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Dear Editor,

Building operations account for approximately 30% of global final energy
use' and continue to exhibit an upward trend. To facilitate the goal of carbon
neutrality in the building sector, it is urgently needed to develop intelligent and
scalable building operation technologies to better regulate building energy
efficiency.

The operation of modern buildings emcompasses the production, distribu-
tion, and consumption processes of multiple energy flows, such as electricity,
gas and thermal energy, and has been gradually evolving into a highly inte-
grated and complex system. Conventional building operation methods
primarily rely on engineering experience and human labor, making it difficult
to derive optimal operation settings of numerous control nodes in constantly
changing operating conditions. With the advancement in information tech-
nologies and artificial intelligence (Al), data-driven methods have gained
great interest to upgrade conventional human-centric operation approaches
in an automated fashion and thereby, enhancing the efficacy of various
building operation tasks, such as anomaly identification, energy load fore-
casting, component- and system-level optimal control.

However, the present application of data-driven building operation tech-
nologies is rather limited, especially when deployed to building systems with
heterogeneous architectures and configurations. This letter aims to analyze
the key challenges in developing generalizable methods for scalable cross-
building applications, while proposing possible data-driven solutions to tackle
such challenges.

KEY CHALLENGES IN THE GENERALIZABLE AND SCALABLE DEPOLY-
MENT OF INTELLIGENT BUILDING OPERATION TECHNOLOGIES

At present, data-driven building energy management methods have yet to
be widely applied, primarily due to the following three common challenges.

Limited human resources resulting in unreliable data ground truths

The fundamental basis for developing data-driven building operation tech-
nologies is to differentiate normal and abnormal operations in historical data.
While data representing normal operations can be used to train models to
simulate expected building system behaviors given varying operating condi-
tions, the discovery of abnormal operation data can provide clues for amend-
ing faulty or suboptimal operations. In practice, only limited human resources
are typically available to conduct such data labeling, leaving the majority of
building operational data unlabeled for the direct implementation of learning
algorithms.”

Inconsistent building data quality and semantics leading to inaccurate
data-driven models

Variations in building functionalities and operating conditions often result
in inconsistent data quality with varying monitoring variables. The lack of
sematic sufficiency, i.e., inconsistent descriptions of variables, units and
contextual metadata, further reduces the interoperability of building datasets.
These issues compromise the precision of data-driven models and
inevitablely introduce decision biases in the control strategies built upon
them. For example, chiller operating efficiency is closely related to their part-
load ratios. Given accurate building cooling load predictions, the running
chiller numbers can be optimized to maximize chiller operating efficiencies,
while inaccurate predictions will lead to rather poor chiller sequencing
controls.’

Heterogeneous building systems requiring customized control strate-
gies

Owing to differences in building types, environmental conditions and
indoor demands, different buildings may adopt energy systems with various
architectures and configurations, making it difficult to develop generalizable
and efficient optimal control strategies. Taking buildings equipped with
photovoltaic (PV) and energy storage systems as an example, the temporal
relationships among energy consumption, PV generation, and storage
capacities are constantly changing. It can be highly challenging to define
universal control rules for energy storage systems to achieve optimal
controls given varying time-of-use tariffs and operating conditions.

OUTLOOK

Extensive research has been conducted to show the power of statistics,
machine learning and data mining techniques in extracting, representing and
adjusting building operation patterns for enhanced energy efficency.” Despite
encouraging progress, most studies are tailored to specific building systems
and rely on the assumption that high-quality data is available, limiting their
scalability for cross-building applications.

From the authors' perspectives, generalizable data-driven building opera-
tion technologies should have three desired properties: (1) requires mini-
mized human labor to differentiate between normal and abnormal building
operation data; (2) can provide reliable predictions on building system perfor-
mance given limited data at individual building level; (3) has the ability to
provide efficient and stable optimizations for complex and heterogenous
systems. Based on the above-mentioned, we propose a three-stage analytic
framework, which leverages multiple machine learning paradigms, to facili-
tate data-driven building operations. As shown in Figure 1, the framework
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A Framework of Generalizable Data-driven Building Operation Methods
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Figure 1. A three-stage analytic framework for generalizable data-driven building operation methods The framework integrates multiple machine learning paradigms to
achieve anomaly identification, predictive modeling and control optimization with minimal human labor and data requirements

establishes a comprehensive workflow spanning the entire decision-making
pipeline with three stages, i.e., data anomaly identification, predictive model
development, and building system control optimization, creating a synergis-
tic data-driven mechanism to minimize human labor and data requirement
for applications.

Multiple machine learning paradigms-enable methods for data anomaly
identification with reduced human labor

Due to the wide existence of sensor malfunctions, equipment faults and
infrequent human activities, building operation data collected typically consist
of both normal and abnormal data. The first stage focuses on developing an
efficient data anomaly identification system with reduced human labor.
Taking the classification-based approach for anomaly detection as an exam-
ple, conventional supervised learning methods typically require extensive
labeled data for model training. To reduce human labeling costs, multiple
machine learning paradigms can be integrated to facilitate essential steps in
developing anomaly classification models. For instance, active learning
creates an efficient iterative process between data-driven models and
experts to automatically select informative data samples for manual inspec-
tion, thereby reducing the human labor required for data labeling. Informative
data samples are those that may create the largest confusion (e.g., measured
by least confidence or entropy) to the existing data-driven model and includ-
ing them in the model training process will likely result in the largest
improvement in model update.

As another example, considering the imbalanced nature of normal and
abnormal operations, specific measures are typically needed to enhance the
reliability of data-driven anomaly identification. Besides conventional data re-
sampling and cost-sensitive methods, generative learning models, such as
generative adversarial networks or variational autoencoders, can be devel-
oped to generate synthetic yet physically meaningful minority-class data to
enhance the reliability of data-driven models. Other machine learning
paradigms, such as self-supervised and semi-supervised learning, can inte-
grate both labeled and unlabeled data for anomaly identification and thereby
reduce the dependency on human labor for decision-making. The combined
use of these paradigms could achieve synergistic effects. For instance, previ-
ous studies have demonstrated that a hybrid approach integrating active

learning and semi-supervised learning can reduce human labeling costs by
50%."

Centralized and decentralized information sharing mechanisms for
accurate data-driven modeling with limited individual building data

The generalizability of data-driven models is highly sensitive to the repre-
sentativeness of training data, e.g., a model trained by summer operation
data tends to fail in winter conditions. As a result, data-driven approaches
may not be feasible for different buildings, as their operation data may vary in
coverage due to limited operation time or operating conditions. Therefore, the
second stage aims to break the data silo in the building field and utilize oper-
ational data from existing buildings for collaborative model development.

Existing studies have explored the potential of both centralized and decen-
tralized methods for cross-building information sharing.” The centralized
method can be formulated using the idea of transfer learning, and it is partic-
ularly suitable when building operation data can be exchanged without
privacy concerns. The general idea is to pre-train a model using data-rich
source buildings and then fine-tune the model using limited target building
data.” The efficacy of such an approach has been validated in prior studies.
For instance, in 24-hour ahead building energy prediction tasks across five
distinct building types, the transfer learning-based approach can reduce
prediction errors by more than 15%, compared with models trained on indi-
vidual data alone.* Meanwhile, in scenarios where data privacy regulations
prohibit data centralization, federated learning offers a privacy-preserving
alternative. Such an information-sharing mechanism is especially valuable
for cross-stakeholder collaborations, enabling collective model training with-
out data exchange. In federated learning, each building trains a model locally
and only transmits model updates (e.g., model gradients or weights) to a
central server for global model aggregation, which will be re-distributed to all
individual buildings for next-round training. Previous studies have shown that
federated learning could improve building energy prediction accuracies by
more than 5.0%.” While the performance enhancement of federated learning-
based methods may not match their centralized counterparts, it does outper-
form conventional localized methods while addressing data privacy
concerns.
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Stable and efficient optimization methods for heterogenous and complex
building energy systems

Ideally, given accurate data-driven prediction models on building energy
systems, optimization methods can be developed to find optimal settings of
numerous control nodes for enhanced energy efficiency. In practice, the key
challenge at this stage is to develop stable and efficient optimization meth-
ods for complex and heterogenous systems. Firstly, less randomness in opti-
mization results is always desired, as frequent variations in control settings
may not be feasible or will bring negative impacts on equipment life and
safety. For example, under the same environmental conditions and predicted
building cooling loads, the optimization should yield consistent chiller and
cooling tower operating schedules across consecurtive time steps to avoid
frequent one-off switching. In such a case, algorithms that are vulnerable to
local optima may not be suitable for practical applications.

Secondly, as data-driven optimizations may introduce complicated inter-
actions among different data-driven models, the computation burden can be
rather high for real-time implementations. In this case, domain expertise is
vital to enhance the optimization efficiency. Taking the optimal control of a
building system equipped with both PV and battery storage systems as an
example, a model predictive control framework can be formulated to opti-
mize the battery actions for minimized operation costs given time-of-use
tariffs, and predictions on building energy demands and PV generations. It
can be solved as a fix-horizon linear programming problem, yet the number
of decision variables and constraints can be rather high in conventional
settings, e.g., the decision variables are 96, considering a 24-hour prediction
horizon and 15-minute time interval. Experienced building staff may realize
that the battery charging or discharging status should be maintained unless
either the direction of net energy (i.e., building energy consumption minus PV
generation) or time-of-use tariff changes. In such a case, a simplified opti-
mization task can be defined by aggregating temporally adjacent predictions
according to their operating conditions, leading to around 90% reductions in
the numbers of decision variables and constraints.

CONCLUDING REMARKS: TOWARDS A WIDER IMPLEMENTATION OF
DATA-DRIVEN SOLUTIONS

From our perspectives, the limited penetration of data-driven or Al-based
solutions for smart building operations is no longer an algorithm-level issue.
Instead, the main barriers lie in the lack of portability, interoperability, trans-
ferability, and also interpretability of these solutions across diverse building
contexts and stakeholders. Equally important, the high costs associated with
implementation and long-term maintenance create additional barriers to
large-scale applications. Integration into existing building automation
systems often requires bespoke engineering efforts, and demands ongoing
monitoring, updates, and technical expertise. All these issues could discour-

age stakeholders from moving beyond pilot projects. Addressing these barri-
ers requires a shift of focus: from developing ever more complex algorithms
for specific tasks to creating standardized and cost-effective decision-
making pipelines. Only through such efforts will data-driven or Al-based
building operation technologies become trustworthy, transferable, and
broadly impactful in practice.
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