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Abstract

Heating, ventilation, and air-conditioning (HVAC) systems are major energy consumers in commercial buildings,
educational institutions, hospitals, and industrial facilities. Conventional control strategies often rely on fixed schedules
and static setpoints, which may not respond efficiently to changing weather, occupancy, internal heat gains, or equipment
condition. This paper presents a conceptual framework for applying artificial intelligence (Al) and machine learning
(ML) to improve HVAC energy efficiency while maintaining acceptable thermal comfort and indoor air quality. The
proposed approach combines building-management-system data, energy meters, indoor and outdoor sensors, and
occupancy indicators to forecast thermal demand and recommend operating setpoints. It discusses data preparation,
prediction models, constrained optimization, evaluation metrics, implementation risks, and future research. Two
conceptual figures describe the workflow and system architecture. Since no measured building dataset was supplied, the
paper does not claim experimental energy savings or model accuracy; instead, it defines a reproducible evaluation plan
for future validation.

Keywords—Artificial intelligence, HVAC, energy efficiency, machine learning, building energy management, load
forecasting, smart buildings.

1. INTRODUCTION

HVAC systems provide thermal comfort, ventilation, humidity control, and air movement in buildings. Their energy
consumption depends on building envelope properties, outdoor weather, occupancy, equipment efficiency, operating
schedules, and control logic. A system may consume unnecessary energy when cooling or heating continues in unoccupied
zones, when setpoints are overly restrictive, or when equipment operates outside its efficient range. At the same time,
aggressive energy reduction can compromise comfort and indoor air quality. Effective optimization must therefore balance
energy use with occupant needs and equipment constraints.

Traditional HVAC control often uses thermostats, time schedules, proportional-integral-derivative (PID) loops, and rule-
based building-management systems (BMS). These methods are essential for stable control and remain suitable for many
applications, but their fixed rules may not fully exploit patterns in historical energy use, weather forecasts, and occupancy. Al
can support more adaptive decisions by learning relationships between operating conditions and energy demand. Machine
learning can forecast cooling or heating loads, identify unusual consumption, estimate occupancy, and assist in selecting
efficient setpoints.

The objective of this paper is to present an engineering-oriented framework for Al-assisted HVAC energy optimization. The
emphasis is on integrating prediction with constrained control rather than treating an Al model as an independent
replacement for mechanical design or safety controls. The proposed approach is suitable for further investigation in
institutional buildings, offices, laboratories, and similar facilities, subject to local climate, equipment configuration, and data
availability.

1.1 Objectives and Scope

The study aims to: (i) review common Al methods for building energy management; (ii) propose a sensor-to-control
workflow for HVAC optimization; (iii) outline a methodology for data preparation, load forecasting, and setpoint
recommendation; (iv) define evaluation measures for energy, comfort, and operational performance; and (v) identify
limitations and deployment requirements. The paper focuses on operational optimization of existing HVAC systems, not the
detailed design of refrigeration cycles, compressors, or duct networks.
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2. LITERATURE REVIEW

Building energy management has traditionally relied on physical simulation, empirical models, and rule-based controls.
Building energy simulation tools can estimate heating and cooling loads based on weather, envelope characteristics,
schedules, and system parameters. These tools are useful for design and scenario analysis, but accurate predictions require
suitable inputs and model calibration. Rule-based systems are straightforward to commission and explain, although
maintaining a large set of rules can be difficult when occupancy patterns and operating conditions change.

Supervised machine-learning algorithms, including linear regression, random forests, gradient-boosting methods, and neural
networks, have been used to forecast building energy consumption and thermal loads. Inputs may include outdoor
temperature, humidity, solar radiation, time of day, day of week, occupancy, supply-air temperature, valve position, and
historical energy readings. Forecast quality depends on data completeness, sensor calibration, the chosen prediction horizon,
and whether the training data represent seasonal and operational variability.

Deep-learning approaches can model temporal dependencies in building data. Recurrent neural networks and long short-term
memory (LSTM) networks are designed to process sequences, while temporal convolutional networks can capture patterns
over multiple time scales. However, complex models may be difficult to interpret and may overfit when data are limited.
Simpler baselines should be evaluated first, and models should be tested on future time periods rather than random samples
alone.

Reinforcement learning and model-predictive control (MPC) have also been investigated for building control. In
reinforcement learning, an agent learns a policy by interacting with an environment or simulator and receiving rewards for
desired outcomes. MPC repeatedly predicts future behaviour over a finite horizon and selects control actions subject to
constraints. Al-based forecasting can complement MPC by improving demand estimates, while rule-based safety limits
preserve predictable operation. In practice, simulation, offline evaluation, and supervised commissioning are important before
any adaptive policy controls real equipment.

3. PROPOSED AI-BASED HVAC OPTIMIZATION FRAMEWORK

The proposed framework uses historical and real-time data to estimate future thermal demand and identify suitable HYAC
operating conditions. Figure 1 illustrates the stages from sensor collection to energy monitoring. The system is designed to
work alongside a building-management system, with the BMS retaining final authority over equipment interlocks and safety
limits.

Al-Based HVAC Energy Optimization Workflow

Building & HVAC Data Collection Load / Demand Al Optimization
Sensors & Cleaning Prediction Model

Setpoints &
Energy Monitoring

Fig. 1. Al-based workflow for HVAC energy optimization.

3.1 Data Collection and Sensor Inputs

A practical data set may contain electricity consumption of chillers, pumps, fans, and air-handling units; supply and return
temperatures; chilled-water flow; valve and damper positions; indoor temperature and relative humidity; outdoor weather;
and occupancy or schedule indicators. Where available, pressure, carbon-dioxide concentration, and equipment status can
help explain ventilation and operating requirements. Sampling intervals should match the dynamics of the system and the
intended prediction horizon. High-frequency measurements are not always necessary for energy forecasting, but consistent
timestamps and reliable sensor calibration are essential.

Before modelling, the data owner should document sensor units, location, sampling interval, missing-data frequency,
equipment operating modes, and any changes to schedules or hardware. A meter reading should be distinguished from a
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calculated estimate, and periods affected by sensor faults or maintenance should be flagged. Occupancy data should be
collected and handled in accordance with applicable privacy and organizational policies.

3.2 Data Cleaning and Feature Engineering

Data preparation includes checking missing or duplicated timestamps, detecting implausible values, aligning measurements,
and identifying periods when equipment is off or operating in an unusual mode. Missing values can sometimes be
interpolated for short gaps, but long gaps should be flagged rather than silently filled. Outliers should be investigated because
they may represent either sensor errors or meaningful events such as a chiller start-up.

Useful features include lagged energy consumption, rolling averages, outdoor dry-bulb temperature, humidity, solar
radiation, hour of day, day of week, season, occupancy estimates, and setpoint differences. Heating and cooling demand may
be strongly nonlinear around comfort setpoints, so degree-hour features or piecewise relationships can be useful. Feature
scaling and imputation must be fitted on training data only to avoid leakage into validation and test sets.

3.3 Load Forecasting Models

The first modelling task is to predict HVAC electricity use or thermal demand over a defined horizon, such as the next 15
minutes, hour, or day. A seasonal-naive forecast and linear regression provide useful baselines. Random forests and gradient-
boosting models can represent nonlinear relationships and interactions between weather, occupancy, and system state. LSTM
or other sequence models may be appropriate when large, continuous time-series data are available. Candidate models should
be compared using the same chronological data split.

The model output may be a point forecast or a range reflecting uncertainty. Forecast uncertainty is valuable because a
controller should be more conservative when demand predictions are unreliable. The model should also be evaluated
separately for heating and cooling seasons, weekends and weekdays, and different occupancy levels where sufficient data are
available.

3.4 Setpoint Optimization and Control

Predicted demand can be used to recommend supply-air temperature, chilled-water temperature, fan speed, pump speed, start-
up time, or zone temperature setpoints. The optimization objective may combine energy consumption, peak demand, thermal
discomfort, and equipment wear. A simplified objective can be written as J = wk-E + wC-C + wP-P, where E represents
energy use, C represents a comfort-violation penalty, P represents peak demand, and the w terms are weights chosen by the
building operator. The optimization is subject to minimum ventilation, equipment operating limits, humidity constraints, and
acceptable temperature ranges.

In model-predictive control, the optimizer evaluates candidate actions over a future horizon, applies the first action, then
updates the decision when new sensor data arrive. This rolling approach can anticipate weather changes and occupancy
schedules. A less complex deployment can use Al forecasts to recommend setpoints to an operator, who approves them
before they are applied. This human-supervised mode can be a useful first stage where the building has not previously used
automated optimization.
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3.5 System Architecture

Conceptual Architecture for Al-Assisted HVAC Control

Indoor / outdoor Optimization engine

conditions \ / (comfort + energy)
Data validation Forecasting model

& feature building (load / occupancy)
Energy meter & /

HVAC telemetry BMS setpoints &
feedback monitoring

Fig. 2. Conceptual architecture for Al-assisted HVAC control.

In this architecture, environmental and equipment data are validated and transformed into model features. A forecasting
model estimates future demand, and an optimization engine recommends operating settings that reduce energy use while
satisfying comfort and equipment constraints. The BMS applies only permitted commands and returns updated measurements
for monitoring. The design should include a fallback to the existing control strategy if sensors fail, communication is lost, or
the Al service produces invalid output.

4. EVALUATION METHODOLOGY

A future experimental study should compare the Al-assisted strategy with the existing baseline controller under comparable
operating conditions. A simple before-and-after comparison can be misleading if weather, occupancy, or operating hours
differ. A stronger study uses weather and occupancy normalization, a matched baseline period, a calibrated simulation, or a
controlled pilot where feasible. Energy use should be reported in clearly defined units and over an adequate duration to
include representative operating conditions.

Metric What it measures Why it matters

HVAC energy (kWh) Electrical energy used by defined Primary energy outcome
equipment

Energy intensity (KWh/m?) Energy normalized by floor area Supports comparison between

buildings

Forecast MAE / RMSE Average prediction error Shows demand forecast quality

Comfort violation hours Time outside approved Checks occupant comfort
temperature/humidity limits

Peak electrical demand (kW) Maximum demand over defined Assesses demand-management benefit
interval

CO:2 / ventilation compliance Indoor-air-quality proxy or required Prevents energy savings at the expense
ventilation status of ventilation

Control stability Frequency and magnitude of setpoint Awvoids excessive actuator movement
changes

Table 1. Recommended evaluation metrics for an Al-assisted HVAC strategy.

4.1 Experimental Protocol

A repeatable protocol is recommended: (1) select a building and define the HVAC system boundary; (2) establish a baseline
control period and record weather, occupancy, energy, and comfort; (3) validate sensors and prepare the time series; (4) split
the data chronologically into training, validation, and test periods; (5) train simple and advanced forecasting models; (6)
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select a control strategy in simulation or offline analysis; (7) test the strategy under supervision with predefined comfort and
equipment limits; and (8) report energy, comfort, forecast error, and operational exceptions. Model versions, setpoint limits,
and data-processing steps should be documented.

No real building dataset or measured results were supplied for this paper. Tables 2 and 3 are explicitly synthetic examples
used to demonstrate data organization and metric calculations; they must not be cited as experimental findings. No real-world
energy-saving percentage, model accuracy, or payback period is claimed. Those values must be measured in a real pilot or
validated simulation before being presented as research findings.

5. DISCUSSION

Al-assisted HVAC optimization offers several potential advantages. Forecasting can support earlier start-up or shutdown
decisions, while occupancy-aware scheduling can reduce conditioning in unused areas. Coordinated control of chillers,
pumps, and air-handling equipment may also help avoid inefficient combinations of setpoints. Anomaly detection can
identify unusual energy consumption, stuck dampers, sensor drift, or equipment that runs longer than expected. Such alerts
can direct engineers toward investigation, although they do not automatically prove a specific mechanical fault.

The benefits depend on the quality of instrumentation and the building’s existing control maturity. Poorly calibrated sensors,
missing data, frequent changes in operating policy, or limited historical coverage can weaken model performance. A model
trained during one season may not perform well during another. Transfer to a different building is also difficult because
envelope construction, equipment sizing, occupancy, and control sequences vary. Periodic revalidation and clear
responsibility for model updates are therefore necessary.

Energy optimization must not override ventilation, humidity control, fire and smoke strategies, equipment protection, or
occupant comfort requirements. Al should operate within hard limits approved by mechanical and controls engineers. For
critical buildings such as hospitals or laboratories, control changes require additional review because environmental
requirements may be more stringent. Cybersecurity should also be considered when connecting BMS equipment to analytics
platforms, especially where remote access or cloud services are used.

5.1 lllustrative Dataset and Variables

To make the proposed method more concrete, this section defines a small illustrative dataset for an HVAC system serving an
institutional building. The values below are synthetic demonstration values created to explain the analysis workflow; they are
not measurements from a real building and must not be presented as experimental findings. A full study should replace them
with validated building-management-system logs and energy-meter readings.

Assume the system is monitored at hourly intervals. Each record contains outdoor temperature, occupancy, average indoor
temperature, HVAC electrical energy, and the energy forecast produced by a candidate model. A simplified sample is shown
in Table 2. The values are intentionally limited to a short time window to demonstrate the structure of the data, not to train or
validate a reliable prediction model.
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Hour Outdoor temp. (°C) Occupancy (%) HVAC energy (kWh) Illustrative forecast (kWh)
09:00 28 45 182 18.8
10:00 30 60 214 209
11:00 32 75 256 248
12:00 34 85 29.1 28.0
13:00 35 90 310 30.2
14:00 35 88 304 311
15:00 33 70 26.2 255
16:00 31 55 225 230
Metric Baseline controller Al-assisted example How to interpret
HVAC electricity 12,000 kWh 11,100 kWh Illustrative difference: 900 kWh
Relative energy change Reference = 100% 7.5% lower (12,000 — 11,100) / 12,000 x 100
Comfort violation hours To be measured To be measured Must not worsen beyond agreed limits
Peak demand To be measured To be measured Compare the same demand interval
Indoor-air-quality compliance To be measured To be measured Ventilation must remain compliant

Table 2. Synthetic illustrative hourly HVAC dataset; values are not observed experimental data.

The sample suggests a plausible relationship: energy use rises as outdoor temperature and occupancy increase, then falls as
outdoor temperature and occupancy decline. However, eight synthetic records cannot establish causation, seasonal
performance, or model accuracy. Real HVAC demand also depends on solar gain, humidity, ventilation requirements,
thermal mass, equipment staging, setpoints, and the efficiency of chillers, pumps, and fans.

5.2 Worked Example of Forecast Error

For a simple numerical demonstration, forecast error can be calculated as actual energy minus forecast energy. Absolute error
is the absolute value of that difference. Mean absolute error (MAE) is the average absolute error across N observations: MAE
= (I/N) Z |yi — §i|. Using the eight illustrative records in Table 2, the absolute errors are 0.6, 0.5, 0.8, 1.1, 0.8, 0.7, 0.7, and 0.5
kWh. Their sumis 5.7 kWh, giving an illustrative MAE of 5.7/8 = 0.7125 kWh per hourly observation.

This worked calculation demonstrates how a metric is obtained; it is not evidence that a trained model achieves this error on
real data. A valid evaluation requires a sufficiently large, chronologically held-out dataset and a baseline forecast for
comparison. Root mean squared error (RMSE) may also be reported because it penalizes larger errors more strongly, while
mean absolute percentage error should be avoided or interpreted carefully when actual values can be near zero.

5.3 Data Quality and Reproducibility Requirements

For a reproducible study, the data table should document timestamp, sensor identifier, units, sampling interval, missing-value
handling, equipment mode, and any exclusions. The train-validation-test split should be chronological so that later
observations are not used to predict earlier periods. Model settings, feature definitions, software versions, and the exact
evaluation period should be recorded. Results should be reported with both aggregate and condition-specific metrics, for
example cooling-season versus heating-season performance and occupied versus unoccupied hours.

A recommended final results table for a real pilot includes at least: (i) baseline and Al-assisted HVAC kWh; (ii) weather- and
occupancy-normalized energy use; (iii) MAE and RMSE for load forecasts; (iv) comfort-violation hours; (v) peak electrical
demand; (vi) indoor-air-quality compliance; and (vii) control overrides or safety fallback events. If the dataset is too short or
does not include representative operating conditions, this limitation should be explicitly stated.

6. Challenges and Mitigation

Data scarcity can be addressed through longer monitoring periods, careful feature engineering, and simple models that
perform well with modest data volumes. Data leakage can be reduced by chronological splitting and by keeping all
preprocessing steps within the training pipeline. Model drift can be managed by monitoring forecast errors, sensor
distributions, and comfort outcomes over time. Uncertainty-aware predictions can help the controller fall back to conservative
settings when the forecast is unreliable.

Explainability is important for operator acceptance. Dashboards should show the predicted demand, the proposed setpoint
change, the expected direction of energy impact, and any active constraints. Operators should be able to reject
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recommendations and return to the established controller. A staged deployment—offline analysis, simulation, advisory mode,
and then limited automatic control—reduces the risk of introducing an unverified strategy into a live building.

7. FUTURE SCOPE

Future research may combine Al forecasts with digital twins and physics-informed models to improve transfer between
buildings and support scenario testing. Federated learning may allow multiple facilities to improve shared models without
centralizing all raw data, subject to privacy and security requirements. Reinforcement learning may be explored in validated
simulation environments before real-world deployment. Further work can also include thermal storage, renewable generation,
demand response, and carbon-aware scheduling so that HVAC systems respond to both energy price and grid conditions.

8. CONCLUSION

This paper proposed an Al-driven framework for improving HVAC energy efficiency using machine learning. The
framework integrates sensor data, data cleaning, demand forecasting, constrained setpoint optimization, and feedback
monitoring. It emphasizes the need to evaluate energy consumption alongside thermal comfort, ventilation, peak demand, and
control stability. Al can help make building operation more adaptive, but reliable results require quality data, chronological
validation, engineering constraints, and a safe fallback strategy. The next step is to validate the framework using a
documented building dataset or controlled pilot and report only measured outcomes.
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