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The Dilemma of HVAC Diagnostics

In line with the EU Smart Readiness Indicator (SRI) 
under the Energy Performance of Buildings Directive 
(EPBD), Fault detection and diagnosis (FDD) is an 
essential component of smart building operation and 
maintenance. By continuously monitoring system 
performance, FDD enables the early detection of 
abnormal behaviour, identification of root causes, and 
ensures efficient HVAC operation, occupant comfort, 
and reduced energy waste.

Over the past several decades, artificial intelligence 
(AI) has evolved into a powerful tool to support 
HVAC FDD, with two distinct paradigms emerging: 
Symbolic AI and Sub-symbolic AI, as illustrated in 
Figure 1. Symbolic AI, often referred to as rule-based 
expert systems, relies on explicit human expertise 
by interpreting HVAC documents such as piping 
and instrument diagrams (P&IDs) and defining 
“If–Then” rules that link observable symptoms to 

possible faults. For example, a rule might state, “If 
the supply air pressure is too low, then a fan failure 
may have occurred.” Such rule-based diagnosis is easy 
to understand, verify, and refine when system condi-
tions change. By contrast, sub-symbolic AI represents 
data-driven models such as machine learning and deep 
learning techniques, which learn fault patterns and 
system behaviour directly from operational data. While 
often more accurate, these models act as “black box”, 
making their diagnosis difficult to interpret.

However, a dilemma exists in the current practice of 
HVAC diagnostics. Sub-symbolic AI methods have 
become increasingly popular in research due to their 
high accuracy, accounting for nearly 70% of recent 
publications [1]. Yet, applications in practice are still 
dominated by rule-based systems, even though they 
are frequently criticized in the literature for producing 
many false alarms, being time- and labour-intensive, 
and heavily reliant on domain expertise.
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Faults silently degrade HVAC performance, wasting energy and diminishing indoor well-being. How can artificial 
intelligence help us diagnose them? This paper shares insights into challenges of large-scale practical HVAC 
diagnostics and presents efforts from the Brains4Buildings project, specifically highlighting the emerging potential 
of Large Language Models (LLMs) as intelligent assistants toward self-learning and adaptive diagnostics.
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Data Quality Challenge in Data-driven HVAC 
Diagnostics

Why do sub-symbolic AI methods fall short in 
practice? Aside from the limited interpretability caused 
by its “black box” nature, sub-symbolic AI is often 
constrained by the availability of high-quality data. 
But what does high-quality data actually mean in the 
context of HVAC diagnostics? It generally includes:

•	 Labeled faulty data. Unlike building energy pre-
diction tasks, where labels naturally exist, HVAC 
diagnostics require each fault type to be properly 
identified and annotated to train supervised learning 
models. In practice, building operation data remains 
naturally unlabeled.

•	 Sufficient sensor configuration. Missing or insuf-
ficient sensors can directly lead to model failure. 
Our investigation examined 18 air handling units 
(AHUs) from a Dutch building service company. It 
revealed that they had varying sensor configurations, 
with most AHUs failing to comply with the sensor 
configuration standards recommended by ASHRAE 
or ISSO [2].

•	 Balanced faulty labels. Models trained on imbal-
anced datasets tend to bias diagnostics toward 
normal operation and more frequent fault types. 
Our analysis of historical maintenance records from 
a Dutch building service company revealed that 
fault frequencies varied significantly across fault 
types, highlighting the inherent imbalance in real-
world HVAC datasets [3].

•	 Representative data distributions. Training data 
should capture the real HVAC operational con-
ditions to ensure that the model generalizes well 
beyond specific cases. Yet most studies rely on short-
term or commissioning fault experiments to collect 
data that fails to reflect the actual distribution.

Therefore, in reality, collecting such high-quality data 
is nearly impossible. This limitation remains a signifi-
cant barrier to the large-scale practical implementation 
of sub-symbolic AI in HVAC diagnostics.

Diagnostic Bayesian Networks: Integrating 
Expertise into HVAC Diagnostics

Diagnostic Bayesian Networks (DBNs) provide a 
promising solution to integrate decades of accumulated 
engineering knowledge, such as traditional rule-based 
diagnostics and expert experience, into modern HVAC 
diagnostics [1]. 

As shown in Figure 2, DBNs are constructed through 
expert analysis of P&IDs, where causal reasoning 
defines the relationships between faults and their 
observable symptoms (either predefined rules or data-
driven symptom detection) [5,6]. Experts assign prior 
probabilities to represent the likelihood of faults and 
conditional probabilities to describe how symptoms 
depend on specific faults, forming the basis for diag-
nostic inference. Once established, DBNs use prior 
and conditional probabilities to perform diagnostic 

Figure 1. AI Modelling Framework for HVAC Diagnostics.
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inference, identifying the most probable faults from 
detected symptoms derived from real-time sensor data 
streams. DBNs can also be flexibly combined with 
sub-symbolic AI methods and can easily integrate 
occupant feedback and expert observations as addi-
tional symptom inputs [1,7]. 

In short, DBNs align well with HVAC design and 
implementation practices and can provide high diag-
nostic accuracy, strong interpretability, and robustness 
to uncertainty. While DBNs have demonstrated 
their effectiveness, their development remains highly 
dependent on expert experience and manual input, 
which makes the process labor-intensive and time-
consuming across different HVAC systems [1,8].

LLM Opportunities in HVAC Diagnostics

Recent advances in LLMs have introduced new pos-
sibilities for addressing persistent challenges in HVAC 
diagnostics. Pretrained on massive datasets, LLMs 
such as ChatGPT can process extensive linguistic 
and technical knowledge, enabling them to perform 
complex tasks involving language comprehension, 
reasoning, knowledge abstraction, and even vision-
based interpretation. This emerging capability raises an 
essential question for the building industry: Can LLMs 
interpret HVAC documents (e.g., P&IDs) and support 
engineers in developing diagnostic models (e.g., DBNs)? 
To explore this potential, we present three promising 
LLM-assisted applications in HVAC diagnostics.

LLM-assisted P&ID Digitalization
Most P&IDs of existing HVAC systems are still stored 
as scanned images or static PDF files, which is a major 
barrier to automated modeling for HVAC diagnostics. 
We explored how LLMs can automatically convert 

HVAC piping and instrumentation diagrams (P&IDs) 
from static images into machine-readable formats (e.g., 
JSON), without any task-specific training (i.e., in a 
zero-shot setting) [9]. The preliminary results show that 
directly applying LLMs to P&ID digitization remains 
highly challenging, even with state-of-the-art models 
such as GPT-5, which failed to recognize symbols 
effectively (0% mean average precision, mAP). To 
address this, we proposed a preprocessing strategy that 
segments P&IDs into local image crops and pairs them 
with full-diagram annotations containing bounding 
boxes for global context. With this approach, the LLM 
achieved improved symbol recognition performance, 
reaching a mAP of 31.05%. This demonstrates the 
feasibility of applying LLMs to P&ID digitalization, 
though further improvement is still required.

LLM-assisted DBN Symptom Reasoning
Developing effective DBNs relies heavily on expert 
knowledge and experience to define fault–symptom 
relationships, requiring proficiency in both HVAC 
systems and Bayesian reasoning. To evaluate the poten-
tial of LLMs in supporting this process, a comparative 
study was conducted involving four HVAC engineers 
and GPT-5 in constructing an AHU DBN. Expert 
opinions were obtained through a semi-structured 
survey covering 11 common AHU faults, where 
participants identified relevant symptoms and rated 
their severity and confidence levels. GPT-5 was evalu-
ated through a prompt-based reasoning task under 
the same conditions. The survey revealed that, while 
some consistency existed among expert opinions, there 
were considerable differences in how they perceived 
the strength of fault–symptom relationships, reflecting 
the inherent subjectivity of human reasoning. Due to 
these differences, the diagnostic performance of expert-
constructed DBNs also differed considerably, correctly 

Figure 2. Illustration of DBNs (PP: Prior Probability; CP: Conditional Probability). Adapted from. [4].
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diagnosing between 2 and 10 fault cases out of 15. 
In comparison, the DBN based on GPT-5-derived 
symptom relationships achieved comparable accuracy, 
correctly diagnosing 10 fault cases and matching the 
best-performing expert.

LLM-assisted DBN Code Generation
LLMs have recently demonstrated strong capabilities 
in producing structured outputs such as executable 
code. We explored LLM -assisted DBN code genera-
tion for HVAC diagnostics using machine-readable 
files extracted from P&IDs as inputs [10]. Claude 
3.5 Sonnet was employed for its strong ability in 
code generation tasks. To enhance the reliability of 
the generated code, we employed Chain-of-Thought 
(CoT) reasoning to guide the model through a 
four-step DBN modeling framework [1], thereby 
decomposing the complex task of DBN construction 
into explicit reasoning steps. The results demonstrated 
that the LLM was able to generate functional DBN 
code in Python. A qualitative analysis confirmed that 
the generated fault-symptom relationships and prior 
probabilities were largely consistent with those of the 
existing DBNs in the literature , demonstrating the 
LLM’s capability to capture HVAC-relevant causal 
logic. In contrast, the quantitative analysis based on 
experimental data revealed that only one fault (“supply 
fan stuck”) was correctly identified. The limited diag-
nostic accuracy was mainly attributed to inappropriate 
symptom thresholds and model hallucinations within 
the generated code. These findings underscore both 
the potential and current limitations of LLM-assisted 
DBN modelling, emphasizing the need for expert-in-
the-loop supervision and further refinement to ensure 
accurate and robust fault diagnosis.

Outlook
These studies highlight the emerging potential of 
LLMs as intelligent assistants in HVAC diagnos-
tics, from interpreting visual-textual engineering 
documents to supporting symptom reasoning and 
automating model generation. Although the results 
remain preliminary, they show that LLMs can mean-
ingfully apply engineering expertise in automatically 
developing diagnostic models that extend beyond tra-
ditional sensor data–driven methods. Future work will 
first focus on structured prompt design and domain-
specific fine-tuning to enhance LLM performance in 
HVAC diagnostics. Meanwhile, emerging paradigms 
such as retrieval-augmented generation and AI agents 
offer new possibilities for developing self-learning 
diagnostic systems that integrate document-based 
engineering knowledge with real-time operational data. 
These advances lay the foundation for neuro-symbolic 

AI frameworks, which combine the interpretability 
of symbolic reasoning with the adaptability of sub-
symbolic learning, to enable self-learning HVAC 
diagnostics capable of deeper understanding, causal 
reasoning, and continuous learning. 
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