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Analysis of HVAC sensor characteristics for operation and
maintenance to propose indoor environment: A case research on public

building HVAC

Abstract: Sensors are a crucial component in heating, ventilation and air conditioning (HVAC)
control systems and the quality of these plays an important role in control accuracy. In research of
fault detection and control optimization, improving sensor data quality has the inspiring potential
for application. It has largely been limited to the application of signal processing methods in research
focus, which has not conducted a detailed analysis of the characteristics of signals from various
sensors within the HVAC system. Therefore, it analyzes the time-frequency domain characteristics
of control sensors within HVAC systems through integrating the structural design and control logic
of HVAC systems. Additionally, the research examines the correlations between control sensors in
HVAC systems. Based on statistical principles and the energy-mass dynamic laws of the equipment,
defines first-class (I) correlated sensors and second-class (II) correlated sensors. To sum up, it is to
conduct a fundamental study on the characteristics of control sensors within HVAC systems,
providing theoretical reference for future research on HVAC system fault diagnosis and control
optimization.

Keywords: HVAC control sensor, Time-domain, Frequency-domain, Sensor noise

Highlights:

1. This paper analyses the time-frequency domain characteristics of sensors in HVAC systems
2. This paper analyses the noise content of HVAC system sensors.

3. This paper analyses the inter-sensor correlation characteristics of the HVAC system.

1. Introduction

The International Energy Agency (IEA, 2022) has reported that global energy consumption is
approximately 30% attributed to the building sector. The electricity consumption of heating,
ventilation and air conditioning (HVAC) systems accounts for over 50% of the total electricity used
in buildings. Effective control strategies can enable energy savings, emissions reduction and
optimized management for HVAC systems (Li et al., 2021). The monitoring is a significant issue in
HVAC control loop, where relevant variables need to be measured for either controlling, monitoring
or fault detection (Guo et al., 2024). Therefore, numerous sensors are installed in HVAC system to
monitor various physical quantities. Due to differences in distribution characteristics, coverage
range, measurement principles and accuracy, sensors exhibit significant variability in the uncertainty
of their measurements (Zhang et al., 2024). In summary, analyzing the characteristics of each sensor
in HVAC systems is key to obtaining accurate sensor measurements, which may help control loops
enhance the energy efficiency and improve thermal comfort in indoor environments.

In last decade, scholars have been studying the impact of sensor noise on the operation of
HVAC systems. Yoon et al. (2022) demonstrated that sensor noise within an AHU can lead to
cooling load errors of up to 14.8% on the air and refrigeration sides. Zhao et al. (2024) analyzed the
impact of indoor temperature fluctuations caused by outdoor environmental conditions and indoor

occupants on the uncertainty of HVAC sensor measurements. The findings indicated that when the



measured temperature range in 18.9°C - 20.6°C, the error in sensor measurements due to uncertainty
typically falls within the range of 2.4°C - 2.9°C. Based on the differences between simulated and
real data, Li et al. (2023) studied the uncertainty of mixed air temperature sensors, supply air flow
sensors and supply air temperature sensors. O'Neill et al. (2017) demonstrated that uncertainty of
3.76% in input parameters could increase the annual energy consumption and peak energy
consumption of standalone buildings HVAC systems by approximately 4%. Pang et al. (2025)
explored the relationship between the degradation of sensor measurement accuracy and issues such
as wasted building energy, reduced indoor thermal comfort, and delayed control response. The
results showed that decreased accuracy of sensor data could lead to potential negative
impacts. Akari etal. (2024) found that a 10% variation in sensor accuracy resulted in a 34% increase
in HVAC energy consumption, a 9.5% deviation in supply air temperature from the setpoint and a
longer time required for the system to reach the setpoint. Shadi et al. (2022) quantified the impact
of temperature sensor uncertainty within the AHU on system performance under different control
sequences. As the AHU research subject, Yan et al. (2017) conducted simulation experiments using
EnergyPlus to study the effects of sensor uncertainty within the AHU on outdoor airflow control
parameters and control responses.

Considering the frequent changes in indoor environmental demands and outdoor climate
conditions, achieving satisfactory measurement accuracy for the heating and cooling loads in HVAC
systems is challenging. Due to sensor aging, improper installation and performance degradation,
HVAC sensor measurements can cause low-accuracy and even errors (Du et al., 2008; Du et al.,
2014). Random errors resulting from external environmental disturbances and sensor measurement
uncertainty (often defined as noise) can cause the operation of HVAC systems to deviate from
expected performance. In addition, sensor noise can easily be confused with fault signals, leading
to increased operation and maintenance costs for monitoring systems.

Table 1
Summary of previous research
Methods Research object Research direction

Kalman-based

EEMD-based

SG-based

Wavelet analysis

Chiller sensors (Yan et al., 2015),
Temperature and speed of supply air
sensors in AHU (Sun et al., 2014; Azarbani
et al.,2019; Shi, 2019), Building thermal
model (O’Brien, 2019)

Chiller sensors (Li et al., 2016; Zhang et
al., 2023; Mao et al., 2018)

AHU sensors (Wen et al., 2023; Guo et al.,
2017; Liang, 2014; Jin et al., 2016)

AHU sensors (Li et al., 2014; Fan et al.,
2010), Building thermal model (Cheng et
al., 2017; Khalilnejad et al., 2020; Vanus et
al, 2023)

FDD (Yan et al., 2015; Sun et al.,
2014), State estimation (Azarbani &
Abbasi, 2019), Parameter estimation
(Shi & O’Brien, 2019)

FDD (Li et al., 2019; Zhang et al,
2023; Mao et al., 2018)

FDD (Wen et al., 2023; Guo et al.,
2017), Control optimization (Liang,
2014; Jin & Duanmu, 2016)

FDD (Li & Wen, 2014; Fan et al,,
2010), Control optimization (Cheng
et al.,, 2017), Energy consumption
predic-tion (Khalilnejad et al., 2020;
Vanus et al., 2023)

Numerous filtering methods have been applied to reduce the negative impacts caused by HVAC

sensor measurement uncertainty. It can be categorized through theoretical foundation: Kalman-
based (Yan et al., 2015; Sun et al., 2014; Azarbani & Abbasi, 2019; Shi & O’Brien, 2019), ensemble
empirical mode decomposition (EEMD)-based (Li et al., 2016; Zhang et al., 2023), Savitzky-Golay



(SG)-based (Wen et al., 2023; Guo et al., 2017) and wavelet analysis-based (Li & Wen, 2014; Fan
et al., 2010; Cheng et al., 2017; Khalilnejad et al., 2020; Vanus et al., 2023). For instance, Kalman
filtering methods can strip noise from signals even when the sensor signal and noise statistical
characteristics are not completely accurate. While the EEMD-based method is typically suited for
nonlinear systems, which aligns with the nonlinear and non-stationary signal characteristics of
HVAC systems. Given the advantages of SG in preserving waveform peak shapes and amplitudes,
and the slow dynamic changes of AHU systems. Therefore, SG-based filtering studies have mostly
focused on AHU systems. Wavelet analysis methods have significant advantages in filtering sensor
signals with prominent frequency-domain features. As shown in Table 1, considering the diversity
of application targets and problem-solving requirements, above methods have been extensively
proposed in previous researches.

The Kalman filter has effectively enhanced the diagnostic efficiency of grey-box models in
AHU faulty supply air temperature and air speed sensor fault diagnosis and detection (FDD)
(Azarbani & Abbasi, 2019). Zhang (2023) leverages temporal characteristics for single-source and
multi-source sensor faults in chiller system to propose an EEMD -based method. And, Hu (2018)
proposed an EMD-based method with hard-threshold (EMD-TD) denoising to address bias faults in
temperature sensors within chiller systems. Experiment has shown that filtering sensor fault data
with EMD-TD can improve the diagnostic accuracy. SG-based methods primarily focus on sensors
in AHU system. Wen (2023) used SG as a filter to enhance the fault diagnosis rate of clustering
methods for AHU temperature sensors. While, Guo et al. (2017) employed SG to improve the fault
diagnosis rate of principal component analysis (PCA) in AHU temperature sensors. Similarly,
wavelet analysis has been effectively combined with PCA, neural networks and clustering methods,
achieving improved FDD efficiency for HVAC sensors (Li & Wen, 2014; Fan et al., 2010). On the
other hand, reducing the uncertainty of sensor data is also a current research focus in the research
on control optimization for HVAC systems. For instance, Ke et al (2015) proposed the extended
Kalman filter to filter sensor signals in chiller systems. In the design of feedback controllers for
AHU humidity sensors, Azarbani (2019) proposed an unscented Kalman filter (UKF) based on
scaled unscented transformation to improve the accuracy and speed of state estimation in AHU. In
the research on prediction and control of building thermal models, a constrained dual extended
Kalman filter-based method has been utilized for parameter prediction and state estimation (Shi and
O’Brien, 2019). Because of advantages of the SG method in preserving the shape and height in
waveform peaks and the slow dynamic changes in AHU, the SG method enhances the robustness of
the AHU control system (Liang, 2014). In the research on the dynamic regulation of indoor thermal
comfort, the SG filter has been used for smoothing the data of supply air temperature and air speed
sensors in the AHU (Jin and Duanmu, 2016). Meanwhile, Wavelet analysis-based filtering methods
have been applied to parameter identification of spatial thermal models (Cheng et al., 2017),
prediction of energy demand (Khalilnejad et al., 2020), and assessment of operational loads (Vanus
et al., 2023).

By reducing the uncertainty in sensor measurement and clarifying the distribution
characteristics of sensor signals, it can significantly improve the FDD efficiency and control
accuracy in HVAC. However, HVAC systems contain numerous sensors, which can be classified
based on their specific tasks into control sensors and measurements sensors (Du et al., 2017). The
measurement principles, ranges, accuracy requirements and operating environments of different

sensors vary widely. Even sensors monitoring the same physical quantity from different systems



exhibit uncertainty characteristics that are challenging to standardize. For instance, the data
characteristics of temperature sensor in AHU differ significantly from that in chiller. Even in the
chiller, the data distribution characteristics of pressure sensors at different points vary widely (Zhang
et al., 2024). The research of sensor signal characteristics should take into account the HVAC
operating conditions. Unfortunately, current research lacks a comprehensive description of sensor
characteristics across HVAC system. For instance, previous researches have not conducted a
quantitative analysis of the noise levels in control sensors within HVAC systems to measure sensor
uncertainty. Additionally, the correlations among sensors within HVAC systems are critical for FDD
and control parameters optimization. However, it remains unexplored in existing research. Moreover,
current research has primarily focused on developing novel sensor signal filtering methods to
improve the efficiency in HVAC FDD and control optimization. Previously proposed signal filtering
methods rely on the temporary-frequency characteristics of signals. Although these methods have
improved the efficiency of FDD and control optimization, they lack research on the specific signal
characteristics of control sensors within HVAC systems. Therefore, relevant researches lack solid
interpretability and theoretical foundations. Additionally, the lack of a global understanding of
HVAC sensor signals can lead to methods that are limited in scope, making proposed methods only
to specific systems such as chillers or AHU systems. This significantly limits the practicality of the
methods.

To sum up, the research aims to analyze the data characteristics of HVAC sensors, providing
theoretical references and foundations for subsequent methodological research. The contributions
mainly include three parts:

(1) It analyzes the noise level of various control sensors in HVAC based on the signal-to-noise
(SNR). And, it compares the filtering efficiency through four filtering methods, which have been
predominantly refined based on the fundamental principles of the above techniques in previous
research.

(2) Research conducts a quantitative analysis of the correlations among various control sensors
in HVAC systems. It provides a theoretical foundation for parameter selection and sensitivity
analysis in subsequent research on constructing FDD and control parameters optimization.
Furthermore, it examines the factors influencing sensor correlations.

(3) The study analyzes the sensitivity of different control sensors in HVAC systems in both the
time and frequency domains. This research provides a theoretical direction for future adaptive
optimization of HVAC system sensors. Additionally, it explored the reasons behind the differences

in time-frequency domain sensitivity characteristics among various sensors

2. Application

2.1 System description

As shown in Fig. 1, it takes the lager public building HVAC in Dalian University of Technology
as the research subject. The research building has a floor area of 1184m? and a height of 20m. The
relevant physics parameters of the equipment are shown in Table 2. The return air mixes return air
and fresh air according to a specified ratio. The mixed air is then sent through filters, a humidifier,
and a cooling coil before being delivered to the room via the fresh air duct (Yan et al., 2023). As
summer operation condition for example, the mixed air passes through the cooling coil in the AHU,
where it exchanges heat with chilled water, reducing the air temperature to ensure that the supply
air temperature meets the set point. To ensure indoor environment comfortable and healthy, AHU



has installed sensors for relative humidity, CO: concentration and PM2.5 concentration in the supply

air duct.
Table 2
The illustration of HVAC system in public building
Equipment Chiller Water pump AHU
2 unit of chiller,
COP: 2.77, Air supply volume:
3 Variable frequency, 25000m3 /h,
gh\l}lle.d t\:{ at;:r pumps Rjisgri%(ilzi{gput Rated power: 15 kW, Cooling capacity:
artable frequency  power 105 KW, Rated frequency: 50 Hz ~ 137kW,
cooling water pumps,  Cooling capacity Power: 15kW.
1 Water distributor and = 626.4 kW Duct c;oss—sec;ional
collector, . 1.20%0.80
2 AHUS, area: 1. .80m

1 Cooling tower

The chiller is composed of evaporator, condenser, compressor, etc. The transmission medium
is refrigerant and water. In summer conditions, the refrigerant enters the compressor after
completing heat exchange through the evaporator, which converts the refrigerant into a high-
temperature and high-pressure vapor form. Then, refrigerant passes through the condenser to
complete heat exchange in the cooling medium, which turns the refrigerant into a liquid state to
complete the next cycle of cooling the surrounding environment (Xie et al., 2017). Key parameters
of chiller include temperature, pressure, and flow rate. These parameters are comprehensively
monitored through the water-side control loop, ensuring that the heat transfer on the water side

meets the indoor thermal environment requirements.
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Fig 1. The description of HVAC system

2.2 Data collection

Table 3 shows the specific parameters of the sensors. Sensor measurement accuracy and
principles vary because of differences in the physical quantities measured and the locations of
sensors. Additionally, due to differing control logic and setpoints, even sensors monitoring the same
physical quantity exhibit distinct signal distribution characteristics at different operational points,
making it challenging to generalize these characteristics. The sensor data collection period spanned
from 14:40 on June 15, 2023, to 20:25 on June 20, 2023. The collection interval is Smin. The



experiment collected a total of 1509 data sets. The data were gathered from the HVAC system under
steady-state operating conditions. The data were collected from 0:00 to 24:00, which includes the
characteristics of all-weather data under summer conditions. And, it can represent the operating data
characteristics of HVAC systems in large public buildings in Dalian, China.

As illustrated in Fig 2, sensor parameters are collected through a programmable logic controller
(PLC) (Lietal., 2023). Control loop controllers adjust the operating parameters of the HVAC system
to reach the setpoints. The control logic of the control loop is based on proportional integral
derivative control. The data collection and storage process can refer Ref (Zhao et al., 2023). The
collected data is made available to operations and maintenance personnel via an online monitoring

system and is uploaded to the cloud for storage.
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Fig 2. System control cabinet (left) and monitoring (right)

Table 3
The basic parameters of various sensors in the experiment system
Description Point Unit Range Precision Principle
Supply air temperature T1 °C -20-50 +0.1°C
User-side supply water temperature T2 °C -30-130 +0.1°C
User-side return water temperature T3 °C -30-130 +0.1°C Resistive
Cooling tower-side supply water temperature T4 °C -30-130 +0.1°C
Cooling tower-side return water temperature TS °C -30-130 +0.1°C
User-side water flow rate F1 m?/h 0-10 +1.0% Ultrasound
Cooling tower-side water flow rate F2 m/h 0-10 +1.0%
Supply air static pressure SP Pa 0-250 +0.075%
User-side supply water pressure P1 Bar 0-9 +0.05%
Cooling tower-side supply water pressure P2 Bar 0-9 +0.05% Capacitance
Cooling tower-side return water pressure P3 Bar 0-9 +0.05%
User-side return water pressure P4 Bar 0-9 +0.05%
Supply air humidity H % 0-100 +1%
Supply air speed S m/s 0-15 +0.2m/s Mechanical
Supply air CO, concentration C ppm 0-2000 +3%
Supply air PM2.5 concentration PM ppm 0-2000 +3% Infrared ray

3. Time and frequency-domain analysis of characteristics
Chapter 3 analyzes characteristics of HVAC system sensors signal from both time-domain and
frequency-domain, respectively. Section 3.1 starts with the fundamental parameters of the HVAC
system and, based on its basic operating principles, analyzes the distribution range differences of
each sensor signal. Section 3.2 investigates the time-domain characteristics of various control

sensors in the HVAC system from the perspective of temporal correlation, providing a theoretical



foundation for time-domain-based signal filtering and feature extraction methods. Section 3.3, based
on the operating principles of the HVAC system, examines the frequency-domain characteristics of
each control sensor from a frequency-domain perspective.

3.1 The overall analysis of HVAC sensor's characteristics distribution

Table 4 presents the analysis of the mean, percentage standard deviation, variance, skewness
and kurtosis. In the research of FDD and calibration of sensor data, analyzing the mean of the data
serves as an important criterion for determining whether a sensor is faulty or if the data is inaccurate.
The mean of control sensors measurement reflects the data distribution range of the physical
quantities measured by each sensor within the HVAC system. Obviously, even for the same physical
quantity, data distribution range can vary significantly depending on the monitoring location. The
primary reason for the differences among the measured physical quantities lies in the HVAC
structure. For instance, the difference between the supply water flow rate on the user side and the
cooling tower water side is nearly fourfold in chiller. Ref (Salehi et al., 2024) indicates that the mean
values of supply air temperature, supply air humidity and supply air PM2.5 concentration in the
AHU are closely related to the meteorological environment of the HVAC system. Therefore,
analyzing the data values of supply air temperature and humidity during the energy demand curve
process for a building in a specific region is an important basis for this analysis.

Table 4

Characteristics parameters of sensors in HVAC

Percentage standard

Sensor Point Mean (-) deviation (%)

Variance (-)  Skewness (-) Kurtosis (-)

Tl 18.42 0.29 0.23 0.31 2.13
C 509.72 3.17 773.24 1.52 5.59
H 86.65 0.78 5.01 -1.74 6.52

PM 5.91 2.09 3.91 0.28 2.55
SP 73.38 0.38 3.01 -0.01 2.73
S 4.50 0.55 0.04 -0.29 3.06
T2 10.38 0.52 0.44 0.52 2.54
T3 12.18 0.65 0.78 0.25 1.63
T4 11.92 0.20 0.08 0.31 3.44
TS 11.09 0.1 0.02 0.03 1.85
Pl 2.67 0.18 0.01 0.22 1.90
P4 2.14 0.20 0.01 0.30 1.93
P2 1.50 0.26 0.02 0.30 2.03
P3 0.59 0.41 0.02 0.29 2.01
F1 56.49 4.92 207.23 -3.64 14.70
F2 201.58 0.06 0.1 0.22 2.94

The percentage standard deviation and variance reflect the stability of the HVAC system’s
operation and measurement accuracy of the sensor data. In the analysis of sensors on AHU side, the
percentage standard deviation of the supply air CO» concentration sensors is the highest, reaching
3.17%. This indicates that the concentration of CO, within the building experiences significant
fluctuations, which may be attributed to variations in personnel density in the enclosed environment
of public buildings. Therefore, in studies of human behavior in indoor environments, changes in
CO; concentration parameters can more accurately reflect air quality of the indoor environment
(Huang et al., 2024). Meanwhile, considering the large variance in carbon dioxide concentration,
the noise in this data may interfere with the reflection of the results. In the fresh air ratio control



system, the sensor measurements from the supply air CO; concentration sensor are typically used
as the basis for feedback regulation in the control loop. The sensor data accuracy for temperature,
humidity and static pressure of supply air is relatively high, which are key control elements in AHU.
These sensors are involved in controlling the chilled water flow rate to the cooling coil, the
humidification rate of the humidifier, and the speed of the supply air fan, respectively.

In some AHU control strategy designs, monitoring the supply air velocity is also used to control
the supply air fan speed. However, considering that the accuracy of airflow velocity measurements
is lower than that of supply air static pressure, research recommends using the supply air static
pressure as the monitored value in airflow-related control loops. In the relatively research on the
water side, sensors can be categorized by the type of physical quantity monitored, specifically into
temperature sensors, pressure sensors and flow sensors.

Overall, lower variance in water-side sensors may indicate that their measurements accuracy
is indeed superior to that air-side sensors. As shown in Fig. 3(a), the user-side water flow has the
highest percentage error. The flow sensor is an electromagnetic flow meter in this research, whose
measurement accuracy is unaffected by changes in fluid density, viscosity, temperature, pressure
and conductivity. The induced voltage signal maintains a linear relationship with the average flow
velocity (Wang et al., 2006). However, when the speed of the user-side circulating water pump is
adjusted via the frequency converter, the variation in flow significantly interferes with the flow
sensor's measurement accuracy. As shown in Fig. 3(b), since the soil-side circulation pump operates
at a fixed frequency, no frequency converter is installed to adjust the soil-side circulation water flow.
Consequently, the sensor's standard error percentage is only 0.06%. In summary, it recommends
prioritizing the monitoring of supply-return water pressure values when designing control strategies
related to the number and frequency of user-side pump activations and deactivations.
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Fig 3. The flow of user-side and cooling-tower side water

Research on HVAC sensor signal feature extraction methods has been widely applied in sensor
signal fault diagnosis and optimization of control strategies (Cotrufo and Zmeureanu, 2016).
Skewness analyzes the distribution state of sensor signals in the HVAC system to clarify the
characteristics of the signals, while kurtosis examined the sharpness of the data distribution. In
previous Ref (Cotrufo and Zmeureanu, 2016; Li et al, 2016), they have often been assumed that the
distribution characteristics of sensor data within the HVAC system are symmetric and conform to
Gaussian distribution properties. As shown in Table 4, the skewness and kurtosis indicate that the
sensor signals related to fans and pumps exhibit better symmetry in distribution, with data clustered
around the mean. It is related to the control loop setting of the HVAC. Under steady-state conditions,
the control logic of fans and pumps in the HVAC system is trapezoidal control (Li et al., 2023).
Therefore, the skewness of the sensors related to the pumps and fans is lower, and their kurtosis is
also closer to 3 (when the kurtosis value is 3, it indicates that the sensor data distribution is closer
to a Gaussian distribution with lower extreme values). Although the skewness and kurtosis of the
user-side water flow sensor data indicate poor signal distribution symmetry. This is primarily caused
by measurement errors in the sensor signals. Meanwhile, the supply and return water pressure sensor
signals on the evaporator(user-side) and condenser (cooling tower-side) sides indicate poor
symmetry. The calculation of the pressure difference shows that its value still conforms to the
trapezoidal control data characteristics. In contrast, for sensors that are greatly affected by the
environment, such as the CO; concentration sensor, data exhibit poor symmetry. To sum up, the
measurement accuracy of sensors can influence the analysis of the distribution characteristics of
certain sensor signals. Distribution characteristics of that are still related to the control logic within
the HVAC system. Therefore, it is essential to perform outlier filtering and noise reduction when
extracting the distribution of sensor signal characteristics.

3.2 Time-domain analysis for HVAC sensors

The research analyzes the temporal relationship between each signal and its lagged sequence



of 40 times intervals, with a time lag of 200 min in the signal collection. As shown in Fig. 4, based
on the temporal characteristics of sensor signals, it can be categorized into three types of temporal
features: time-decay, non-temporal and unstable periodic type. As shown in Fig. 4(a-1) and Fig. 4(a-
2), the autocorrelation of the signals exhibits a strong correlation within a short lag time for sensor
signals with temporal decay characteristics. However, as the lag time increases, the autocorrelation
of the sensor signals gradually diminishes. In contrast, as illustrated in Fig. 4(b), non-temporal
sensors demonstrate lower autocorrelation. Some sensor signals even exhibit alternating patterns of
negative correlation and weak positive correlation. As depicted in Fig. 4(c), the research highlights
the autocorrelation characteristics of unstable periodic sensors. These sensor signals show a high
level of autocorrelation with lagged signals (typically, a correlation coefficient above 0.6 is defined
as strong correlation (Zhao et al., 2023)). However, unlike sensors with temporal decay
characteristics, it does not exhibit a distinct temporal decay trend, indicating that such sensor signals
possess strong periodic characteristics.

The supply air temperature, supply air CO2 concentration, supply air humidity, supply air
PM2.5 concentration, user-side return water temperature, cooling tower-side return water
temperature, user-side supply and return water pressure sensors all exhibit a clear time-decay
characteristic according to the lag time. Among them, the autocorrelation plots of sensors such as
supply air temperature, supply air humidity and cooling tower return water temperature indicate that
these sensors exhibit slow-changing data characteristics. The temporal relationship between signals
demonstrates long-term correlation.  In contrast, signals temporal characteristics from the supply
air CO:z concentration and the user-side supply and return water pressure sensors decay quickly. This
indicates that the temporal dependency between signals is short-term; as the lag time increases, the
signal correlation weakens. Overall, the above sensors exhibit strong temporal autocorrelation,
making them suitable for applying time-domain-based data filtering and feature extraction methods
in data modeling, fault diagnosis and control optimization.

On the other hand, the autocorrelation of the user-side supply water temperature signal exhibits
a distinct periodic variation with respect to lag time. The primary reason for this phenomenon is that
the user-side supply water temperature is an important control parameter, which influences the
number of chillers operating and the refrigerant flow rate in the chiller. Therefore, the user-side
supply water temperature will be adjusted in real-time based on the changes in cooling demand.
Meanwhile, considering that the chiller unit is the most economically valuable and energy-
consuming equipment in the HVAC system. Ensuring the stable operation of the chiller unit can
effectively extend the lifespan of the equipment. The variation in supply water temperature is
typically quite steady. To sum up, above reasons result in the user-side supply water temperature
exhibiting a distinct periodic variation, with strong temporal correlation but a slow decay rate.
However, the noise in the sensor signals is also one of the reasons for this phenomenon from the
perspective of signal autocorrelation. It is demonstrated that the random error in its measurements
is relatively low through calibrating the measurement data from the user-side supply temperature
sensor. Additionally, the strong autocorrelation of the data (with correlation values between 0.7 and
0.8) indicates that this phenomenon is not likely caused by sensor noise.

Finally, for sensors such as the supply static pressure sensor, supply air velocity sensor, cooling
tower supply, return water pressure sensors, user-side supply flow rate and cooling tower side flow
rate sensors, these sensors exhibit no significant temporal correlation. Therefore, it is not

recommended to use time-domain based data filtering and feature extraction methods for these



sensors. The parameters of the above sensors are all regulated by the actions of pumps and fans, as
the control strategy for both pumps and fans are trapezoidal control. For instance, during a period
of steady-state operation, the fan speed is typically constant. The supply air static pressure and
supply air velocity do not change correspondingly over time with a delay. Therefore, the
measurement values of the above sensors are not suitable for data filtering and feature extraction
methods based on time-domain characteristics.
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Fig 4. Autocorrelation analysis of HVAC sensors

3.3 Frequency-domain analysis for HVAC sensors
Considering that some sensors in HVAC systems exhibit weak temporal characteristics, it
analyzes the frequency domain characteristics of control sensors within HVAC systems. The
frequency domain features of different control sensor signals were discussed using Power Spectral



Density (PSD) analysis. The PSD plot reflects how the energy or power density of a signal varies
with frequency in the frequency domain. The useful information in sensor signals is primarily
concentrated in the low-frequency range, while noise is mainly distributed in the high-frequency
range (Zhang et al., 2023). The PSD of AHU control sensors is shown in Fig. 5. The supply air
temperature sensor exhibits a distinct energy distribution in the low-frequency range, indicating that
the temperature sensor’s measurement data has long-period fluctuation characteristics. In the high-
frequency region, the energy distribution in the PSD significantly decreases and displays noticeable
oscillatory characteristics, which may result from sensor noise or environmental disturbances. And,
it further confirms that the noise content is relatively low by examining its energy distribution in the
low-frequency range. Although the PSD of supply air humidity and supply air CO: concentration
shows some graphical similarity to that of supply air temperature. However, PSD in the high-
frequency range for the supply air humidity and CO: concentration sensors is higher than that of the
supply air temperature sensor. This indicates that the noise content in the measurements from the
supply air humidity and CO: concentration sensors is greater than that in the temperature sensor
measurements. In terms of waveform, the measurements from the supply air humidity and CO-
concentration sensors also display long-period fluctuation characteristics. In the PSD analysis of
supply air static pressure and air speed, the transition band shows a higher power density compared
to other sensor signals, and the high-frequency signal energy decays rapidly. This suggests that the
noise content in the static pressure and air velocity measurements is relatively high, with fewer rapid
fluctuations in system airflow. This aligns well with the trapezoidal control strategy used for the fan.
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Fig 5. Power spectral density of sensor signals in HVAC: air-side sensors

The PSD of the water-side control sensors is shown in Fig. 6. From the PSD of the user-side
supply and return water temperature, it can be seen that the power is higher in the low-frequency
range. This indicates that the PSD energy power of the user-side supply and return water temperature
are primarily concentrated in the low-frequency region, and the temperature changes in the system
are relatively stable under steady-state conditions. In the mid-frequency range, both supply and
return water temperatures exhibit slight oscillations, which are related to the adjustment of the
chiller's cooling operating conditions. The low power level and rapid decay rate in the high-
frequency range indicate that the noise content of the measurement values, which is from the supply
and return water temperature sensors signal on the user-side, is relatively low.

Compared to the supply and return water temperature sensor signal in the user-side, the power
level of that in the cooling-tower side is higher in the low-frequency range. This indicates that the
adjustment rate of the supply and return water temperatures in the cooling tower side is slower.
Additionally, the faster decay rate in the high-frequency range suggests that the cooling tower's
supply and return water temperature measurements are less affected by high-frequency noise
disturbances. Moreover, the power decay of the return water temperature on the cooling tower side
in the high-frequency range is better than that of the supply temperature. The presence of oscillations
in the mid-frequency range indicates that this sensor may be influenced by the periodic effects of
the mechanical equipment on the cooling tower side. Therefore, in the related control loops for the
supply and return water temperatures on the cooling tower side, the measurement accuracy of the
return water temperature is superior to that of the supply water temperature.

In PSD of the supply and return water pressures on the user side, it can be demonstrated that
the low-frequency power is relatively high, indicating that the water pressure regulation is smooth.
In the mid-frequency range, the presence of high-frequency signal oscillations indicates that the
supply and return water pressures undergo periodic adjustments, which aligns with the operational
patterns of the pumps. The fluctuations in the mid-frequency power of the cooling tower side supply
and return water pressure may be a contributing factor to the suboptimal performance of the sensor
signals in the time-domain (shown in Fig. 4). However, considering that the cooling-tower side
pump operates at a constant frequency without any control actions, its signal performance may be
unrelated to control actions. In future research, the reason of this phenomenon will be researched



through aspects such as the principles of sensor measurement and the operational patterns of cooling
tower water flow. In the PSD of the user-side water flow signal, it can be observed that the power
density in the high-frequency range is significantly higher than that of other sensors on the water
system side, indicating that the user-side water flow is affected by high-frequency disturbances and
contains high-frequency noise. Similarly, the cooling tower side water flow sensor also contains
high-frequency noise, but its energy density is lower than that of the user-side water flow, indicating
that its noise content is less than that of the user-side water flow sensor.
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4. Discussion

4.1 Inter-sensor correlation analysis
Table 5
The analysis of correlation degree

Range of Correlation Degree of Correlation
0.8-1 Extremely strong correlation
0.6-0.8 Strong correlation
0.4-0.6 Correlation
0.2-0.4 Weak correlation
0-0.2 Extremely weak correlation

As shown in Table 5, when the correlation coefficient exceeds 0.4, it indicates a correlation
between sensors; when it exceeds 0.6, a strong relationship between sensors can be determined.
Considering that the HVAC is a typical nonlinear system, it analyzes the correlations among various
control sensors within the system using both linear correlation (Pearson method) and nonlinear
correlation (Spearman method). As shown in Fig 7, the results indicate that the correlations among



water-side sensors are stronger than those among air-side sensors. Overall, the non-linear
correlations among sensors in the HVAC system are stronger than the linear correlations. Therefore,
it adopts non-linear correlation as the primary reference and uses linear correlation coefficients for
comparison to define the categories of sensor correlations.

The internal correlations between HVAC sensors serve as an important theoretical basis for
optimizing control strategies, establishing simulation models and diagnosing faults (Wang and Zhao,
2022). The experiment aims to analyze the correlations among sensors in HVAC to provide a
theoretical foundation for parameter selection in the construction of simulation models and FDD
models. As shown in Table 6, sensors that exhibit direct correlation effects and higher correlation
coefficients are defined as first-class (I) correlated sensors. Sensors with indirect relationships and
correlation coefficients approximately in the range of 0.3 to 0.4 are defined as second-class (II)
correlated sensors.

The interrelationships between sensors reflect the correlation and common trends among
HVAC mass and energy flows. As shown in Fig. 7, the data indicate that the correlation coefficients
between the user-side supply and return water temperature sensors and the AHU supply air
temperature are 0.3445 and 0.5002, respectively. This is because the heat on the supply air side is
transferred through chilled water within the coil. Therefore, there is a correlation between the user-
side supply and return water temperatures and the supply air temperature. This is because the heat
on the supply air side is transferred through chilled water in the coil. Therefore, there is a correlation
between the user-side supply and return water temperatures and the supply air temperature. The
experimental results reveal that the linear correlation between the supply air temperature and the
user-side supply water temperature is marginally stronger than the nonlinear correlation, indicating
a predominant linear relationship between these variables. Compared to the direct correlation
between user-side supply, return water temperatures and supply air temperature, supply air CO:
concentration is a critical parameter in controlling the opening of the fresh air valve in the control
loop. The fresh air valve opening is used to regulate the fresh air ration in the AHU supply air. When
the CO: concentration rises, the fresh air valve opening increases, while the return air valve opening
decreases. It will raise the demand for heat transfer on the supply air side under summer operating
conditions. Since the impact of CO: concentration on supply air temperature is indirect, the
correlation coefficient between above sensors is relatively low, at only 0.4213. Similarly, the
correlation between the cooling tower side’s supply and return water temperature sensors and the
supply air temperature sensor is also low, at 0.3238 and 0.3547, respectively.

Environmental factors are a significant contributor to the correlation between sensors. For
example, the rate of evaporation and diffusion of humidity increases in high-temperature
environments, which can affect indoor humidity levels. This correlation is indirect. The correlation
between supply air temperature and humidity is relatively low, at 0.4273. Similarly, both supply air
CO: concentration and PM2.5 concentration are influenced by variations in fresh air supply,
resulting in an indirect relationship with a correlation coefficient of 0.5183. In summary, internal
sensor correlations are closely linked to the design structure of the HVAC system and the dynamics
of energy and mass movement, with minimal influence from control strategies.

Overall, according to the design structure of the HVAC system, the correlation quality among
water-side sensors is high, but the number of correlated sensors is relatively low. This is due to the
high uncertainty of measurements from the air system sensors, where random errors in the

measurements can affect the strength of the correlation between the sensors. Meanwhile, the



measurement points for AHU control sensors are more concentrated compared to those in the water

system (primarily distributed on the supply air side), while the measurement points for sensors in

the water system are more dispersed. This results in a smaller number of sensors that exhibit

correlation. It is worth noting that there is a high correlation between supply air humidity and user-

side return water temperature. A deeper research based on the mechanism of the HVAC system

equipment will be conducted in subsequent studies to explore.
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Fig 7. The diagram of inter-sensor correlation analysis
Table 6
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4.2 Noise content analysis for HVAC sensors

Considering that noise in HVAC system sensor signals is mostly random noise, it is not possible
to accurately predict the noise waveform. Therefore, the experiment first plotted the frequency
domain spectrum of the sensor signals using PSD. Then, the experiment determined the cutoff
frequency of the signals based on the empirical formulas from previous research. The cutoff
frequency of the low-pass filter used to eliminate noise from the sensors is set to 1/3 to 1/5 of the
sensor's sampling frequency (Choi and Jiang., 2006). A cutoff frequency of 1 X 10-Hz is selected
for the sensor noise. Lastly, As shown in Table 7, the signal-to-noise ratios (SNR) of different control
sensors in steady-state conditions within the HVAC system are analyzed.

Table 7
SNR analysis of HVAC control sensors
District Point SNR
T1 47.97
C 44 .44
.. H 46.06
Air-side PM 31.93
SP 39.65
S 22.17
T2 33.79
T3 45.86
Water-side of user P1 45.10
P4 4432
F1 16.18
T4 40.16
T5 48.24
Water-side of cooling tower P2 27.47
P3 19.53
F2 48.00

The SNR of the supply air temperature and supply air humidity sensors is relatively high. This
indicates that the signals from these sensors are clear and contain low-levels of noise. In the design
of fresh air ratio control strategies, it is preferable to use the CO2 concentration sensor (SNR: 44.44)
as the monitoring sensor for the control loop from the perspective of sensor measurement accuracy,
rather than the PM2.5 concentration sensor (SNR: 31.93). Similarly, the measurement accuracy of
the supply air static pressure sensor is significantly higher than that of the supply air velocity sensor.
It suggests that the supply air static pressure sensor should be prioritized as the monitoring sensor
in the control loop for regulating the AHU system's air supply.

In the water-side, SNR of the user-side supply water temperature sensor is lower than that of
other temperature sensors, standing at only 33.79. During steady-state operation, the supply water
temperature is influenced by the number of compressors starting and stopping (as the compressors
operate at a fixed frequency and cannot implement variable frequency control), resulting in
significant adjustment amplitudes. This leads to fluctuations in the measured supply water
temperature during equipment operation, causing the signal spectrum to contain a higher level of
high-frequency signals.

In contrast, SNR of the user-side supply and return water pressure sensors is relatively high,
indicating good sensor signal quality with minimal noise impact on the signals. The user-side supply
water flow sensor exhibits a higher noise content due to the presence of a large number of outliers



in its measured signals. Therefore, it is recommended to use the pressure differential of the chilled
water supply and return as the monitoring value for the control strategy in the user-side supply water
flow control loop. Conversely, in the control loop for the cooling tower side water flow, the quality
of the water flow sensor signal is superior to that of the cooling water supply and return pressure

SENSOr.

4.3 Impact analysis of de-noising method in sensors

Table 8
The useful signal analysis of the de-noising methods
Sensors point Kez(l)/rgan SG (%) EEMD (%) Wavelza;gnalyze
Tl 100 99.99 99.97 99.51
C 100 99.99 100 97.72
H 98.51 99.98 99.97 98.42
PM 96.60 99.85 99.91 88.64
SP 99.99 99.99 99.92 95.49
S 99.16 99.41 98.66 65.26
T2 99.97 99.97 99.68 92.26
T3 100 99.99 99.96 98.00
T4 100 99.99 100 96.40
T5 100 100 100 99.84
P1 99.80 99.94 100 99.16
P4 99.71 99.99 100 99.38
P2 99.49 99.54 100 77.68
P3 96.49 97.11 100 48.40
Fl 96.22 97.32 96.15 89.46
F2 99.99 99.99 100 99.53
Table 9
The noise component analysis of the de-noising methods
Sensors point K?}Vr?)an SG (%) EEMD (%) Wavelze;)z;nalyze
T1 93.50 93.69 93.67 93.21
C 41.57 43.41 42.59 41.72
H 58.82 60.27 59.53 59.09
PM 2.15 3.38 2.14 2.92
SP 13.78 14.76 13.70 13.12
S 0.26 1.56 0.23 0.17
T2 3.62 4.62 3.56 3.33
T3 57.93 58.30 57.85 56.68
T4 15.50 16.51 15.49 14.95
T5 99.14 99.08 99.07 98.96
P1 47.58 50.64 50.28 74.88
P4 39.73 42.94 42.45 82.82
P2 0.86 2.02 0.84 0.65
P3 0.16 1.32 0.13 0.07

F1 0.09 1.47 0.06 58.17



F2 94.13 94.23 94.14 93.68

As shown in Fig. 8, the experiment compares the filtering performance of four major filtering
methods for HVAC sensor signals. The comparison examines the signal power ratio of signals and
noise power to the original signal and noise power for each control sensor in the HVAC system
across different filtering methods. As shown in Table 8, a higher signal ratio indicates that the
filtering method better preserves the original sensor signal. Table 9 displays the noise power ratio
in the original signal before and after filtering. A lower noise ratio suggests a more effective noise
reduction by the filtering method. Considering practical engineering applications, it is challenging
to apply customized filtering methods for each sensor signal within the system. Therefore, when
analyzing filtering methods, a unified approach should be selected based on the overall filtering
efficiency across all sensors in the system.
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Fig 8. The filter analysis of HVAC sensors in different methods (top to bottom): original data,
Kalman, SG, EEMD and wavelet analysis

EEMD filtering method achieves a signal retention rate of 98.66%—100% in AHU. From the
perspective of noise filtering efficiency, the SG filter performs slightly less efficiently than the
Kalman and EEMD methods. As shown in Fig 8, the Kalman filtered signal has a smoother
waveform compared to the rest of the filtering methods from the data waveform. The Kalman
method has a slightly lower signal retention rate compared to the SG and EEMD methods. However,
in terms of noise retention rate, the performance of the Kalman filter is similar to that of the EEMD
method, with a difference of less than 0.5%. It indicates that the smoothed data signal after Kalman
filtering may be due to signal distortion.

As shown in Table 9, the higher the signal-to-noise ratio of the sensor signal, the higher the
percentage of noise after filtering. For instance, the SNR of supply air temperature sensor is 47.97,
yet the percentage of noise power after denoising remains between 93.21% and 93.69% of the
original signal's noise power. It may indicate a low noise content within the signal. Setting the cutoff
frequency for signals at one-third to one-fifth of the sampling frequency might not align with the
noise characteristics of such sensor signals. For sensors with low signal-to-noise ratios, various
filtering methods demonstrate strong filtering effectiveness. Similarly, EEMD achieves optimal



signal retention in the water system. The signal retention rate after EEMD filtering for relevant
sensors in the water system reaches between 96.15%-100%, with most control sensors in the water
system achieving 100% signal retention. Additionally, EEMD exhibits a lower noise percentage
compared to other methods, demonstrating its superior filtering capability. In summary, overall,
EEMD shows greater filtering efficiency in the signal filtering of HVAC system control sensors.

5. Conclusion and Limitations

5.1 Conclusion

The study analyzes the signal characteristics of various control sensors within the system and
examines the interrelationships among these sensors. Additionally, it evaluates the filtering
effectiveness of current mainstream signal filtering methods on different control sensors in HVAC
system. The specific conclusions are as follows:

(1) First, research analyzes the time-domain characteristics of various control sensors in HVAC
system, and three types of signal characteristics are defined: time-decay type, unstable time-periodic
type and non-time-series type. Among them, time-decay type sensors are mainly concentrated on
the AHU (excluding sensors related to airflow) and on return water temperature sensors in the chiller.
The unstable time-periodic sensors demonstrate strong temporal correlations, but with a slower
decay rate over time, such as: supply water temperature sensors in the user-side and cooling tower-
side. Finally, the measurements of non-temporal sensors are mostly related to measurements by fans
and pumps in HVAC system. Experiment indicates that the time-domain characteristics of sensors
are not directly related to the measured physical quantities but are rather associated with the control
strategies of the quantities being measured. Therefore, before constructing filtering and feature
extraction methods based on temporal characteristics, the control strategy of the sensor
measurements should be discussed first.

(2) Then, it analyzes the frequency-domain sensors characteristics in HVAC by PSD. The
research indicates that sensors such as supply air speed, user-side water flow and cooling tower
return water pressure in the HVAC system have higher noise content. The research conclusion
reveals that the SNR of above sensors are 22.17, 16.18 and 19.53, respectively. Given the practical
challenges of applying customized filtering methods for each sensor signal in a system, it is crucial
to select a unified filtering method based on the overall filtering efficiency of all sensors in the
HVAC system. Based on the overall system or focusing solely on the water system, the EEMD
method performed slightly better than the Kalman, SG, and wavelet analysis methods, with an
average signal retention rate of 99.63% and an average noise removal rate of 64.02%. However,
when focusing solely on the AHU as the monitoring target, the SG method demonstrated slightly
better overall performance compared to the other three methods. Therefore, when selecting a
filtering method for signal processing, the research focus should first be determined.

(3) Finally, the study analyzes the inter-sensor correlations in the HVAC system. Based on the
correlation coefficients of various control sensors within the HVAC system and the dynamic
relationships of energy and mass, the study defined two categories of correlated sensors: first-class
(I) correlated sensors and second-class (II) correlated sensors. The experiment demonstrated that
natural or indoor environmental factors and the dynamic relationship of energy and mass within the
HVAC system are significant factors affecting the correlation between sensors. And, the correlation
is not influenced by control factors.

5.2 Limitations

It analyzes the signal characteristics of control sensors in public building's HVAC under



summer operating conditions. However, the research only focuses on summer conditions and does
not examine the signal characteristics of control sensors under winter operating conditions.
Additionally, factors such as sensor accuracy and measurement principles are also potential
contributors to signal characteristics. It primarily explores the relationship between sensors and the
system, lacking a microscopic examination of the sensors themselves. In future research, the team
will standardize the HVAC system and control logic variables to compare the differences in signal
characteristics among control sensors with varying measurement principles and accuracies.
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