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ABSTRACT

Fault detection is an integral part of any modern building
system. If faults are not detected and resolved in a timely manner,
health and safety issues may arise in addition to wasted energy
from ineffective usage. In this study, various unsupervised,
supervised and Artificial Neural Network (ANN) Learning
Techniques for fault detection are deployed to perform fault
detection for an air handling unit (AHU) within a small
commercial building in lowa. Analysis was performed on both
an experimental dataset and a simulated dataset with synthetic
data for the given AHU to test algorithm robustness under
different fault conditions. Data preparation and exploratory data
analysis was performed before application of Al techniques to
detect trends and enhance the quality of the dataset. Model
goodness was investigated using R-squared, Root Mean Squared
Error (RMSE), and Mean Absolute Deviation (MAD) measures.
Although all classification and regression methods used
displayed satisfactory results, decision-tree based methods
(decision trees classification and decision trees regression)
displayed the highest accuracy for both experimental and
simulated data while being less computationally expensive than
ANN techniques with similar accuracy.
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NOMENCLATURE
AHU Air Handling Unit
BAChnet Building Automation and Controls Network
BMS Building Management System
PCA Principal Component Analysis
SOM Self-Organizing Maps
EDA Exploratory Data Analysis
kNN K-Nearest Neighbor
ANN Artificial Neural Network
LST™M Long Short Term Memory
RMSE Root Mean Squared Error

MAD Mean Absolute Deviation
MLP Multi-Layer Perceptron

1. INTRODUCTION

An air handling unit (AHU) connects primary heating and
cooling plants with building zones, controls building ventilation
air intake, and greatly affects the energy consumed for heating,
cooling, and ventilating, as well as supply air temperature and
humidity levels. In effect, AHUs manage energy exchange and
ventilation in building spaces. Therefore, an AHU’s operation
significantly impacts building energy use, health, and comfort
aspects. For example, faulty AHU ventilation may lead to a
higher level of recirculation for unwanted particulates such as
the COVID-19 virus. Furthermore, other faults such as leakage
from heating or cooling coils results in increased energy
consumption, increased costs to building owners, and indoor
thermal discomfort. The successful detection of AHU faults in a
timely manner can result in improved comfort, energy savings,
air quality improvement, increased equipment lifetime, and
improved service scheduling.

There are currently several key issues in AHU fault
detection. Firstly, even though the fundamental architecture of
an AHU is unchanged between individual units, every AHU is a
custom system that is made for the specific building and spaces
it serves, meaning that there is no standard AHU system for
model calibration. For instance, different building owners may
implement different energy efficiency measures based on their
needs such as an economizer or heat recovery wheel.
Furthermore, multiple operational modes are possible in AHUs
such as ‘occupied mode’ and “‘unoccupied mode’ and AHUs may
constantly switch modes or turn off, resulting in frequent
transient operation. Finally, due to the aforementioned
challenges, there is no generalized analytical model for the
complete deterministic analysis of an arbitrary AHU, making
fault detection using conventional methods a significant
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challenge and a key motivator for utilizing Al methods in fault
detection.

In this study, fault detection is done for an AHU designated
AHU-A in a small size commercial building in Iowa during
summer, winter, and the transition season. As this is a benchmark
dataset, faults were manually imposed onto the control system.
Each fault was tested for one day. The main variables for both
the experimental and simulated datasets were temperature
(outdoor air, supply air, mixed air, return air, status signals
(supply air fan, return air fan), control signals (supply air fan
speed, return air fan speed, exhaust air damper, outdoor air
damper, return air damper, cooling coil valve, heating coil
valve), and occupancy mode indicator. The objective was to
determine the fault detection ground truth parameter, which was
a binary output with ‘1’ for ‘fault’ and ‘0’ for ‘no fault’.
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FIGURE 1: SPACES SERVED BY AHU-A

AHU-A features an economizer duct configuration, along
with a heating coil and cooling coil for both heating and cooling
capabilities.
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FIGURE 2: SCHEMATIC DIAGRAM OF AHU-A.

2. MATERIALS AND METHODS

For this study, the workflow was divided into five main
stages in sequential order. Firstly, the raw data was pre-
processed and prepared for further analysis. Afterwards,
exploratory data analysis (EDA) was performed to gain deeper
understanding of the input variables and detect any possible
hidden trends via unsupervised learning methods. Supervised
learning and artificial neural network (ANN) methods were then
implemented, and results were compared via different measures
of goodness and model accuracy to determine the best Al model
for fault detection.
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FIGURE 3: PROJECT WORKFLOW
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2.1 Pre-processing

Although the raw input data did not have missing values,
there were several outliers present. Outliers were removed using
the elliptic covariance method.
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FlGURE 4 TIME SERIES PLOT OF TEMPERATURE
VARIABLES AFTER OUTLIER REMOVAL

Afterwards, methods such as 3-component Principal
Components Analysis (PCA) was performed with a focus on the
temperature variables to find covariance relations. Cross plots of
temperature variables were also performed to check for natural
fault clusters. However, these methods did not yield significant
insight into the dataset, which necessitated the use of
unsupervised learning to attempt finding any hidden
relationships.
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FIGURE 5: PCA FOR TEMPERATURE VARIABLES

CcmDOn

8 3 3

Supply Air Temperature

8

und Trutn

g E

Mixed Air Temperature
k=

& 8

Outdoor Air Temperature
= 8 & 8 8
: {
.
3
LT
S
3

Return Air Temperature

8 3

@ 8 100 o 13
Mixed Air Temperature Retum Air Temperature

50
Supply Air Temperature Outdoor Air Temperature

FIGURE 6: CROSS PLOTS OF TEMPERATURE VARIABLES

2.1 Unsupervised learning

Unsupervised learning is a set of machine learning
techniques primarily used to detect hidden trends in data via
clustering. K-means clustering, hierarchical clustering, Gaussian
Mixture Modeling, and Self-Organizing Maps (SOMs) were
used in this study to attempt finding meaningful clusters of data.
Although the ‘elbow method’ in k-means clustering suggested 3
clusters as optimal, hierarchical clustering suggested 4 clusters.
However, attempts at clustering via these suggestions yielded no
results that had physical significance.
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FIGURE 7: HIERARCHICAL CLUSTERING DENDOGRAM
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FIGURE 8: K-MEANS CLUSTERING USING 3 CLUSTERS

As a further measure, SOMs with 2 clusters specified for
‘fault’ and ‘no fault” were attempted. This yielded an accuracy
of approximately 57%, which was unstable and varied between
each run.

2.2 Supervised learning

Supervised learning methods were the primary methods
used to predict faults. To ensure that overfitting was not
occurring, the dataset was split into training, validation, and test
data with a percentage split of 80, 10, and 10 respectively.
Decision trees classification, k-nearest neighbors (kNN), and
multi-layer perceptron (MLP) ANN were used for classification,
while decision trees regression, linear regression, and long short
term memory (LSTM) ANN were used for regression.
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3. RESULTS AND DISCUSSION

For the experimental dataset, both classification and
regression methods yielded extremely accurate results, with
overall accuracy generally exceeding 97% in classification for
both faults and no faults with no indication of overfitting.
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FIGURE 9: CONFUSION MATRIX FOR DIFFERENT Al
METHODS WITH TEST DATA (EXPERIMENTAL DATASET)

FIGURE 10: PREDICTED VS ACTUAL FAULTS FOR DECISION
TREES CLASSIFICATION (EXPERIMENTAL DATASET)
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FIGURE 11: PREDICTED VS ACTUAL FAULTS FOR KNN
CLASSIFICATION (EXPERIMENTAL DATASET)
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FIGURE 12: PREDICTED VS ACTUAL FAULTS FOR MLP ANN
CLASSIFICATION (EXPERIMENTAL DATASET)

Similarly, regression produced highly accurate results with
good metrics for the relevant goodness measures of R-squared,
Root Mean Squared Error (RMSE), and Mean Absolute
Deviation (MAD). Decision trees regression outperformed linear
regression and LSTM for the experimental dataset with an
accuracy of over 99%.
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FIGURE 13: GOODNESS MEASURES FOR REGRESSION
METHODS UTILIZED (EXPERIMENTAL DATASET)
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FIGURE 14: OVERALL ACCURACY FOR REGRESSION
METHODS UTILIZED (EXPERIMENTAL DATASET)
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FIGURE 15: PREDICTED VS ACTUAL FAULTS FOR DECISION
TREES REGRESSION (EXPERIMENTAL DATASET)
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FIGURE 16: PREDICTED VS ACTUAL FAULTS FOR LINEAR
REGRESSION (EXPERIMENTAL DATASET)

412088 9:47 8302007 1446 282067 2201 192008 405 /672009 10.46 51472009 1516 573072069 2034 2172009 6.45

B
Datetime

FIGURE 17: PREDICTED VS ACTUAL FAULTS FOR LSTM
ANN REGRESSION (EXPERIMENTAL DATASET)

Given these accurate results, further testing was performed
by applying the Al techniques used for the experimental dataset
onto the simulated dataset to examine robustness with more
failure modes (such as a stuck outdoor air damper and stuck
cooling coil valve) and more stochastic variation (noise).
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FIGURE 18: TIME SERIES PLOT OF TEMPERATURE
VARIABLES FOR SIMULATED DATASET AFTER OUTLIER
REMOVAL

For the simulated dataset, both classification and regression
methods still yielded accurate results with a minimal drop in
performance. Overall accuracy generally exceeded 90% in
classification for both faults and no faults with no indication of
overfitting.
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FIGURE 19: CONFUSION MATRIX FOR DIFFERENT Al
METHODS WITH TEST DATA (SIMULATED DATASET)
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FIGURE 20: PREDICTED VS ACTUAL FAULTS FOR DECISION
TREES CLASSIFICATION (SIMULATED DATASET)
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FIGURE 21: PREDICTED VS ACTUAL FAULTS FOR KNN
CLASSIFICATION (SIMULATED DATASET)
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FIGURE 22: PREDICTED VS ACTUAL FAULTS FOR MLP ANN
CLASSIFICATION (SIMULATED DATASET)

Similarly, regression still produced highly accurate results
with good metrics for the relevant goodness measures. Decision
trees regression outperformed linear regression and LSTM for
the experimental dataset with an accuracy of over 91%.

6 © 2021 by Northeastern University



1
0.8
0.6

0.4
0

Decision tree Linear regression LSTM

regression

B RMSE ®Rsquared MAD

FIGURE 23: GOODNESS MEASURES FOR REGRESSION
METHODS UTILIZED (SIMULATED DATASET)
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FIGURE 24: OVERALL ACCURACY FOR REGRESSION
METHODS UTILIZED (SIMULATED DATASET)
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FIGURE 25: PREDICTED VS ACTUAL FAULTS FOR DECISION
TREES REGRESSION (SIMULATED DATASET)

For both experimental and simulated datasets, results from
regression were truncated to standardize the predictions and
eliminate trailing decimals. For example, a result of 1 x 10714
is automatically truncated to 0. Therefore, in some cases where
the algorithm failed to predict the outcome, the prediction would
show as 0.5 instead of a number close to 0 or 1 as in Figure 25.
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FIGURE 26: PREDICTED VS ACTUAL FAULTS FOR LINEAR
REGRESSION (SIMULATED DATASET)
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FIGURE 27: PREDICTED VS ACTUAL FAULTS FOR LSTM
ANN REGRESSION (SIMULATED DATASET)

4. CONCLUSION

In this study, various Al methods were used to perform fault
detection for a specified AHU. Although unsupervised learning
methods did not yield significant insight into the dataset,
supervised learning techniques yielded accurate outputs. In both
classification and regression, decision-tree based methods
performed excellently, likely due to similarities with conditional
programming. In practice, an Al model would be fed data from
AHU operations from the building management system (BMS)
via BACnet, and a prediction would be made for each timestamp.
Further work may focus on Al improvements such as ensemble
learning and functionality improvements such as the ability to
discriminate between specific types of faults along with fault
intensity.

ACKNOWLEDGEMENTS

I am grateful to my very resilient parents Shwe Yu Kyaw
and Myat Myat Aye for supporting me through all difficulties
while staying safe at home despite turbulent circumstances
caused by the coup. I also thank Dr. Jon Wallace for his teaching,
encouragement, and accommodation along with Kaushik
Telgaonkar for his availability and patience.

7 © 2021 by Northeastern University



REFERENCES

[1] Du, Zhimin, Bo Fan, Xingiao Jin, and Jinlei Chi. "Fault
Detection and Diagnosis for Buildings and Hvac
Systems Using Combined Neural Networks and
Subtractive Clustering Analysis." Building and
Environment 73 (2014/03/01/  2014):  1-11.
https://doi.org/https://doi.org/10.1016/.buildenv.2013.
11.021.
https://www.sciencedirect.com/science/article/pii/S036
0132313003417.

[2] Du, Zhimin, Xingiao Jin, and Yunyu Yang. "Fault Diagnosis
for Temperature, Flow Rate and Pressure Sensors in
Vav Systems Using Wavelet Neural Network." Applied
Energy 86, no. 9 (2009/09/01/ 2009): 1624-31.
https://doi.org/https://doi.org/10.1016/j.apenergy.2009.
01.015.
https://www.sciencedirect.com/science/article/pii/S030
6261909000233.

[3] Li, Shun, and Jin Wen. "Application of Pattern Matching
Method for Detecting Faults in Air Handling Unit
System." Automation in Construction 43 (2014/07/01/
2014): 49-58.
https://doi.org/https://doi.org/10.1016/j.autcon.2014.03
.002.
https://www.sciencedirect.com/science/article/pii/S092
6580514000545.

[4] Lin, Guanjing, Hannah Kramer, and Jessica Granderson.
"Building Fault Detection and Diagnostics: Achieved
Savings, and Methods to Evaluate Algorithm
Performance." Building and Environment 168
(2020/01/15/ 2020): 106505.
https://doi.org/https://doi.org/10.1016/.buildenv.2019.
106505.
https://www.sciencedirect.com/science/article/pii/S036
0132319307176.

[5] Pourarian, Shokouh, Jin Wen, Daniel Veronica, Amanda
Pertzborn, Xiaohui Zhou, and Ran Liu. "A Tool for
Evaluating Fault Detection and Diagnostic Methods for
Fan Coil Units." FEnergy and Buildings 136
(2017/02/01/ 2017): 151-60.
https://doi.org/https://doi.org/10.1016/j.enbuild.2016.1
2.018.
https://www.sciencedirect.com/science/article/pii/S037
8778816317698.

[6] Yan, Rui, Zhenjun Ma, Yang Zhao, and Georgios
Kokogiannakis. "A Decision Tree Based Data-Driven
Diagnostic Strategy for Air Handling Units." Energy
and Buildings 133 (2016/12/01/ 2016): 37-45.
https://doi.org/https://doi.org/10.1016/j.enbuild.2016.0
9.039.
https://www.sciencedirect.com/science/article/pii/S037
8778816308854.

[7] Yu, Bing, Dolf H. C. Van Paassen, and Siamak Riahy.
"General Modeling for Model-Based Fdd on Building
Hvac System." Simulation Practice and Theory 9, no. 6

(2002/05/15/ 2002): 387-97.
https://doi.org/https://doi.org/10.1016/S1569-
190X(02)00062-X.
https://www.sciencedirect.com/science/article/pii/S156
9190X0200062X.

[8] Zhao, Yang, Tingting Li, Xuejun Zhang, and Chaobo Zhang.

"Artificial Intelligence-Based Fault Detection and
Diagnosis Methods for Building Energy Systems:
Advantages, Challenges and the Future." Renewable
and Sustainable Energy Reviews 109 (2019/07/01/
2019): 85-101.
https://doi.org/https://doi.org/10.1016/j.rser.2019.04.02
1.
https://www.sciencedirect.com/science/article/pii/S136
4032119302333.

[9] Zhao, Yang, Jin Wen, and Shengwei Wang. "Diagnostic

Bayesian Networks for Diagnosing Air Handling Units
Faults — Part Ii: Faults in Coils and Sensors." Applied
Thermal Engineering 90 (2015/11/05/ 2015): 145-57.
https://doi.org/https://doi.org/10.1016/j.applthermalen
2.2015.07.001.
https://www.sciencedirect.com/science/article/pii/S135
9431115006584.

[10] Zhao, Yang, Jin Wen, Fu Xiao, Xuebin Yang, and Shengwei

Wang. "Diagnostic Bayesian Networks for Diagnosing
Air Handling Units Faults — Part I: Faults in Dampers,
Fans, Filters and Sensors." Applied Thermal
Engineering 111  (2017/01/25/ 2017): 1272-86.
https://doi.org/https://doi.org/10.1016/j.applthermalen
https://www.sciencedirect.com/science/article/pii/S135
9431116301193.

© 2021 by Northeastern University


https://doi.org/https:/doi.org/10.1016/j.buildenv.2013.11.021
https://doi.org/https:/doi.org/10.1016/j.buildenv.2013.11.021
https://www.sciencedirect.com/science/article/pii/S0360132313003417
https://www.sciencedirect.com/science/article/pii/S0360132313003417
https://doi.org/https:/doi.org/10.1016/j.apenergy.2009.01.015
https://doi.org/https:/doi.org/10.1016/j.apenergy.2009.01.015
https://www.sciencedirect.com/science/article/pii/S0306261909000233
https://www.sciencedirect.com/science/article/pii/S0306261909000233
https://doi.org/https:/doi.org/10.1016/j.autcon.2014.03.002
https://doi.org/https:/doi.org/10.1016/j.autcon.2014.03.002
https://www.sciencedirect.com/science/article/pii/S0926580514000545
https://www.sciencedirect.com/science/article/pii/S0926580514000545
https://doi.org/https:/doi.org/10.1016/j.buildenv.2019.106505
https://doi.org/https:/doi.org/10.1016/j.buildenv.2019.106505
https://www.sciencedirect.com/science/article/pii/S0360132319307176
https://www.sciencedirect.com/science/article/pii/S0360132319307176
https://doi.org/https:/doi.org/10.1016/j.enbuild.2016.12.018
https://doi.org/https:/doi.org/10.1016/j.enbuild.2016.12.018
https://www.sciencedirect.com/science/article/pii/S0378778816317698
https://www.sciencedirect.com/science/article/pii/S0378778816317698
https://doi.org/https:/doi.org/10.1016/j.enbuild.2016.09.039
https://doi.org/https:/doi.org/10.1016/j.enbuild.2016.09.039
https://www.sciencedirect.com/science/article/pii/S0378778816308854
https://www.sciencedirect.com/science/article/pii/S0378778816308854
https://doi.org/https:/doi.org/10.1016/S1569-190X(02)00062-X
https://doi.org/https:/doi.org/10.1016/S1569-190X(02)00062-X
https://www.sciencedirect.com/science/article/pii/S1569190X0200062X
https://www.sciencedirect.com/science/article/pii/S1569190X0200062X
https://doi.org/https:/doi.org/10.1016/j.rser.2019.04.021
https://doi.org/https:/doi.org/10.1016/j.rser.2019.04.021
https://www.sciencedirect.com/science/article/pii/S1364032119302333
https://www.sciencedirect.com/science/article/pii/S1364032119302333
https://doi.org/https:/doi.org/10.1016/j.applthermaleng.2015.07.001
https://doi.org/https:/doi.org/10.1016/j.applthermaleng.2015.07.001
https://www.sciencedirect.com/science/article/pii/S1359431115006584
https://www.sciencedirect.com/science/article/pii/S1359431115006584
https://doi.org/https:/doi.org/10.1016/j.applthermaleng.2015.09.121
https://doi.org/https:/doi.org/10.1016/j.applthermaleng.2015.09.121
https://www.sciencedirect.com/science/article/pii/S1359431116301193
https://www.sciencedirect.com/science/article/pii/S1359431116301193

