu Window mean Current value °C
Temperature
Outdoor Dry-
utcoor Lty Window mean Current value °C
Bulb Temperature
Indoor Relati
naoor .e.a Ve Window mean Current value %
Humidity
Outdoor Relati )
“ 00r. ?a tve Window mean Current value %
Humidity
Humidity Window aggregate/mean Current absolute o
Difference of absolute differential differential 0
Temperature Window aggregate/mean Current absolute o
Difference of absolute differential differential
Humidit ) . ) )
un.n e Variance within window.  Rolling 8-hour variance %3
Variance
T t
emp'e re Variance within window.  Rolling 8-hour variance °C?
Variance
Humidity Change Mean change rate within P/
. 4 g ) g' v One-step change 0
Rate time window. /hour
Temperature Mean change rate within One-sten chanee °C
Change Rate time window. P g /hour

These features were aggregated for each time window and used as input to an

XGBoost classifier. The model was trained to predict the maximum AC state within

each window, which indicates whether the AC was turned on at any point during that

period.
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A2. Feature Weighting for PELT Algorithm Input

Based on the XGBoost results across different time windows, the optimal time
window was selected for further analysis. To quantify the contribution of each feature
in predicting AC operational states, we employed Random Forest importance scoring
within this optimal window. This method evaluates feature importance by measuring
the mean decrease in impurity across all decision trees. The importance score for each

feature f; is computed as shown in Eq. (A2.1):
N

Importance(f;) = %Z Reduction in Impurity(f;, t) (A2.1)
t=1
where N is the number of trees in the forest, and the reduction in impurity measures
how much each feature contributes to improving the model's performance.
For each time point ¢, a weighted feature value was computed as the dot product

of the feature values and their corresponding importance weights, as shown in

Eq.(A2.2):
n

Weighted equure(s = Z w; X £, () (A2.2)
i=1

where f;(t) is the value of feature i at time 7, and w; is its importance weight
derived from the Random Forest model. This weighted feature value serves as the
input for the PELT algorithm, enabling precise detection of AC state transitions
within the optimal time periods. The feature variables used for weighted calculation at

each moment are shown in Table Al.

A3 Technical details on XGBoost and PELT Algorithm
A3.1. Extreme gradient boosting (XGBoost)

Given a dataset with featuresX = {x;, x5, ..., X, }and corresponding binary
labels y = {y4, V4, ..., yn}, (Where y; € {0,1} represents the AC state), the goal is to
learn a model f(X) that predicts the probability of the AC being in the "on" state.
The prediction is thresholded to produce a binary output §; = §(f(x;) = 0.5), where

yi(t) is the AC state prediction for instance i at iteration ¢.

The XGBoost algorithm minimises a regularised objective function at iteration t,
as defined in Eq. (A3.1):

n
£O = " 2 (3,97 + £ix)) + 0(£) (A3.1)
i=1
where €(y;,¥;) is the loss function for binary classification as Eq. (A3.2):

(i, 9:) = —yilog(§;) — (1 — y)log(1 - §;) (A3.2)
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The regularization term Q2(f;,) in the objective function is inspired by the work

of Friedman (Friedman, 2001), controls model complexity, as shown in Eq. (A3.3):
T
1
2(f) = )/T+§/’lz w;? (A3.3)
j=1

where T is the number of leaf nodes in tree f,. w; represents the weight of the j-th
leaf. yand A are regularisation parameters that help prevent overfitting.
At each iteration 7, a new tree f;is added to minimize Equation (A3.1). The

prediction is updated as Eq. (A3.4):

9.7 =97V + nfi(x) (A3.4)
where 7 is the learning rate, controlling the contribution of each tree to the final
prediction.

In each iteration of XGBoost, an attempt is made to find a decision tree that
minimises the loss function, thereby progressively enhancing the model's performance
(Zhang et al., 2025), until a stopping condition is met.

A3.2 PELT Algorithm for AC State Transitions

Based on a time series of AC operational states {y;}{—,, we assume the
existence of m change points at positions 74, Ty, ..., Tp,, Where each 7; €
{1,2, ...,n — 1}(Lang et al., 2024).These change points partition the series into m+1
distinct segment: {yl, s yTl}, {yrlﬂ, s yfz}, et V2, +15 - Yo, }. Each segment
corresponds to a stationary operational phase Sj,with transitions between segments
indicating state changes. The detection problem is formulated as a constrained

optimization described in Eq. (A3.5):
min [SToc (yeyin,,) + m)| (A3.5)

Ty
where ¢( L o1+ 1) j) is the cost function that quantifies the variability within a
segment, indicating the degree of change in the AC operation state within that
segment. A is regularization parameter controlling model complexity and m is the
number of change points

The Pruned Exact Linear Time (PELT) algorithm solves Equation (A3.5)
through dynamic programming with optimality guarantees. The recursive formulation
is, as given in Eq. (A3.6):

F(t) = T{_li{l[F(T) +c(Vep1) +A] VE<Sn (A3.6)

where F(t) represents the minimal cost up to time t (Killick et al., 2012).
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882 For AC state transitions, we employ the L, cost function for mean shift

883 detection, as shown in Eq. (A3.7): .
. cGan) = ) e = Tan)? (43.7)
885 wherey,., = ﬁ}:’t’:a V. Let {Tk*}lk{:l adenote detected change points. The
886 predicted state sequence alternates between operational modes as Eq. (A3.8):
887
0 t<t”
888 9, = { 1 T, <t < TZ*} (A3.8)
K mod 2 t>1y"
889 The regularization parameter A balances detection sensitivity and false alarms.
890 We determined it by maximizing the prediction accuracy on the July and August
891 dataset, as given in Eq. (A3.9): )
892 A = argmax Acc(4) (A3.9)
i
893 where Acc is the prediction accuracy.
891 The PELT algorithm detects changepoints where the AC state switches within a
895 windowed sequence. However, the initial state at the first timestep of each window
896 can hardly be determined. To address this, we conservatively initialise the state s,
897 to AC status off event (0) for all sequences, as true AC status on events are rare in the
898 dataset. A transition to on (S¢,= 1) 1s triggered only when two empirical conditions are
899 simultaneously satisfied:
900 1) Feature Threshold: The raw observation X, falls below a low quantile Qj,,,
901 derived from the empirical distribution of x; during genuine off-to-on transitions.
902 2) Change Rate Threshold: The one-step difference Ax;, = x;, — x;,—1 exceeds
903 4 high quantile Q,/fl. gh > computed from transition rates in training data.
904 The initialisation rule is formally defined as Eq. (A3.10):
905 St = {1 if x¢y < Qow N Axy, > Qilfigh' (A3.10)
0 otherwise.
906 \where Qf,, represents a low quantile of the raw observation values during genuine
907 off-to-on transitions, indicating a threshold below which the system is considered to
908 potentially switch to the "on" state. Qﬁi gh is a high quantile of the change rate (the
909 (difference between consecutive observation values), setting a threshold for a
910 significant change in the system’s state. Only when both conditions are met does the
911 system initialize the state as "on", ensuring the transition is valid and not caused by
912

any noise. The dual-threshold heuristic mitigates error propagation across windows:
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inheriting the state from the prior window’s endpoint (s;_, ) risks cascading
inaccuracies, especially if s, was misclassified. The thresholds @y, and in gh
are calibrated based on monitoring data to reflect the joint distribution of feature
values and change rates during unambiguous transitions, ensuring robustness to sparse

on events.

A4. Model evaluation metrics

A4.1. Evaluation Metrics for AC State Prediction

The performance of the XGBoost model in predicting AC states across time
windows was evaluated using standard classification metrics. Specifically, four
commonly used metrics, including accuracy, precision, recall and F; score were

computed for each time window, as defined in Equations. (A4.1) - (A4.4):
TP+ TN

TP+TN+ FP+FN
Accuracy measures the overall correctness of classification by quantifying the

Accuracy = (A4.1)

proportion of correctly labelled time windows, encompassing both positive and

negative predictions.

Precision = —— (A4.2)
recision = TP + FP .

Precision evaluates the proportion of correctly predicted “on” states among all
predicted “on” windows, reflecting the model’s ability to avoid false-positive

predictions.

Recall = — % (A4.3)
CCA = TP+ FN '

Recall, also known as sensitivity, quantifies the proportion of actual “on”
windows that are successfully identified, thereby capturing the model’s ability to

minimize false negatives.

Fo— 2« Precision X Recall (A4.4)
1= Precision + Recall '

The Fi-score, defined as the harmonic mean of precision and recall, provides a
balanced assessment of the model's performance, particularly in the presence of class
imbalance or asymmetric error costs.

In these equations, TP (true positives) denotes correctly identified "on" states.
TN (true negatives) refers to correctly identified "off" states. F'P (false positives)
represents incorrectly predicted "on" states, and FN (false negatives) indicates "on"

states that were incorrectly classified as "off".
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All metrics were computed individually for each time window length (e.g., 2, 3,
4, 6, 8, 12, 24 hours) and stored for comparative analysis across models and
configurations.
A4.2. Evaluation Metrics for Change-Point Detection

The performance of the change-point detection model was evaluated using
standard classification metrics.. For each hourly time period, the algorithm predicted
change points in the weighted feature sequence, and the predicted AC states were
compared with the true states.
The overall accuracy, representing the global proportion of correctly classified hourly
samples across both states combined (as referenced in Section 3.3.3), is defined in Eq.
(A4.1). Per-class recall (equivalent to state-specific accuracy in Table 3) quantifies
the proportion of actual instances of each state correctly identified: for AC 'On' as per
Eq. (A4.3), and for AC 'Off' as TN/(TN+FP). Precision and F1-score follow Eq.
(A4.2) and Eq. (A4.4).
A4.3. Calculation of Physical Transition Metrics

The physical quantification metrics presented in Table 4 are derived from the
PELT-detected change points as follows:

Average WF change (A):

AWF = WFyo5t — WEpr (A4.5)

where WE,,, is the mean weighted feature value in the hour preceding the

transition, and m is the mean value in the hour following the transition. This
metric quantifies the abruptness of environmental shift at the switching instant. For AC
activation (0— 1), negative A indicates rapid indoor environmental stabilization
(decoupling from outdoor conditions); for deactivation (1—0), positive A indicates
gradual recoupling with outdoor hygrothermal conditions.
Typical WF level (On/Off):
Typical WF = WFqte (A4.6)
This represents the steady-state signature of each operational mode—the mean WF
value during stable AC-on or AC-off periods, excluding transition windows. Lower
values (~2.0) correspond to stable air-conditioned environments with minimal indoor-
outdoor gradients; higher values (~3.9) correspond to naturally ventilated conditions
with stronger hygrothermal coupling.
Average peak spike:
Peak spike = max(WF,,inaow) (A4.7)
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This metric records the maximum WF value within the 2-hour transition window.
It characterises the magnitude of the feature excursion and is not interpreted as a
measure of temporal sharpness or transition duration.
A4.4. Evaluation Metrics for AC Power Fitting

To assess the performance of the AC power fitting model, a set of standard
regression metrics was employed to quantify the accuracy of the predicted power
values. The evaluation involved three commonly used error metrics: Root Mean
Squared Error (RMSE), Mean Absolute Error (MAE), and Median Relative Error
(MRE), as defined in Equations (A4.8)—(A4.10):

N
1
RMSE = NE(yi—w (A4.8)
i=1
N
1 A
MAE = NZlyi—yil (A4.9)
i=1 .
] Yi—Yyi
MRE = Median y_ -100% (A4.10)
i

AS. Complete Hourly Records of AC State Detection

The complete hourly validation dataset comprises 1,488 observations from July 1
to August 31, 2021. Figure AS.1 illustrates the temporal dynamics of the weighted
feature (WF) and the comparison between actual monitored AC states and PELT
algorithm predictions (penalty parameter A = 2.0) for the entire study period.
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Fig. AS.1. Hourly comparison of weighted feature (WF) values with detected change
points (red markers), and actual vs. predicted AC operational states (0 = Off, 1 = On)

from July to August 2021.
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1000  A6. COP Sensitivity Analysis

1001 A sensitivity study was conducted by varying COP in the range [1.0, 5.0] with a

1002 step size of 0.5. For each COP value, thermal parameters (C, R, @Q;,,) were first

1003 estimated during AC-off periods, and then used to calculate AC power during AC-on

1004 periods. The median relative error (MRE) was computed for each time segment to

1005 identify the estimation error.

1006 Taple A6.1 AC Power Estimation Performance under Different COP Values by Time

1007 Period

COF  \mEo  mmECH  MREGo  wmecw  MARY

1.0 165.43 64.02 38.11 29.13 131.52
1.5 110.65 49.24 33.04 23.38 123.21
2.0 85.43 42.76 34.72 27.09 130.75
2.5 73.43 46.27 39.07 33.07 156.64
3.0 68.80 53.29 43.70 42.90 181.57
3.5 65.79 59.23 48.79 51.06 202.46
4.0 65.39 64.33 53.97 56.40 225.52
4.5 66.26 68.29 58.17 61.24 245.08
5.0 67.28 71.46 61.88 65.12 262.57

1008

1009 Table A6.1 and Fig. A6.1 show that the empirical MAE minimum for this dataset

1010

occurs at an equivalent COP of 1.45. Figure A6.2 presents the corresponding sensitivity

1011 result; this empirical value is not used as the baseline COP in the main analysis. As

1012 shown in Table A6.1 above, the COP is between 1 and 2, and the MAE value has the

1013 smallest error. Figure A6.1 shows how the prediction error MAE fluctuates as the

1014 parameter COP changes between 1 and 2. We used an optimization algorithm to find
1015 the parameter value that results in the minimum error. Figure A6.2 is a scatter plot of
1016 the overall optimal COP prediction error. For the steady-state condition, the air
1017

conditioning power points are concentrated in the upper right corner.
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Fig. A6.1. Sensitivity of mean absolute error to the assumed equivalent COP. The
empirical MAE-minimising value for the present dataset is 1.45.
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divided into three types to differentiate the hours when the AC start up, runs stably,
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39



1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043
1044
1045
1046
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058
1059
1060
1061
1062
1063
1064
1065
1066
1067
1068
1069
1070
1071
1072
1073
1074
1075

References

Anireddy, A. R. (2024). The Impact of Building Codes on HVAC Estimation: How Regulations
Influence Cost and Design Choices. International Journal of Scientific Research in Engineering and
Management, 08(12), 1-7. https://doi.org/10.55041/1IJSREM37469

Bacher, P., & Madsen, H. (2011). Identifying suitable models for the heat dynamics of buildings.
Energy and Buildings, 43(7), 1511-1522. https://doi.org/10.1016/j.enbuild.2011.02.005

Chen, G., Korolija, L., & Rovas, D. (2026). Evaluating single-zone grey-box thermal models: Impact
of model structure on prediction accuracy and computational cost. Energy and Buildings, 357,
117139. https://doi.org/10.1016/j.enbuild.2026.117139

Chen, T., & Guestrin, C. (2016). XGBoost: A Scalable Tree Boosting System.
https://doi.org/10.48550/ARXIV.1603.02754

Chen, Y., Xu, P, Chu, Y., Li, W., Wu, Y., Ni, L., Bao, Y., & Wang, K. (2017). Short-term electrical
load forecasting using the Support Vector Regression (SVR) model to calculate the demand response
baseline for office buildings. Applied Energy, 195, 659-670.
https://doi.org/10.1016/j.apenergy.2017.03.034

Cho, J., Lee, H., & Heo, Y. (2023). Dynamic rule-based change-over ventilation strategy with
weather-responsive air-conditioning setpoints. Building and Environment, 246, 110966.
https://doi.org/10.1016/j.buildenv.2023.110966

Christian, J. E. (1984). Cooling season performance of an earth-sheltered office/dormitory building
in Oak Ridge, Tennessece (ORNL/CON-151, 6795979; p. ORNL/CON-151, 6795979).
https://doi.org/10.2172/6795979

Darwazeh, D., Duquette, J., & Gunay, B. (2021). Virtual metering of heat supplied by zone-level
perimeter heaters: An investigation with three inverse modelling approaches. Energy and Buildings,
240, 110867. https://doi.org/10.1016/j.enbuild.2021.110867

De Rosa, M., Brennenstuhl, M., Andrade Cabrera, C., Eicker, U., & Finn, D. P. (2019). An Iterative
Methodology for Model Complexity Reduction in Residential Building Simulation. Energies,
12(12), 2448. https://doi.org/10.3390/en12122448

Desai, B. H. (2022). 14. United Nations Environment Programme (UNEP). Yearbook of
International Environmental Law, 31(1), 319-325. https://doi.org/10.1093/yiel/yvab060

Dong, X., Luo, Y., Yuan, S., Tian, Z., Zhang, L., Wu, X., & Liu, B. (2025). Building electricity load
forecasting based on spatiotemporal correlation and electricity consumption behavior information.
Applied Energy, 377, 124580. https://doi.org/10.1016/j.apenergy.2024.124580

Du, J., & Chen, B. (2024). Indoor thermal environment and adaptive behaviors in summer of
urban households in northern China: Status and trend. Energy and Buildings, 324, 114916.

Duan, S., Luo, Z., Yang, X., & Li, Y. (2019). The impact of building operations on urban heat/cool
islands under urban densification: A comparison between naturally-ventilated and air-conditioned
buildings. Applied Energy, 235, 129—138. https://doi.org/10.1016/j.apenergy.2018.10.108

Enteria, N., Santamouris, M., & Eicker, U. (Eds). (2021). Urban Heat Island (UHI) Mitigation: Hot
and Humid Regions. Springer Singapore. https://doi.org/10.1007/978-981-33-4050-3

Feng, K., Chokwitthaya, C., & Lu, W. (2024). Exploring occupant behaviors and interactions in
buildings with energy-efficient renovations: A hybrid virtual-physical experimental approach.
Building and Environment, 265, 111991. https://doi.org/10.1016/j.buildenv.2024.111991

Friedman, J. H. (2001). Greedy function approximation: A gradient boosting machine. The Annals
of Statistics, 29(5). https://doi.org/10.1214/a0s/1013203451

Fumo, N. (2014). A review on the basics of building energy estimation. Renewable and Sustainable
Energy Reviews, 31, 53—60. https://doi.org/10.1016/j.rser.2013.11.040

Gao, Z., Yang, S., Yu, J., & Zhao, A. (2024). Hybrid forecasting model of building cooling load
based on combined neural network. Energy, 297, 131317.
https://doi.org/10.1016/j.energy.2024.131317

Grimmond, C. S. B., Blackett, M., Best, M. J., Barlow, J., Baik, J.-J., Belcher, S. E., Bohnenstengel,
40



https://doi.org/10.1016/j.apenergy.2024.124580

1076
1077
1078
1079
1080
1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091
1092
1093
1094
1095
1096
1097
1098
1099
1100
1101
1102
1103
1104
1105
1106
1107
1108
1109
1110
1111
1112
1113
1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125

S. I, Calmet, 1., Chen, F., Dandou, A., Fortuniak, K., Gouvea, M. L., Hamdi, R., Hendry, M., Kawai,
T., Kawamoto, Y., Kondo, H., Krayenhoff, E. S., Lee, S.-H., ... Zhang, N. (2010). The International
Urban Energy Balance Models Comparison Project: First Results from Phase 1. Journal of Applied
Meteorology and Climatology, 49(6), 1268—1292. https://doi.org/10.1175/2010JAMC2354.1
Haddad, S., Barker, A., Yang, J., Kumar, D. I. M., Garshasbi, S., Paolini, R., & Santamouris, M.
(2020). On the potential of building adaptation measures to counterbalance the impact of climatic
change in the tropics. Energy and Buildings, 229, 110494.
https://doi.org/10.1016/j.enbuild.2020.110494
Huang, X., Han, Y., Yan, J., & Zhou, X. (2024). Hybrid forecasting model of building cooling load
based on EMD-LSTM-Markov algorithm. FEnergy and Buildings, 321, 114670.
https://doi.org/10.1016/j.enbuild.2024.114670
Hunt, J. D., Nascimento, A., Zakeri, B., Barbosa, P. S. F., & Costalonga, L. (2022). Seawater air-
conditioning and ammonia district cooling: A solution for warm coastal regions. Energy, 254,
124359. https://doi.org/10.1016/j.energy.2022.124359
Intergovernmental Panel On Climate Change (Ipcc). (2023). Climate Change 2021 — The Physical
Science Basis: Working Group [ Contribution to the Sixth Assessment Report of the
Intergovernmental Panel on Climate Change (1st edn). Cambridge University Press.
https://doi.org/10.1017/9781009157896
International Energy Agency. (2018). The Future of Cooling: Opportunities for energy-efficient air
conditioning. OECD. https://doi.org/10.1787/9789264301993-en
Kaneko, N., Okazawa, K., Zhao, D., Nishikawa, H., Taniguchi, I., Murayama, H., Yura, Y., Okamoto,
M., Catthoor, F., & Onoye, T. (2024). Non-intrusive thermal load disaggregation and forecasting for
effective HVAC systems. Applied Energy, 367, 123379.
https://doi.org/10.1016/j.apenergy.2024.123379
Khan, S., Javaid, N., Chand, A., Khan, A. B. M., Rashid, F., & Afridi, I. U. (2019). Electricity Load
Forecasting for Each Day of Week Using Deep CNN. In L. Barolli, M. Takizawa, F. Xhafa, & T.
Enokido (Eds), Web, Artificial Intelligence and Network Applications (Vol. 927, pp. 1107-1119).
Springer International Publishing. https://doi.org/10.1007/978-3-030-15035-8 107
Killick, R., Fearnhead, P., & Eckley, 1. A. (2012). Optimal Detection of Changepoints With a Linear
Computational Cost. Journal of the American Statistical Association, 107(500), 1590-1598.
https://doi.org/10.1080/01621459.2012.737745
Kim, D., Lee, D., Nam, H., & Joo, S.-K. (2023). Short-Term Load Forecasting for Commercial
Building Using Convolutional Neural Network (CNN) and Long Short-Term Memory (LSTM)
Network with Similar Day Selection Model. Journal of Electrical Engineering & Technology, 18(6),
4001-4009. https://doi.org/10.1007/s42835-023-01660-3
Klems, J. H., Warner, J. L., & Kelley, G. O. (1995). 4 new method for predicting the solar heat gain
of complex fenestration systems (LBL--36995, 179240; p. LBL--36995, 179240).
https://doi.org/10.2172/179240
Lang, X., Nilsson, H., & Mao, W. (2024). Analysis of hydropower plant guide bearing vibrations
by machine learning based identification of steady operations. Renewable Energy, 236, 121463.
https://doi.org/10.1016/j.renene.2024.121463
Lemos, J., Ramos, J., Gomes, M., & Coelho, P. (2025). Artificial Intelligence-Driven User
Interaction with Smart Homes: Architecture Proposal and Case Study. Energies, 18(24), 6397.
https://doi.org/10.3390/en18246397
Li, X., Chen, S., Li, H., Lou, Y., & Li, J. (2023). A behavior-orientated prediction method for short-
term energy consumption of air-conditioning systems in buildings blocks. Energy, 263, 125940.
https://doi.org/10.1016/j.energy.2022.125940
Li, Z., Meng, Q., Wei, Y., Zhang, L., Sun, Z., Lei, Y., Yang, L., & Yan, X. (2023). Dynamic room
temperature setpoints of air-conditioning demand response based on heat balance equations with
thermal comfort model as constraint: On-site experiment and simulation. Journal of Building
41



1126
1127
1128
1129
1130
1131
1132
1133
1134
1135
1136
1137
1138
1139
1140
1141
1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159
1160
1161
1162
1163
1164
1165
1166
1167
1168
1169
1170
1171
1172
1173
1174
1175

Engineering, 65, 105798. https://doi.org/https://doi.org/10.1016/j.jobe.2022.105798

Lopez Santos, M., Diaz Garcia, S., Garcia-Santiago, X., Ogando-Martinez, A., Echevarria Camarero,
F., Blazquez Gil, G., & Carrasco Ortega, P. (2023). Deep learning and transfer learning techniques
applied to short-term load forecasting of data-poor buildings in local energy communities. Energy
and Buildings, 292, 113164. https://doi.org/10.1016/j.enbuild.2023.113164

Raissi, M., Perdikaris, P., & Karniadakis, G. E. (2019). Physics-informed neural networks: A deep
learning framework for solving forward and inverse problems involving nonlinear partial
differential ~ equations.  Journal  of  Computational  Physics, 378, 686-707.
https://doi.org/10.1016/].jcp.2018.10.045

Ramallo-Gonzalez, A. P., Eames, M. E., & Coley, D. A. (2013). Lumped parameter models for
building thermal modelling: An analytic approach to simplifying complex multi-layered
constructions. Energy and Buildings, 60, 174—184. https://doi.org/10.1016/j.enbuild.2013.01.014
Rasheed, A., San, O., & Kvamsdal, T. (2020). Digital Twin: Values, Challenges and Enablers From
a Modeling Perspective. IEEE Access, 8, 21980-22012.
https://doi.org/10.1109/ACCESS.2020.2970143

Reynders, G., Diriken, J., & Saelens, D. (2014). Quality of grey-box models and identified
parameters as function of the accuracy of input and observation signals. Energy and Buildings, 82,
263-274. https://doi.org/10.1016/j.enbuild.2014.07.025

Ruz, M. L., Fragoso, S., Rodriguez, D., & Vazquez, F. (2015). Real-time estimation of thermal
comfort indices in an office building with a solar powered HVAC system. 2015 23rd Mediterranean
Conference on Control and Automation (MED), 803-808.
https://doi.org/10.1109/MED.2015.7158844

Shi, L., Luo, Z., Matthews, W., Wang, Z., L1, Y., & Liu, J. (2019). Impacts of urban microclimate
on summertime sensible and latent energy demand for cooling in residential buildings of Hong Kong.
Energy, 189, 116208. https://doi.org/10.1016/j.energy.2019.116208

Song, Z., Shi, J., Li, S., Chen, Z., Jiao, F., Yang, W., & Zhang, Z. (2022). Data-driven and physical
model-based evaluation method for the achievable demand response potential of residential
consumers’ air conditioning loads. Applied Energy, 307, 118017.
https://doi.org/10.1016/j.apenergy.2021.118017

Staffell, I., Pfenninger, S., & Johnson, N. (2023). A global model of hourly space heating and cooling
demand at  multiple  spatial  scales.  Nature  Energy,  8(12), 1328-1344.
https://doi.org/10.1038/s41560-023-01341-5

Tang, Y., Sun, T., Luo, Z., Omidvar, H., Theeuwes, N., Xie, X., Xiong, J., Yao, R., & Grimmond,
S. (2021). Urban meteorological forcing data for building energy simulations. Building and
Environment, 204, 108088.

Tonini De Araujo, M., De Souza, H. A., & Gomes, A. P. (2022). Computer simulation of moisture

transfer in walls: Impacts on the thermal performance of buildings. Architectural Engineering and
Design Management, 18(4), 453—472. https://doi.org/10.1080/17452007.2021.1916426
Touzani, S., Granderson, J., & Fernandes, S. (2018). Gradient boosting machine for modeling the
energy consumption of commercial buildings. Energy and Buildings, 158, 1533-1543.
https://doi.org/10.1016/j.enbuild.2017.11.039
Underwood, C. P.,, & Yik, F. W. H. (2004). Modelling Methods for Energy in Buildings (1st edn).
Wiley. https://doi.org/10.1002/9780470758533
Wang, C., Li, X., Sun, W., An, J., & Gao, S. (2024a). Occupant behavior, thermal environment, and
appliance electricity use of a single-family apartment in China. Scientific Data, 11(1), 65.
https://doi.org/10.1038/s41597-023-02891-9
Wang, K., Aktas, Y. D., Malki-Epshtein, L., Wu, D., & Ammar Bin Abdullah, M. F. (2022). Mapping
the city scale anthropogenic heat emissions from buildings in Kuala Lumpur through a top-down
and a bottom-up approach. Sustainable Cities and  Society, 76, 103443.
https://doi.org/10.1016/j.scs.2021.103443

42


https://doi.org/10.1038/s41560-023-01341-5

1176
1177
1178
1179
1180
1181
1182
1183
1184
1185
1186
1187
1188
1189
1190
1191
1192
1193
1194
1195
1196
1197
1198
1199

Wang, Y., Zhang, N., & Chen, X. (2021). A Short-Term Residential Load Forecasting Model Based
on LSTM Recurrent Neural Network Considering Weather Features. Energies, 14(10), 2737.
https://doi.org/10.3390/en14102737

Yan, H., Pan, Y., Dong, M., Zhang, H., Li, J., & Zhao, S. (2025). Energy efficiency and comfort:
Analysis of thermal responses and behaviors of residents with high and low air conditioning
dependency. Energy and Buildings, 338, 115695. https://doi.org/10.1016/j.enbuild.2025.115695
Yang, J., Wu, H., Xu, X., Huang, G., Cen, J., & Liang, Y. (2021). Regional climate effects on the
optimal thermal resistance and capacitance of residential building walls. Energy and Buildings, 244,
111030. https://doi.org/10.1016/j.enbuild.2021.111030

Yang, X., Yao, L., Li, M., Cao, J., Zhong, Q., Peng, W., Wu, W., & Zhou, J. (2025). How heat waves
and urban microclimates affect building cooling energy demand? Insights from fifteen eastern
Chinese cities. Applied Energy, 384, 125424, https://doi.org/10.1016/j.apenergy.2025.125424

Ye, A., Liu, S., Zhang, T., Zhao, Z., Yang, Q., & Liu, X. (2025). Experimental study on flexible
energy use feature of multi-split air-conditioning system with different control schemes in summer.
Energy and Buildings, 342, 115875. https://doi.org/https://doi.org/10.1016/j.enbuild.2025.115875
Zhang, J., Li, G., Du, Z., Bao, S., Li, C., Cao, X., & Yuan, C. (2025). Machine learning modeling
using XGBoost and LightGBM for predicting the minimum ignition temperature of rice husk dust
based on the synergistic effect of dispersion pressure and crushed brown rice. Powder Technology,
453, 120682. https://doi.org/10.1016/j.powtec.2025.120682

Zhou, X., Yan, D., & Shi, X. (2017). Comparative research on different air conditioning systems
for residential buildings. Frontiers of Architectural Research, 6(1), 42-52.

Zou, M., Huang, W., Jin, J., Hu, B., & Liu, Z. (2024). Deep spatio-temporal feature fusion learning

for multi-step building cooling load forecasting. Energy and Buildings, 322, 114735.
https://doi.org/10.1016/j.enbuild.2024.114735

43


https://doi.org/10.1016/j.powtec.2025.120682


    𝜆  


    Q  i n


    T  i n


     C   d   T  i n  d t =     T  o u t −   T  i n  R +   Q  i n −   P  a c ∙ C O P #  ( 1 )


    Q  i n


    P  a c  


  C O P


    T  o u t


    P  a c


       T  i n  ( t + 1 ) =   T  i n  ( t ) +   𝛥 t  C  (     T  o u t  ( t ) −   T  i n  ( t )  R +   Q  i n −   P  a c ∙ C O P ) #  ( 2 )


  𝛥 t


    Q  i n


       P  a c  ( t ) =  (     T  o u t  ( t ) −   T  i n  ( t )  R − C     T  i n  ( t + 1 ) −   T  i n  ( t )  ∆ t +   Q  i n ) ×  1  C O P #  ( 3 )


    P  a c  


    𝜃  k =   (   C  k ,   R  k ,   Q  i n , k )


    𝜃  k =   (   C  k ,   R  k ,   Q  i n , k )


       𝜃 ^ =    argmin  𝜃 ⁡    ∑  i = 1    N  k − 1     [   T  i n  o b s  ( i + 1 ) −  (   T  i n  ( i ) +   ∆ t  C  (     T  o u t  ( i ) −   T  i n  ( i )  R +   Q  i n ) ) ] 2   #  ( 4 )


       𝜃  k  v a l i d =  {    𝜃  k   ( j ) |    𝜃  k   ( j ) ∈  [   Q 1 − 1 . 5 × I Q R ,   Q 3 + 1 . 5 × I Q R ] }   #  ( 5 )


    𝜃  k   ( j )


    Q 1  


    Q 3  


  I Q R


    Q 3


    Q 1


  I Q R


  C ∈ [  10 5 ,  10 7 ] , R ∈ [ 0 , 0 . 1 ] ,   Q  i n ∈ [ 0 , 1000 ]


  C ∈ [  10 5 ,  10 7 ] , R ∈ [ 0 , 0 . 1 ] ,   Q  i n ∈ [ 0 , 1000 ]


         𝜃 -  k = m e d i a n  (   𝜃  k  v a l i d )   #  ( 6 )


  𝜆


  𝜆


  𝜆


  C ( J / ℃ )


  R ( ℃ / W )


    Q  i n ( W )


  ℃


    Q  i n


  ℃


  ℃


    Q  i n


  ℃


  ℃


    Q  i n


    Q  i n


    Q  i n


    Q  i n


    Q  i n


    Q  i n


  ℃


  ℃


  %


  ℃


   % 2


   ℃ 2


  % / h o u r


  ℃ / h o u r


    f  i


     I m p o r t a n c e  (   f  i ) =  1  N   ∑  t = 1  N  R e d u c t i o n   i n   I m p u r i t y  (   f  i , t ) #  ( A 2 . 1 )


     W e i g h t e   d  f e a t u r e  ( t ) =   ∑  i = 1  n    w  i ×   f  i  ( t ) #  ( A 2 . 2 )


    f  i  ( t )


    w  i


  X =  {   x 1 ,   x 2 , … ,   x  n }


    y =  {   y 1 ,   y 2 , … ,   y  n }


    y  i ∈  { 0 , 1 }


  f  ( X )


   ŷ  i = 𝛿  ( f  (   x  i ) ≥ 0 . 5 )


     ŷ  i   ( t )


      ℒ   ( t )   =     ∑  i = 1  n  ℓ  (   y  i ,    ŷ  i   ( t − 1 ) +   f  t  (   x  i ) ) + 𝛺  (   f  t )   #  ( A 3 . 1 )


  ℓ  (   y  i ,  ŷ  i )


     ℓ  (   y  i ,  ŷ  i ) = −   y  i log  (  ŷ  i ) −  ( 1 −   y  i ) log  ( 1 −  ŷ  i ) #  ( A 3 . 2 )


    𝛺  (   f  k )


     𝛺  (   f  t ) = 𝛾 T +  1 2 𝜆   ∑  j = 1  T      w  j 2     #  ( A 3 . 3 )


    f  t


    w  j


  γ  


  λ


    f  t


        ŷ  i   ( t ) =    ŷ  i   ( t − 1 ) + 𝜂   f  t (   x  i ) #  ( A 3 . 4 )


  𝜂


      { y  t }  t = 1  n


    𝜏 1 ,   𝜏 2 , … ,   𝜏  m


    𝜏  j ∈  { 1 , 2 , … , n − 1 }


    𝜏  j ∈  { 1 , 2 , … , n − 1 }


   {   y 1 , … ,   y    𝜏 1 } ,  {   y    𝜏 1 + 1 , … ,   y    𝜏 2 } , …


  {   y    𝜏  m + 1 , … ,   y    𝜏  n }


    S  j ,


       m i n    𝜏 1 , … ,   𝜏  m  [   ∑  j = 0  m  c  (   y    𝜏  j + 1 :   𝜏  j + 1 ) + 𝜆 m ]   #  ( A 3 . 5 )


    c (     t  (   𝜏  j − 1 + 1 ) :   𝜏  j )


  𝜆


     F  ( t ) =   m i n  𝜏 < t  [ F  ( 𝜏 ) + c  (   y  𝜏 + 1 : t ) + 𝜆 ]             ∀ t ≤ n   #  ( A 3 . 6 )


  F ( t )


    L 2


        c  (   y  a : b ) =   ∑  t = a  b     (   y  t −     y -  a : b ) 2   #  ( A 3 . 7 )


      y -  a : b =  1  b − a + 1   ∑  t = a  b    y  t


    {     𝜏  k ∗ }  k = 1  K


      ŷ  t =  {    0  t <     𝜏 1 ∗   1      𝜏 1 ∗ ≤ t <     𝜏 2 ∗   K   m o d   2  t ≥     𝜏  K ∗ }   #  ( A 3 . 8 )


    𝜆  


       𝜆 ^ =    argmax  𝜆 ⁡  A c c  ( 𝜆 )     #  ( A 3 . 9 )


    A c c  


    s  t 0


    s    t 0


    x    t 0


    Q  l o w  𝛼


    x  t


  ∆   x    t 0 =   x    t 0 −   x    t 0 − 1


    Q  h i g h  𝛽


       s    t 0 =  {     1           i f     x    t 0 <   Q  l o w  𝛼 ∧   ∆   x    t 0 >    Q  h i g h  𝛽 ,    0                                             o t h e r w i s e .     #  ( A 3 . 10 )


    Q  l o w  𝛼


    Q  h i g h  𝛽


    s    t  − 1


    s    t  − 1


    Q  l o w  𝛼


    Q  h i g h  𝛽


     A c c u r a c y =   T P + T N  T P + T N + F P + F N #  ( A 4 . 1 )


     P r e c i s i o n =   T P  T P + F P #  ( A 4 . 2 )


     R e c a l l =   T P  T P + F N #  ( A 4 . 3 )


       F 1 = 2 ×   P r e c i s i o n × R e c a l l  P r e c i s i o n + R e c a l l #  ( A 4 . 4 )


     ∆ W F =     W F  p o s t - −     W F  p r e - #  ( A 4 . 5 )


      W F  p r e -


      W F  p o s t -


     T y p i c a l   W F =     W F  s t a t e - #  ( A 4 . 6 )


     P e a k   s p i k e = max ⁡ (   W F  w i n d o w ) #  ( A 4 . 7 )


     R M S E =   1  N   ∑  i = 1  N     (   y  i   − ŷ  i ) 2 #  ( A 4 . 8 )


     M A E =  1  N   ∑  i = 1  N   |   y  i   − ŷ  i | #  ( A 4 . 9 )


     M A E =  1  N   ∑  i = 1  N   |   y  i   − ŷ  i | #  ( A 4 . 9 )


     M R E = M e d i a n  (  |     y  i   − ŷ  i    y  i | ) · 100 % #  ( A 4 . 10 )


     M R E = M e d i a n  (  |     y  i   − ŷ  i    y  i | ) · 100 % #  ( A 4 . 10 )


    Q  i n

