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Abstract. Building operations contribute significantly to global CO2 emissions, making
optimal energy system control crucial for climate change mitigation. While machine learning
models can predict building system behavior to enable advanced control strategies, model
performance is prone to deterioration due to concept drift in real-world data streams. This
study investigates active model adaptation with concept drift detection across 35 HVAC devices
in 14 German non-residential buildings on two years of monitoring data. We compared
static models against various combinations of machine learning algorithms and performance-
based drift detection methods. Results revealed model adaptation effectiveness correlates
with baseline performance characteristics. Improvements were observed for devices exhibiting
wider model performance distributions, while negative effects were discovered for devices with
narrower ranges. Notably, drift detection timing proved more critical than retraining frequency.
Active model adaptation achieved improvements of 6.44 to 35.58 % across device types, with
significant variations based on machine learning algorithm and concept drift detection method
combinations.

1. Introduction

Non-residential building operations make up 35 to 40 % of COs emissions across Europe and
the USA [1]. Furthermore, an estimated 90 % of building areas are subject to incorrect control
implementation, leaving approximately 34 % of potential primary energy savings in heating,
ventilation, and air conditioning (HVAC) operations unexploited [2].

Model-based prediction of building system component behavior facilitate deeper system
understanding, while enabling advanced control strategies including model predictive control
(MPC), Demand Response, and optimization frameworks that maximize energy efficiency, cost
savings, occupant comfort, and emissions reduction [3]. MPC has demonstrated potential to
reduce CO4 emissions by 15 to 50 % in non-residential buildings, but practical implementation
faces significant challenges due to highly individual characteristics of building systems [4].

The proliferation of building automation systems (BAS), Internet of Things (IoT) devices, and
advanced metering infrastructure (AMI) has generated unprecedented access to operational
building data [3], [5]. Leveraging these resources, data-driven approaches offer high accuracy
with reduced engineering costs by extracting implicit physical relationships from operational
data. [6], [7].
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Research has primarily focused on model development, with the majority of predictive models
remaining limited to static information [8]. However, real-world building data streams are
subject to concept drift, where underlying relationships evolve dynamically over time due
to various factors including aging effects, seasonal variations, changes in occupant behavior,
installation of new appliances, and equipment degradation [9]. These changes lead to
deteriorating performance of traditional static machine learning models in practical applications,
necessitating model adaption [10].

Concept drift detection, though primarily studied for classification tasks outside of building
automation, offers promising solutions for maintaining model performance through active model
adaptation.

Lima et al. [11] conducted a comprehensive evaluation of seven drift detection methods paired
with ten regression models across synthetic and real datasets, analyzing performance using mean
squared error and statistical tests. Their findings revealed that Page-Hinkley Test (PHT) and
Kolmogorov-Smirnov Windowing (KSWIN) excelled on synthetic datasets, while Early Drift
Detection Method (EDDM) and variants of the Hoeffding Drift Detection Method (HDDM)
performed best on real-world bike-sharing data.

In the building energy domain, Toquica et al. [12] evaluated both passive and active
retraining approaches for photovoltaic power generation prediction from simulated data, and
residential power demand and indoor temperature forecasting from measurement data. Active
model adaptation using concept drift detection methods Adaptive Windowing (ADWIN) and
Klinkenberg Method achieved the lowest average errors. However, performance differences
between various retraining strategies remained modest ranging from 2 to 5 %.
Mariano-Hernandez et al. [13] investigated electricity demand forecasting in university buildings
across multiple years of operation. Passive retraining every 24 hours achieved the best overall
results, while active model adaptation using KSWIN produced comparable performance reducing
retraining frequency by more than 50 %. ADWIN demonstrated further reductions in retraining
events at competitive model performance.

Existing studies demonstrate the potential of active model adaptation for predicting building
system component behavior. However, these studies are typically restricted to a small number of
individual devices or buildings, yielding results that favor different machine learning algorithms
and concept drift detection methods that may not generalize well.

2. Use cases

For this study, comprehensive real-world monitoring datasets were sourced from 14 non-
residential buildings in the city of Aachen, North Rhine-Westphalia, Germany. The data spans
two full years from January 10", 2021, to January 8", 2023 with measurements recorded at 15-
minute intervals. The building portfolio consists of seven schools, two fire stations, three event
buildings, one kindergarten, and one administrative building with diverse usage characteristics,
from which operational data was collected across 35 distinct HVAC devices, comprising 17 air
handling units (AHU), 12 boilers (Bo), and 6 heat exchangers (HEx). The datasets contain
time variables, weather data, and technical parameters specific to each HVAC type. AHU data
incorporates heat consumption, valve positions, supply, exhaust and return air temperatures,
ventilation duct pressures, and indoor temperatures. Bo datasets contain supply, return, and
boiler temperatures. HEx records include primary and secondary temperatures, thermal energy
consumption, and control valve positions. The data availability differed across the 35 technical
installations, resulting in varying parameter sets for individual devices.

The time series data exhibit consistent patterns across all HVAC devices, including pronounced
seasonal variations strongly correlating with weather conditions and responsiveness to control
adjustments. During the observed period of operation, three distinct concept drift patterns
emerged: sudden drift characterized by abrupt operational changes, recurring drift manifested
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as seasonal variations, and incremental drift evidenced by progressive shifts in parameter
relationships as device conditions evolved with seasonal transitions.

3. Methodology

The monitoring datasets from the individual HVAC devices were utilized to develop data-driven
models based on different machine learning algorithms for short-term forecasting device-specific
technical parameters over a 24-hour period ahead. The models were trained on the first complete
year of available data from January 10", 2021 to January 2°4, 2022, encompassing a full heating
season. Prequential evaluation was conducted on instances from the second year of available
data from January 3'4, 2022 to January 2"9, 2023, simulating real-world deployment under data
stream conditions. The initial models served as static reference benchmarks for comparison with
active model adaptation approaches.

3.1. Data-driven models

Prior to model development, Savitzky-Golay filters were applied to raw data to identify and
exclude periods of inactivity. Weather data and technical parameters were scaled through
min-max normalization, enabling consistent comparison across HVAC devices of varying scales.
Time variables, including day of week, week of year, and minute of day, were extracted from
timestamps, with cyclical encoding applied to the former two variables. The most relevant
features for each device-specific regression task were selected through forward feature selection
based on Spearman correlation analysis. Target features were selected based on specific HVAC
devices type: supply air temperature for AHU, return flow temperature for Bo, and valve position
and temperatures depending on data availability for HEx.

The machine learning models were implemented using the Python package scikit-learn [14].
Random Forest Regressor (RF) was employed in standard implementation due to demonstrated
effectiveness and robustness in handling complex time series regression tasks with minimal
hyperparameter tuning requirements. Multilayer Perceptron (MLP) with default configuration
was selected as a second approach, leveraging its single hidden layer architecture with Rectified
Linear Unit (ReLU) activation function and Adam optimizer. Additionally, an optimized MLP
(OPT) was developed to evaluate the impact of parameter tuning on model performance,
specifically in the context of performance-based concept drift detection and active model
adaptation. Bayesian optimization was utilized for device-specific hyperparameter tuning across
various neural network architectures.

3.2. Active model adaption and concept drift detection

Model adaptation was implemented as an active approach using batch learning, where explicit
concept drift detection triggers model retraining from scratch. Performance-based drift detection
monitored model degradation through statistically significant increases in daily absolute error
metrics. Upon drift detection, model retraining utilized all data instances between current and
previous drift events, with a 28-day minimum dataset threshold to ensure sufficient training data
and accommodate temporal concept evolution. A 7-day drift break following drift detection
prevented data leakage and excessive loss of prediction periods by temporarily suspending
subsequent retraining triggers. Following drift detection and model retraining, the new model
is deployed for predictions, while the previous model is discarded.

Four performance-based drift detection methods were considered, drawing from the largest group
of concept drift detection approaches [15], [10]. ADWIN, Drift Detection Method (DDM),
and EDDM were selected as established state-of-the-art methods in current research [16], [17],
while KSWIN was added due to superior performance in comparative studies [18], [19] and
specific efficacy in building energy contexts [13]. All methods were implemented using standard
implementations from the scikit-multifiow Python package [20].
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3.2.1. Adaptive Windowing The ADWIN algorithm monitors model error stability through an
adaptive window W of length n that grows with each new data instance until drift is detected.
W splits into two sufficiently large sub-windows Wy and W of lengths ng and n;, comparing
differences in expected values of a performance metric pyy, and pyy, to a threshold ecyt:

|ﬂ‘;Vo - :UJI;V1| > €cut (1)

The threshold et is established by computing the harmonic mean of the lengths of the sub-
windows m, the observed variance of performance metric values within the adaptive window
0%, and a confidence level §":

€cut =\ — - 05 - In(<) + = In(5) (2)

Upon drift detection, W is replaced and reduced to the most recent sub-window W7, representing
the new concept. [21]
ADWIN was parameterized with a confidence level § of 0.002 and applied to daily MAE values.

3.2.2. Drift Detection Method The DDM algorithm processes error rates in a growing landmark
window, assuming stability during stationary concepts. For each timestep, the error rate e; and
the standard deviation of the error rate o; are calculated, tracking the observed minima ey
and opin. The drift detection is issued based on the confidence interval of 99 % corresponding
to the respective trigger condition [22]:

€; + 0; 2 emin + 3 - Omin (3)
For regression tasks, continuous error metrics are transformed into a binary format introducing
a threshold value Ey,. The threshold is established by applying the Innerquartile Range (IQR)
to the absolute errors, using the Mean Absolute Error (MAE) with the first quartile @1 and the
third quartile Q3 from the current model evaluated on training data representing the current
concept [11]:

Eiyy = MAE 4+ 1.5 (Q3 — Q1) (4)

3.2.83. Early Drift Detection Method EDDM was derived from DDM to enhance concept drift
detection in the presence of gradual drift by monitoring error distances in terms of timesteps
between errors rather than error rates. Within landmark windows, the mean error distance ¢/
and the standard deviation of the error distance o] are calculated at each timestep i, tracking
maximum values e .. and o} ... Drift detection is based on a confidence interval of 95 % [23]:

e +2-0, <0.90- (el + 2 0hi) (5)

EDDM requires at least 30 errors to occur before error distance statistics are considered for drift
detection, ensuring stable calculations. For regression tasks, continuous errors are converted to
binary format using the established IQR method.

3.2.4. Kolmogorov-Smirnov Windowing The original KSWIN algorithm for data distribution-
based concept drift detection utilizing the Kolmogorov-Smirnov Test [18], was adapted as a
performance-based drift detection method applied to daily MAE distributions. This method
operates on the principle that concept drift manifests as changes in probability distributions.
Data flows through a sliding window W of length n, with two distinct sub-windows: R containing



CISBAT 2025
Journal of Physics: Conference Series 3140 (2025) 022002

10P Publishing
doi:10.1088/1742-6596/3140/2/022002

the r most recent instances and S comprising r uniformly sampled non-recent instances.
The Kolmogorov-Smirnov Test evaluates whether both sub-windows originate from identical
distributions. The test calculates Kolmogorov-Smirnov Distance d as the maximum difference
between empirical distribution functions Fg,(x) and Fg,(z), comparing it against a threshold
derived from significance level o and window size r. When d exceeds this threshold, the null
hypothesis is rejected, signaling concept drift:

—in(«)

d = max |Fp, (x) — Fs(z)] > (6)
The implementation used a of 0.005, n of 100 and r of 30, representing approximately four
months and one month of daily MAE values, respectively.

4. Results
Prequential validation was performed on 35 HVAC device-specific datasets using three machine
learning algorithms as static references and in combination with four concept drift detection
methods for active model adaptation totaling 525 simulations. Performance was evaluated
through the Coefficient of Variation of the Root Mean Square Error (CVRMSE), while
computational efficiency was measured by the number of models trained during validation.
Figure 1 illustrates CVRMSE against model count for all simulations. Performance varied
substantially by device type. AHU devices showed CVRMSE values ranging from 7.31 to
79.69 %, while Bo devices demonstrated better consistency with values between 4.17 and 27.12 %.
HEx devices exhibited the widest variation, spanning from 3.63 to 113.67 %.
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Figure 1. Average model performance against number of models by machine learning algorithm
and concept drift detection method combinations.

The number of trained models typically ranged from 8 to 14 across all device categories,
with adaptation methods showing device-specific effectiveness. For AHU, DDM and EDDM
occasionally required fewer retrainings but sometimes sacrificed accuracy, while ADWIN and
KSWIN consistently achieved moderate improvements with 14 deployed models. Bo devices
showed similar patterns to AHU but with less variation in model count. HEx devices
displayed more pronounced differences among methods, with DDM and ADWIN achieving strong
performance efficiently at 8 to 11 models, EDDM requiring 12-14 models with slightly degraded
results, and KSWIN consistently needing 14 models with less favorable outcomes.

Among algorithms, OPT achieved the best average performance (16.65 %), followed closely by
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RF (17.31 %) and MLP (17.39 %.) RF demonstrated greater efficiency by requiring fewer models
on average (8.62) compared to OPT (9.78) and MLP (9.91), particularly for Bo and HEx.

Figure 2 shows average performance improvements for each machine learning algorithm and
concept drift detection method combination compared to the respective static reference models.
Improvement patterns varied significantly by device type. AHU devices showed predominantly
positive improvements ranging from 7.00 to 26.49 %, with ADWIN consistently producing
the strongest enhancements, followed by KSWIN. EDDM showed inconsistent performance,
while the RF-DDM combination demonstrated weaker improvements. Bo devices showed a
contrasting pattern, with most adaptation approaches degrading performance. MLP algorithms
were particularly susceptible to deterioration when retrained on focused current contexts.
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ADWIN - 1449  15.56 - ADWIN --2690 -2.05 644 ADWIN ---
DDM -11.68 10.14 -10.64 DDM --22.53 -1.52  8.02 DDM ---
EDDM --- EDDM L3732 710 26  EDDM --

KSWIN - 7.00 8.78 9.62 KSWIN --30.88 -7.09 -4.13 KSWIN -- 9.40
| | | | |

I I
MLP OPT RF MLP OPT RF MLP OPT RF

Improvement in %

Figure 2. Average model performance improvement compared to the static benchmark model
by machine learning algorithm and concept drift detection method combinations.

Only RF combined with DDM or ADWIN yielded improvements of 8.02 % and 6.44 %,
respectively. The stable baseline performance in Bo devices suggests model adaptation may
be counterproductive when initial models capture essential patterns. HEx devices exhibited
the highest and most consistent improvements at 9.40 to 35.58 %. Neural network approaches
benefited more substantially from model adaptation, with OPT consistently outperforming MLP.
For RF, DDM and ADWIN achieved considerably higher gains than EDDM and KSWIN.

5. Discussion and conclusion

In summary, improvements scaled proportionally with error ranges, delivering greater benefits
in AHU and HEx devices exhibiting wider performance distributions. Conversely, for Bo
devices, which demonstrated narrower performance ranges and stronger baseline accuracy, model
adaptation frequently proved counterproductive. Except for AHU devices, no direct relationship
between model count and overall performance was observed, suggesting that the timing of drift
detection is more important than retraining frequency. Among concept drift detection methods,
DDM triggered fewer adaptations, ADWIN displayed balanced behavior while maintaining
strong performance, and KSWIN showed high sensitivity, consistently triggering the most
retrainings with mixed results. EDDM exhibited the strongest performance degradation for
AHU and Bo devices, which can likely be attributed to suboptimal identification of drift events.
Future research will further explore concept drift detection events to provide valuable insights
into underlying system changes, potentially enabling more targeted model adaption.
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