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Various faults occurred in the buildings and heating, ventilation and air conditioning (HVAC) systems
usually lead to more energy consumption and worse thermal comfort inevitably. The soft faults such as
the sensor biases are difficult to discover in the real buildings. A robust diagnostics tool is presented to
improve the energy efficiency and thermal comfort of buildings through removing various faults. The
combined neural networks, integrating the basic neural network and auxiliary neural network, are
developed to detect the abnormities in the air handling unit that is the widely used in commercial
buildings. As a data mining technology, clustering analysis is used to classify the various faulty conditions
adaptively in the buildings in this paper. Through subtractive clustering analysis, the different faults can
be separated into different space zones in the data space. Besides the known faults in the library, the new
unknown faults can be recognized and complemented into the faults library adaptively. The fixed biases,
drifting biases and complete failure of the sensors and chilled water valve faults commonly occurred in
the buildings are validated in this paper.

� 2013 Elsevier Ltd. All rights reserved.
1. Introduction

The proper control of air handling unit (AHU) is essential to the
energy efficiency of the buildings and heating, ventilation and air
conditioning (HVAC) systems. There are some control loops in the
air handling unit including the supply air temperature control,
outdoor air flow rate control and supply fan speed control etc. To
achieve higher operation efficiency, some optimal control strate-
gies have been developed and applied. However, the effect of
control strategies highly relies on the healthy control systems
including sensors, controllers and actuators. In practical operation,
unfortunately, these control elements usually experience various
kinds of faults inevitably. The faults including biases of sensors,
control command error, stuck of the air dampers or water valves
always increase the energy consumption of the systems. Moreover,
these faults may result in the poor thermal comfort, decrease of the
facility life, or even safety accidents. Consequently, integrating
suitable fault detection and diagnosis (FDD) in air handling unit is
significant for higher efficiency of operation and energy savings.

Based on Annex25 [1] and Annex34 [2], many fault detection
and diagnosis approaches have been developed and applied in
HVAC systems that concerning various faults of sensors and
All rights reserved.
facilities. As the most important components, the fault diagnosis in
the air handling units and chillers has been paid more attention. In
general, three kinds of fault diagnosis methods can be classified:
the model-based, the rules-based and the data-driven methods.

Dexter [3] presented a fuzzy model to diagnose several faults in
the air handling unit. Through comparing the outputs of the fuzzy
model with those of the reference model, the faults occurred in the
air handling unit can be diagnosed. Norford [4] developed a phys-
ical model to detect commonly occurred faults in the air handling
unit. Castro [5] presented a physical model to detect the faults in
the chillers. Wang [6] also presented the model-based strategy to
diagnose the sensor faults in the chilling plant system. Yu and Li [7]
presented a virtual model to estimate the supply air flow rate in the
rooftop air-conditioning units. Employing the mass balance and
energy balance, the physical residues can be calculated through
comparing the outputs of the models with real measurements.
Besides the physical diagnosis models, the gray-box [8] and black-
box [9] models have also been developed to diagnose the chiller
faults. Generally, the model-based methods [10e13] have been
most widely developed in the HVAC systems. The well application
of the model-based FDD method relies on the accurate mathematic
physical models.

Different from the model-based method, the rules-based
approach never need to construct the accurate mathematic
models but expert knowledge or experience rules. Schein [14]
presented the expert rules that are based on the mass balance
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Nomenclature

T temperature (K)
M flow rate (kg/s)
C control command
R related coefficient
RMSE root mean square error
RMSPE root mean square percentage error
MAPE mean absolute percentage error
n data number
y measured values
ypi predicted values
y mean of the measuring values
yp mean of the predicted values
X measuring matrix or vector
D data density
AHU air handling unit
HVAC heating, ventilation and air conditioning
FDD fault detection and diagnosis

Greek symbols
a adjacent field
b adjacent field with greatly reduced density
s statistic variance
l eigenvalue
z weighting factor
f relative error
f combined relative error

Subscripts and superscripts
set setpoint
sup supply air
ws supply water
wr return water
w water
p prediction
m measurement
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and energy balance in the air handling unit. House [15] developed
a series of the rules to judge the operation conditions of air
handling unit. With the expert rules, the faults occurred in the air
handling unit can be diagnosed successfully. Moreover, Visier [16]
also constructed an expert system that is used to diagnose the
faults in the school HVAC systems. The application of rules-based
FDD methods depends on the rules constructed. One expert sys-
tem is usually suitable for a special HVAC system. In addition, if
the expert rules constructed for the real HVAC systems are not
detailed enough, the diagnosis efficiency of this expert system
may be limited.

As a new FDD method, recently, the data-driven approaches
have been paid more attention in HVAC field. The data-driven
method, such as principal component analysis [17e20], Fisher
discriminant analysis [21], wavelet analysis [22,23] and neural
network [24e26] etc., never need to build the accurate mathematic
physical models or detailed experience rules. Actually, the data-
driven FDD methods usually take advantage of the intrinsic re-
lations among the various data. Through calculating the deep
intrinsic mathematic relations of the variables, the normal and
abnormal operation can be distinguished. When faults occur, the
intrinsic relations among variables will be broken, which is
different with that under normal conditions. Consequently, the
faults occurred in the HVAC systems can be detected and diag-
nosed. Lee [24] presented a general regression neural network in
the air handling unit. It can be used to diagnose the abrupt and
performance degradation faults. Wang [25] developed a detection
model-based on neural network in the variable air volume systems.
The neural network can be used to diagnose the faults of outdoor
air, supply air and return air flow rate sensors after training using
operation data. In addition, Guo [27] presented a novel statistic
machine-learning based method for FDD in HVAC systems. Later,
Guo [28] further developed the strategy through combining a
hidden Markov model to efficiently detect and diagnose the faults
occurred in HVAC systems. Wu [29] presented a cross-level diag-
nosis method based on the spatialetemporal partition strategy to
detect and diagnose the faults in HVAC system. Yang [30] presented
the fractal correlation dimension logic to detect the temperature
sensor faults in the air handling units. The data-driven FDD ap-
proaches are suitable for the situations that the operation data are
sufficient and easy to obtain. There are still few efficient detection
strategies for control faults in the control loops of air handling unit.
The detection efficiency and diagnosis capacity for those typical
control faults including small measuring biases of the control var-
iables is not satisfied yet.

A fault detection and diagnosis strategy using combined neural
networks and subtractive clustering analysis is presented in this
paper. Combined basic and auxiliary neural networks are presented
to detect the faults in the supply air temperature control loop in the
building and HVAC system. The subtractive clustering analysis is
used to diagnose the fault source through adaptive classification for
the faults in the buildings.

2. System descriptions

2.1. Building and HVAC system

A typical HVAC system in the building is shown in Fig. 1. The
supply air, the mixture of the outdoor air and recycle air, exchange
heat and humidity with the chilled water in the air handling unit.
The chilled water coming from the chillers is delivered by the
pumps to the air handling unit. After being cooled down by the
chilled water (in summer condition), the supply air is delivered to
each air conditioning zone by the variable-speed supply fan.
Moreover, the return air is divided into two streams by the variable-
speed return fan. One stream is exhaust air to the outside of the
building, and the other is recycled in the next air circulation.

2.2. Supply air temperature control loop and faults concerned

Several ProportioneIntegraleDifferential (PID) controllers are
included in the HVAC system. These controllers, including the
supply air temperature controller, outdoor air flow rate controller,
supply fan speed controller and return fan speed controller, can be
used to ensure the basic operation of the system.

The supply air temperature control loop (Fig. 2) is one of the
most important control loops in the air handling unit. Through
comparing the measurements of supply air temperature and its
setpoint, the Tsup (supply air temperature) controller adjusts the
chilled water valve locating at the inlet of the air handling unit to
ensure proper supply air temperature for the users. Some faults
including the biases of sensors, water valve stuck and controller
faults may commonly occur in this control loop. These faults may
affect the control process and lead to unwanted results. Conse-
quently, the fixed bias of Twr (returnwater temperature) sensor, the
fixed bias of Tsup sensor, the drifting bias of Tsup sensor, the complete



Fig. 1. Building and HVAC system.
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failure of Tsup sensor and the water valve stuck fault are considered
and tested in this paper.
3. Fault detection and diagnosis methodology

3.1. Combined neural networks

Neural network is a pattern recognition method that has been
widely applied in various engineering fields. It is suitable to solve
the complicated nonlinear issues and has well self-learning ca-
pacity for the objective system. Consequently, it can be used as a
detection method for various abnormities or faults occurred in the
HVAC system.

The BP (back-propagation) neural network, which includes
three layers: one input layer, one or several hidden layer(s) and one
output layer, is selected in this study. Since the LM (Levenberge
Marquardt) optimal algorithm [31] can obtain a quick convergent
speed and has a well calculation precision, it is used to accelerate
the convergent speed of each training process of the neural
networks.

However, the single neural network is not satisfied in detection
capacity because of its only network structure. In this study, a dual-
neural-network structure is developed to improve the detection
capacity.
Tsup,set
Controller Wa
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Fig. 2. Supply air tempe
3.1.1. Basic neural network model
In the supply air temperature control loop, supply air temper-

ature (Tsup) is the controlled variable, its setpoint (Tsup,set), supply
chilled water temperature (Tws), return chilled water temperature
(Twr), chilled water flow rate (Mw) and chilled water valve position
(Cw) are related monitoring parameters. Therefore, the 1st neural
network can be constructed as

Tsup ¼ f
�
Tsup;set ; Tws; Twr; Mw; Cw

�
(1)

where Tsup,set, Tws, Twr, Mw and Cw are selected as the inputs of the
neural network, and Tsup is selected as the output.

Since this neural network directly employs the controlled vari-
able as its output, it can be viewed as the basic neural network. The
relative errors f in Equ. (2) between the measured values and
predicted ones of each neural network are compared with the
threshold to judge whether the fault occurs.

f ¼
����xp � xm

xm
� 100%

���� (2)

3.1.2. Auxiliary neural network model
Before constructing the 2nd neural network, the correlation

among variables in air handling unit should be analyzed. The
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sensitivity of each input to the basic neural network should be
analyzed to catch the most relevant variable. Here, some statistic
indexes shown in Equ. (3)e(6) are used to complete the analysis
including related coefficient (R), root mean square error (RMSE),
root mean square percentage error (RMSPE) and mean absolute
percentage error (MAPE).

R ¼
Pn

i¼1ðyi � yÞ
�
ypi � yp

�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1

�
yi � y

	2
s Pn

i¼1

�
ypi � yp

�2 (3)

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn
i¼1

�
ypi � yi

�2vuut (4)

RMSPE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi Pn
i¼1

�
ypi � yi

�2!,
n

vuut
yp

(5)

MAPE ¼ 1
n

Xn
i¼1

����ypi � yi
yi

���� (6)

where yi is the measurement, ypi is the prediction value of the
neural network, y is the mean value of the measurements and yp is
the mean value of the prediction values of the neural network.

The following steps are carried out for the sensitivity analysis to
obtain the most relevant parameter.

1) The quantity of the inputs of basic neural network is reduced
from n to n � 1, which means a different variable should be
removed from the input set in each time.

2) For the neural network with n � 1 inputs, the statistic indexes
(R, RMSE, RMSPE and MAPE) are calculated and compared. The
variable with the least correlation will be removed and the
others will be remained. Then the quantity of the inputs is
reduced from n � 1 to n � 2.

3) The similar steps like step 2 will not be stopped until the
quantity of the input is one. The last remained variablemay have
the most correlation with the output (Tsup) of the basic neural
network.

The analysis results using the operation data are shown in
Table 1. Since the returnwater temperature Twr is the most relevant
variable to the basic neural network, the 2nd neural network can be
constructed as

Twr ¼ g
�
Tsup; Tsup;set ; Tws; Mw; Cw

�
(7)

where Tsup, Tsup,set, Tws,Mwand Cware selected as the inputs of the 2nd
neural network, Twr is selected as the output. This neural network is
constructed indirectly and used as the auxiliary neural network.
Table 1
Sensitivity analysis for the input variables.

Inputs quantity Inputs R RMSE RMSPE MAPE

5 Cw, Mw, Twr, Tws, Tsup,set 0.9776 0.0344 0.0026 0.0019
4 Cw, Mw, Twr, Tsup,set 0.9732 0.0376 0.0029 0.0021
3 Cw, Mw, Twr 0.9539 0.0491 0.0038 0.0029
2 Mw, Twr 0.9539 0.0493 0.0039 0.0029
1 Twr 0.9407 0.0555 0.0043 0.0030
3.1.3. Combined strategy based on the weighting analysis
Tsup and Twr are the prediction outputs of the basic and auxiliary

neural networks. To combine the two neural networks efficiently as
an integrating detection structure, the weighting factors of the two
key variables should be allocated. In this paper, principal compo-
nent analysis (PCA) [19] is used to analyze the weighting factors of
the predicting outputs of the two neural networks.

For the measuring matrix X,

X ¼

2
6664
T1sup T1wr M1

w T1ws T1sup;set C1
w

T2sup T2wr M2
w T2ws T2sup;set C2

w
/
Tnsup Tnwr Mn

w Tnws Tnsup;set Cn
w

3
7775
n�6

(8)

which includes the main variables of the supply air temperature
control loop in AHU, can be analyzed using PCA to obtain the
relevant relation among these variables that includes the physical
and control correlations. The eigenvalues li (i ¼ 1,.,6), concluded
from the correlation coefficient matrix of the variables using PCA
shown in Fig. 3, indicate the contributions of each variable to the
main measuring space of X. Obviously, Tsup and Twr are the key
variables that have the largest contribution to the whole measuring
matrix X.

The weighting factor of each measuring vector zi is defined as

zi ¼
liP6
j¼1 lj

(9)

Consequently, the weighting factors of the each neural network
zi( ) can be expressed as the sum of weighting factors of its inputs.

ziðANNiÞ ¼
X6
j¼1

zj jsi; i ¼ 1; 2 (10)

here, ANNi denotes the basic and auxiliary neural networks whose
output is Tsup and Twr, respectively.

The combined relative error through setting the weighting
factors for each neural network can be expressed as

f ¼
X2
i¼1

fi$
ziðANNiÞP2
i¼1 ziðANNiÞ

(11)

Consequently, the combined relative error exceeding its
threshold indicates the occurrence of faults.
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Fig. 3. Weighting factors analysis using PCA in Tsup control loop.



Fig. 4. Fault detection and diagnosis logic.
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3.2. Subtractive clustering based fault diagnosis

3.2.1. Selection of clustering method
Clustering analysis is a data mining method that was usually

used as a model identification way in many nonlinear systems.
Conceptually, clustering is defined as the process that a physical or
abstract object set can be classified into several similar but different
clusters. In a cluster generated by the clustering, the subjects each
other are similar but different with that in other clusters. The fault
diagnosis process is very similar to the clustering process, in which
different faults can be viewed as various clusters. The samples in
one fault condition have similar physical characteristics. They are
similar each other but different with that in other fault conditions.
Therefore, the clustering analysis can be used as a fault diagnosis
method to solve the problems of classification and identification for
faults in HVAC systems.

Generally, clustering analysis includes many clustering algo-
rithms such as subtractive clustering, fuzzy C-means clustering,
mountain clustering etc. The selection of which clustering al-
gorithm depends on application situations, aims and data types.
The subtractive clustering is used in this study, which is suitable
for the fault diagnosis because of its adaptive classification
capacity.
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Fig. 5. Another AHU test using the trained neural networks.
3.2.2. Subtractive clustering
The basic idea of the subtractive clustering is to determine the

center of the cluster according to the data density around each data
point. The vector selected as the clustering center has the highest
data density. At the same time, other vectors near this center vector
can be excluded as the clustering center. After the first clustering
center is selected, the next clustering center will be found using the
similar way. The finding process will not be stopped until the
possibility that all of the data can be selected as the center is less
than the threshold.

For the characteristic vector (X1, X2, ., Xn) belonging to the m
dimensional input space, the mountain function referring its data
density can be constructed as

Di ¼
Xn
j¼1

exp

"
�


Xi � Xj



2�
a
2

�2
#

(12)

whereD is the density, a is the adjacent field next to this point and a
>0.

The possibility of each data point viewing as the clustering
center can be calculated according to the data density conditions.

Supposing that Xc,k is the clustering center at the kth time and its
density is Dc,k, the mountain function of each vector can be revised
as

D0
i ¼ Di � Dc;k

XN
i¼1

exp

2
64�



Xi � Xc;k


2�

b
2

�2
3
75 (13)

where N is the vector quantity left after k clustering, b is defined as
the adjacent field that its density is reduced greatly and usually is
equal to 1.5a.

The similar process mentioned above will not be stopped until
the following is satisfied.

Dc;kþ1=Dc;1 < s (14)

With the subtractive clustering process, the various fault con-
ditions in the HVAC systems can be classified successively.
3.3. Fault detection and diagnosis logic

The fault detection and diagnosis logic using the combined
neural networks and subtractive clustering shown in Fig. 4 include
six main steps as follows.

Step 1: Historical normal operation data of the AHU are selected
for latter training of the two neural networks. The wavelet
analysis is used to process these raw data to remain the main
characteristic information of the data but remove the useless
and disturbing information. [32]
Step 2: Using the historical data after wavelet processing, the
basic and auxiliary neural networks are trained, respectively. It
should be noted that the inputs and outputs of the two neural
networks are different. The output of the basic neural network is
supply air temperature Tsup. While that of the auxiliary network
is return water temperature Twr.
Step 3: Clustering analysis will be carried out in this step using
not only the normal historical data but also the known faulty
operation data. Through subtractive clustering, the clustering
center of each condition including normality and faults can be
found out. And the known fault library including all of the
clustering centers from the historical data can be constructed.
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Fig. 6. Different weather condition test using the trained neural networks.

Table 3
Detection efficiency of basic neural network.

Fault cases False
alarm ratio

Missing
alarm ratio

Detection
time

Fixed bias of Twr sensor 0.8% 0% 1 min
Positive fixed bias of Tsup sensor 0.6% 10.2% 1 min
Negative fixed bias of Tsup sensor 4.2% 50.8% 3 min
Drifting bias of Tsup sensor 9.2% 19.4% 54 min
Complete failure of Tsup sensor 5.8% 43.1% 60 min
Chilled water valve stuck 2.7% 13.9% 1 min

Table 4
Detection efficiency of auxiliary neural network.

Fault cases False
alarm ratio

Missing
alarm ratio

Detection
time

Fixed bias of Twr sensor 5.8% 0% 1 min
Positive fixed bias of Tsup sensor 1.9% 4.2% 4 min
Negative fixed bias of Tsup sensor 8.3% 0% 1 min
Drifting bias of Tsup sensor 9.2% 6.9% 25 min
Complete failure of Tsup sensor 7.2% 3.3% 8 min
Chilled water valve stuck 3.9% 18.9% 6 min

12
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This fault library can be used to diagnose the fault source when
the new operation data are measured.
Different from the detection process, it should be noted that
both normal and faulty historical data are used for clustering
process to distinguish different data classes so as to make the
diagnosis robust.
Step 4: New operation data to judge of the supply air tempera-
ture control loop are analyzed using wavelet analysis. Similar to
Step 1, the main information of the data is remained and the
useless information is removed.
Step 5: Well-trained basic and auxiliary neural networks are
combined to detect the abnormities in the system employing
the data after wavelet analyzing. Through allocating the
weighting factors of the two neural networks, the combined
relative error of the integration structure can be calculated.
Comparing the combined relative error with its threshold, some
faults can be discovered.
Step 6: If any fault is detected using the combined detection
strategy, the subtractive clustering analysis is used to diagnose
the fault source. There are two aspects in this step.
1) If the fault data can match any known fault in the cluster

library through clustering analysis, it is a known fault and the
diagnosis result is drawn.

2) If it doesn’t match any known cluster in the library, on the
other hand, thatmeans it is a new fault and Step 3will repeat.
Subtractive clustering analysis will be carried out for the new
faulty operation data. The new fault cluster center will be
complemented and the fault library will be updated for the
future diagnosis.

Finally, the detection and diagnosis results can be concluded.
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4. Validation

The detection and diagnosis strategies using combined neural
networks and subtractive clustering analysis were validated in the
HVAC simulator based on TRNSYS. A fault generator was integrated
Table 2
False alarm ratio of the basic and auxiliary neural networks.

Threshold False alarm ratio

Basic neural network Auxiliary neural network

0.5% 14.63% 17.07%
1.0% 0% 2.44%
2.0% 0% 0%
in the HVAC simulator to generate various faults in different time.
Four kinds of faults were tested in this paper as the following:

FAULT 1: fixed bias of the return water temperature sensor
(1.0 �C; 12 PM);
FAULT 2: positive fixed bias of the supply air temperature sensor
(1.5 �C; 12 PM);
FAULT 3: negative fixed bias of the supply air temperature sensor
(�1.5 �C; 10 AM);
FAULT 4: drifting bias of the supply air temperature senor
(�0.004 �C/min; 10 AM);
FAULT 5: complete failure of the supply air temperature sensor
(measurements are always equal to 13 �C; 11 AM).
FAULT 6: Chilled water valve stuck at the 50% opening position
(10:30 AM).
4.1. Validation of the trained neural networks

The basic and auxiliary neural networks trained using the
operation data of the 1# AHU on 20th June were tested and vali-
dated. If the neural networks of 1# AHU were used for the 2# AHU,
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Fig. 7. Detection for the fixed bias of Twr sensor.
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6

8

10

12

e 
er

ro
r 

(%
)

Complete failure of Tsup sensor (12PM)

Threshold

Fault occurred
(12PM-4PM)

Z. Du et al. / Building and Environment 73 (2014) 1e11 7
the relative errors between the prediction and real values were
illustrated in Fig. 5. Since the two AHUs have the same structure
and parameters, the predictions of the neural networks were well.
As to the different weather conditions, moreover, if the systemwas
running on 15th July, the trained neural networks also has an
acceptable prediction capacity shown in Fig. 6. It should be noted
that the models should be re-trained if the system under winter
weather condition is to be detected.
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Fig. 11. Detection for the complete failure of Tsup sensor.
4.2. Selection of detection threshold

False alarm, which is defined that the candidate sample of the
normality is wrongly judged as fault, is used to select the threshold
of relative error in detection. The false alarm ratios using different
thresholds were shown in Table 2. The false alarm ratio is defined as
the ratio of false alarm samples to the total normal condition
samples. 360 samples of normal operation were used to test. Ac-
cording to Table 2, 1% is a suitable threshold for the system in this
paper. The threshold of 0.5% led to unacceptable false alarm ratio
for both the basic neural network (14.63%) and auxiliary neural
network (17.07%). The threshold of 2% may result in much more
missing alarms although its false alarm was the smallest.
4.3. Detection efficiency using single neural network

Two neural networks were developed in this paper. The detec-
tion efficiency of each neural network was tested first. The
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Fig. 9. Detection for the negative fixed bias of Tsup sensor.
detection efficiency includes false alarm, missing alarm and
detection time in this paper. The missing alarm refers that the fault
sample is not detected under the fault conditions. The missing
alarm ratio is defined as the ratio of undetected fault samples to the
total fault samples. And detection time refers to the cost time from
the occurrence of fault to the discovery of it.

The detection efficiency of basic neural network was illustrated
in Table 3. From this table, the false alarm using the basic neural
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Table 5
Detection efficiency of the combined neural networks.

Fault cases False
alarm ratio

Missing
alarm ratio

Detection
time

Fixed bias of Twr sensor 1.7% 0% 1 min
Positive fixed bias of Tsup sensor 0.6% 2.5% 1 min
Negative fixed bias of Tsup sensor 3.3% 0% 1 min
Drifting bias of Tsup sensor 7.5% 8.3% 29 min
Complete failure of Tsup sensor 5.5% 4.2% 9 min
Chilled water valve stuck 1.1% 6.5% 1 min
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networkwas good. But itsmissing alarmwas not satisfied except the
fixed bias of Twr sensor and water valve fault. As to the detection
time, the drifting bias and complete failure of Tsup sensor were not
discovered in time.

As to the auxiliary neural network, on the other hand, its
detection efficiency was illustrated in Table 4. Compared with the
basic neural network, the false alarm of auxiliary neural network
was not satisfied. It had good missing alarm and detection time
except for thewater valve fault. Since each neural network had own
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Fig. 14. Identification fo
merits and drawbacks, the combined strategy through allocating
their weighting reasonably would be an optimal way for more
efficient detection.
4.4. Fault detection based on combined neural networks

The detection results for these faults using combined strategy of
dual neural networks were shown in Figs. 7e12, respectively.

When the return water temperature sensor was biased with
1.0 �C at 12 PM, the combined strategy based on dual neural net-
works detected the fault because its combined relative error
exceeded the threshold (Fig. 7).

When the supply air temperature sensor was biased with 1.5 �C
(12 PM) and �1.5 �C (10 AM) respectively, the combined relative er-
rors exceeded their threshold (Figs. 8 and 9) indicating the combined
neural networks strategy was sensitive to detect the two faults.

As to the drifting biases of supply air temperature sensor, the
combined neural networks detected the fault after 10:30 AM
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shown in Fig. 10. This fault was not discovered at the beginning yet
because its magnitudes were very small.

As to the complete failure of the supply air temperature sensor,
the detection results were shown in Fig. 11. The complete failure
discussed in this paper is that the measurements of Tsup sensor
were always equal to the setpoint (13 �C). The combined neural
networks detected this fault successfully.

In addition, when the chilled water valve stuck at 50% opening
position at 10:30 AM, the combined structure detected this fault in
time (Fig. 12) indicating its effectiveness for this kind of faults.

The detection efficiencies using the combined neural networks
strategy were illustrated in Table 5. The false alarm ratios of the
combined neural networks for these six faults were 1.7%, 0.6%, 3.3%,
7.5%, 5.5% and 1.1%. Its missing alarm ratios were 0%, 2.5%, 0%, 8.3%,
4.2% and 6.5%, respectively. And all these faults were discovered
quickly in time. Generally, the combined strategy has much better
detection efficiency than each single neural network.

4.5. Fault diagnosis based on subtractive clustering analysis

The subtractive clustering analysis is used to diagnose the
various faults occurred in the system. The historical data were
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Fig. 16. Identification for th
classified using the subtractive clustering firstly. The clustering
center of each operation class including normality and faults can
be searched and calculated shown in Fig. 13. Different classes of
the faults and normal operation were classified adaptively and
separated each other. Through subtractive clustering, the new
data can be analyzed to match which operation class in the li-
brary. As a result, the fault source can be recognized and
identified.

The normal operation identification test was shown in Fig. 14.
Since the testing data matched the normal operation cluster and
located near its clustering center, these data were identified as the
normal operation without fault.

For the test case of Twr sensor fault, the diagnosis result was
illustrated in Fig. 15. With the subtractive clustering analysis, the
testing data didn’t match the clusters of other operation clusters
but located near the cluster center of Twr sensor fault. This indicated
that the fault source was the Twr sensor.

For the case of supply air temperature sensor biases, the
testing data after clustering analysis matched the Tsup sensor
fault class and located near its center (Fig. 16). Consequently,
these testing data can be identified as the fault of the Tsup
sensor.
36

38

40

42

44

46

6 7 8 9 10 11 12 13 14
The 3rd dimension

Test of Tsup sensor bias

Clustering center of normal operation

Clustering center of Tsup sensor fault

Clustering center of Twr sensor fault

Clustering center of water valve fault

(b) 3-4 dimensions

e fault of Tsup sensor.



35

36

37

38

39

40

41

1 1.1 1.2 1.3 1.4 1.5 1.6 1.7 1.8 1.9 2

The 1st dimension

T
he

 2
nd

 d
im

en
si

on

Test of water valve fault

Clustering center of normal operation

Clustering center of Tsup sensor fault

Clustering center of Twr sensor fault

Clustering center of water valve fault

36

38

40

42

44

46

6 7 8 9 10 11 12 13 14
The 3rd dimension

T
he

 4
th

 d
im

en
si

on

Test of water valve fault

Clustering center of normal operation

Clustering center of Tsup sensor fault

Clustering center of Twr sensor fault

Clustering center of water valve fault

(a) 1-2 dimensions (b) 3-4 dimensions

Fig. 17. Identification for the fault of chilled water valve.

Z. Du et al. / Building and Environment 73 (2014) 1e1110
Similarly, since the candidate testing data located near the
clustering center of water valve stuck in Fig. 17, the fault source can
be identified as the water valve fault.
5. Conclusion

The basic and auxiliary neural networks are developed to detect
the abnormities occurred in the air handling unit. With the inte-
gration of the dual neural networks through allocating the
weighting factors, the detection efficiency of false alarm, missing
alarm and detection time can be well improved.

Clustering analysis technology is suitable as the diagnosis
method applied in HVAC system. Through separating various faults
in multi-dimension space, the faults can be isolated accurately.
Moreover, since the new fault clusters can be updated into the fault
library, the subtractive clustering analysis has the adaptive capacity
to diagnose the new faults.

The approach, integrating dual neural networks and subtractive
clustering analysis, is a data-driven fault detection and diagnosis
method. In the real building and HVAC systems, the well applica-
tion of the approach presented in this paper relies on the quantity
and quality of the operation data.
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