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Abstract 
During the operation phase of heating, ventilation, and air 
conditioning (HVAC) systems, faults that deteriorate the 
system performance often occur. Therefore, automatic 
fault detection and diagnosis (AFDD) is essential for 
proper operation. The authors propose an AFDD method, 
which utilizes a fault database generated by a system 
simulation and convolutional neural networks (CNN) as 
classifiers. Although this method has demonstrated high 
performance, it requires a large number of human and 
calculation resources. In this study, to reduce the 
calculation resource for network training, transfer 
learning is applied to the AFDD at different sites. The 
subjects were central chilled water plants, which are the 
waterside of HVAC systems. It was confirmed that by 
applying transfer learning reasonable diagnosis results 
were achieved and the computational resources during 
training were halved. These results are expected to 
contribute to the widespread use of the AFDD method. 
Key Innovations 

• Application examples of the AFDD method for 
central chilled water plants, which can diagnose 
51 types of faults, are shown. In addition to 
diagnosing individual equipment faults, the 51 
types of faults include those that affect the entire 
behavior of the system, such as inappropriate 
control settings and sensor errors. 

• Transfer learning is applied to a trained CNN for 
the AFDD of central chilled water plants. 
Although the AFDD method using CNN 
demonstrates high performance, it requires a 
large number of computational resources. 
Transfer learning can reduce this requirement 
and facilitate installation of the AFDD method 
using CNNs applied to more buildings. 

• The diagnostic results of two different sites were 
compared. To demonstrate the performance of 
the AFDD, detailed information on the subject 
system and its building energy management 
system (BEMS) data are required. The proposed 
method can be evaluated and discussed by 
assembling multiple sites where the AFDD is 
available. 

Practical Implications 
This study reveals the validity of transfer learning 
between the two systems. Although these systems are 

installed in different buildings, their equipment 
configurations and controls are the same. Therefore, 
whether it applies to systems with different configurations 
remains a topic for further study. 
Introduction 
The energy consumption of heating, ventilation, and air 
conditioning (HVAC) systems accounts for more than 
40% of all buildings (Pérez et al., 2008). Therefore, 
operating an HVAC system with high efficiency is 
essential to reduce energy consumption and carbon 
dioxide emissions. However, faults have caused HVAC 
systems to lose as much as 5% to 30% of their energy 
efficiency (Katipamula and Brambley, 2005; Roth et al., 
2015; Fernandez et al., 2017). Therefore, automated fault 
detection and diagnosis (AFDD) is an essential topic in 
HVAC research. 
Generally, faults in HVAC systems deteriorate system 
energy efficiency, indoor environment quality, or both. 
Faults that do not deteriorate the indoor environment are 
not usually detected through occupants' complaints and 
are therefore difficult to detect without applying AFDD. 
These faults include equipment deterioration, 
inappropriate set values, and sensor errors. AFDD aims to 
identify the types of faults which manifested in the 
operational data, known as the building energy 
management system (BEMS) data. AFDD methods are 
categorized into the following three types: quantitative, 
qualitative, and process history-based approaches 
(Liddament, 1999; Venkatasubramanian et al., 2003). 
HVAC systems are designed differently for every 
building, and boundary conditions such as the outdoor 
environment and heat load differ every day. Therefore, 
qualitative models such as knowledge-based expert 
systems can be applied to limited equipment or 
subsystems such as chillers and air handling units (AHUs). 
At the same time, they have difficulty applying system-
level faults, such as inappropriate set values and sensor 
errors. Process history-based models can work well when 
the data are abundant; however, they have difficulty 
detecting faults in the initial operating phase. 
Considering this background, the authors have proposed 
an AFDD method, which is regarded as an advanced 
quantitative model-based approach (Miyata et al., 2020). 
The method described in the next section involves the 
following steps: generating a fault database through a 
system simulation, training convolutional neural 
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networks (CNN) with the database, and diagnosing the 
BEMS data using the trained CNN.  
Although this method has demonstrated high performance, 
it still incurs high computational and human service costs. 
The costs mainly include human service costs for 
constructing the system simulation, setting fault 
conditions in the simulation, and tuning the CNN 
parameters. The computational costs mainly include 
calculating faulty behavior by simulation and training the 
CNN. There are many studies regarding generating and 
sharing the faulty behavior of HVAC systems by 
simulation and experimentation (Liddament, 1996; 
Granderson, 2020). However, these databases are difficult 
to use directly for training CNNs because the features of 
faults vary from one system to another. In this study, we 
focused on reducing the computational cost for training 
the CNN. 
To improve training efficiency, transfer learning, a 
method to re-utilize trained networks, is applied, and its 
effectiveness is investigated. To demonstrate the 
usefulness of transfer learning for AFDD, two real central 
chilled water plants and a fictional system derived from 
one of them were used in this study. 
AFDD Method 
The AFDD method developed by the authors has the 
following steps: constructing a system simulation of a 
target system, generating a fault database by assigning 
fault conditions to the simulation, training the CNN using 
the database, and diagnosing the BEMS data by the 
trained CNN.  
System simulation 
The target system used in this study is shown in Figure 1. 
It is a chilled water plant in a factory located in Miyagi, 
Japan. To calculate the behavior of the faults to be 
diagnosed, a system simulation program was coded 
independently in MATLAB. The system has headers that 
connect to the AHU, and the boundary of the simulation 
is set at the header. The simulation program includes input, 
control, flow calculation, temperature, and power 
calculation parts (Figure 2). The input values are the heat 
load, outdoor air temperature, and relative humidity 
obtained from the BEMS data. 
Control logics are modeled based on the descriptions in 
the control specification. The time step of the simulation 
was 1 min, and proportional-integral (PI) control of the 
pumps, valves, and cooling tower fans was modeled. 
The flow rate in each pipe branch was calculated 
according to the pump frequency and valve opening. 
Regarding the chilled water plant as an electric circuit and 
applying Kirchhoff’s law, the flow rate is calculated under 
the condition that the total pressurization by pumps and 
pressure loss by equipment and pipes is equal to zero in 
any loop. The amount of inflow and outflow is equal at 
any point. 
The flow rate calculation has been developed with 
reference to HVACSIM+ (Clark, 1985), which is utilized 
in a recent study that calculates faulty behavior of HVAC  
performance 

 
Figure 1: Target system configuration 

 
Figure 2: System simulation flow 

 
Figure 3: Pump characteristic curve 

 
Figure 4: Chiller COP curve 

system (Granderson, 2020). The simulation model 
calculates flow rates based on pressure balance, which 
enables to simulate feedback control such as PI control. 
Therefore, control behavior influenced by sensor error 
and inappropriate set values is rationally calculated. 
The pump characteristic curve is depicted in Figure 3. The 
curve was reshaped according to the pump frequency. 
Regarding the chiller model, the coefficient of 
performance (COP) varies according to the condenser 
water temperature and partial load (Figure 4). The cooling 
tower model utilizes the number of transfer units, which 
is referred from EnergyPlus Engineering Reference (US 
Department of Energy, 2018). 
Fault database 
Using the simulation program, a fault database with fault 
labels and fault behavior data was generated. The 
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simulation program incorporates all possible physical 
models other than those inside the chiller. It can simulate 
feedback control such as pump frequency PI control, 
which aims to maintain the flow rate at the set value. 
Therefore, the system behavior of faults such as sensor 
error and inappropriate set values can be calculated. As 
described in the following section, the AFDD method is 
proposed by the authors is one of the machine learning 
methods that require a high-quality database.  Therefore, 
the simulation that can calculate system behavior of faults 
is necessary. 
As described in Table 1, 51 types of fault conditions were 
incorporated into the simulation, and the faulty behaviors 
were calculated. For example, F1 (centrifugal chiller 
deterioration) was calculated by reshaping the chiller 
COP curve. Sensor errors were incorporated into the 
simulation by distinguishing a value into a measured 
value used for the control and true value, which was used 
for physical calculation. In addition to the 51 types of fault 
database, system behavior without faults was also 
calculated and named F0. 
The fault database was calculated by the simulation 
whose input values were obtained from the BEMS data in 
2019. Even if the fault condition is correctly incorporated 
into the simulation, the system behavior may not be 
characterized by the fault depending on the input 
conditions. For example, when the heat load is low and  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 5: CNN structure 

one chiller is continuously operated, faults related to the 
other chiller cannot be manifested on the data. Therefore, 
data for cases where the fault affected the power 
consumption or the amount of processed heat by more 
than 0.01% were extracted. 
CNN 
CNNs were initially proposed for image recognition. 
Various developments are still underway due to their high 
performance (Fukushima and Miyake, 1982; Sainath, et 
al., 2013; Krizhevsky et al., 2017). 
In this study, AFDD is regarded as a classification 
problem, and CNN is used to classify the fault data that  
are similar to the BEMS data. One-day fault data and the 
BEMS data were converted into one input data for CNN 
to perform the diagnosis for each day. There were 48 
items, such as flow rate and temperature. the time interval 
was set to 15 min; therefore, one input data became a two-
dimensional matrix with 96 × 48. To represent fault  
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Label Description Label Description 
F1 Centrifugal chiller (CC1) efficiency deterioration F27 CC1 CP flow sensor error (+) 
F2 Centrifugal chiller (CC2) efficiency deterioration F28 CC2 CP flow sensor error (+) 
F3 Cooling tower efficiency deterioration F29 CC1 CP flow sensor error (-) 
F4 Cooling tower strainer clogging  F30 CC2 CP flow sensor error (-) 
F5 CC1 chilled water inlet temp. sensor error (+) F31 CC1 CDP flow sensor error (+) 
F6 CC2 chilled water inlet temp. sensor error (+) F32 CC2 CDP flow sensor error (+) 
F7 CC1 chilled water inlet temp. sensor error (-) F33 CC1 CDP flow sensor error (-) 
F8 CC2 chilled water inlet temp. sensor error (-) F34 CC2 CDP flow sensor error (-) 
F9 CC1 chilled water outlet temp. sensor error (+) F35 Chiller unit control (low threshold) 
F10 CC2 chilled water outlet temp. sensor error (+) F36 Secondary pump unit control (high threshold) 
F11 CC1 chilled water outlet temp. sensor error (-) F37 Secondary pump unit control (low threshold) 
F12 CC2 chilled water outlet temp. sensor error (-) F38 CC1 CP frequency lower limit (too high) 
F13 CC1 condenser water inlet temp. sensor error (+) F39 CC2 CP frequency lower limit (too high) 
F14 CC1 condenser water inlet temp. sensor error (-) F40 CC1 CDP frequency lower limit (too high) 
F15 CC1 condenser water outlet temp. sensor error (+) F41 CC2 CDP frequency lower limit (too high) 
F16 CC1 condenser water outlet temp. sensor error (-) F42 CC1 CP flow setting (too much) 
F17 Cooling tower outlet temp. sensor error (+) F43 CC2 CP flow setting (too much) 
F18 Cooling tower outlet temp. sensor error (-) F44 CC1 CP flow setting (too less) 
F19 Supply water temp. sensor error (+) F45 CC2 CP flow setting (too less) 
F20 Supply water temp. sensor error (-) F46 CC1 CDP flow setting (too much) 
F21 Return water temp. sensor error (+) F47 CC2 CDP flow setting (too much) 
F22 Return water temp. sensor error (-) F48 CC1 CDP flow setting (too less) 
F23 Outdoor dry bulb temp. sensor error (+) F49 CC2 CDP flow setting (too less) 
F24 Outdoor dry bulb temp. sensor error (-) F50 Cooling tower outlet temp, setting (too high) 
F25 Outdoor relative humidity sensor error (+) F51 Cooling tower outlet temp, setting (too low) 
F26 Outdoor relative humidity sensor error (-) CP: chilled water pump, CDP: condenser water pump 

 

Table 1: Fault label and description for AFDD 
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features more directly, the deviation between each fault 
behavior data and data without faults (F0) was utilized as 
a fault database. The deviation values were normalized 
such that the maximum value was 1, and the minimum 
value was 0. 
A CNN was trained for 40 epochs, and 30 CNNs were 
trained. The average of the outputs of the 30 CNNs was 
regarded as the diagnosis probability. The diagnosis 
probability indicates which characteristics of the faults are 
manifested in the BEMS data. The sum of the diagnosis 
probabilities of the 51 faults is 100%. 
Transfer learning 
Transfer learning utilizes trained parameters in the 
machine learning method, enabling the preparation of 
fewer training datasets (Pan and Yang, 2009). In the 
domain of image recognition, by transferring the 
parameters of the learned network, high classification 
accuracy can be achieved even when the training data is 
insufficient (Shin et al., 2016). In addition to the reduction 
of training data, transfer learning significantly reduces the 
number of parameters to be learned, and it is expected to 
reduce the computational cost. In this study, we focused 
on reduction of computational cost. The pre-trained CNN 
parameters, except for the last layer for the AFDD of a 
chilled water plant, are transferred to CNNs for another 
plant. As for the reduction of training data, it was not 
considered this study because the training data can be 
generated by the simulation as much as necessary. The 
training epoch was set to 40, which was the same as the 
CNN described above. 
Case Settings 
Case studies were conducted to verify the applicability of 
transfer learning to a system in a different building. First, 
three types of systems were assumed as the systems to be 
diagnosed. The system described in the system simulation 
section is called system-1, a fictional system in which the 
chiller COP curve of system-1 is reshaped, as shown in 
Figure 6, is called system-1', and the chilled water plant 
installed in the building adjacent to system-1 is called 
system-2. Although the equipment configuration, piping 
connections, and control logic of system-2 are the same 
as those of system-1, the heat load situation of system-2 
differs from that of system-1 (Figure 7). On a daily basis, 
the load fluctuations of the two systems are similar. 
However, on an annual basis, the trends are different, and 
the maximum and minimum values are also different. 
Then, three types of CNNs were trained using the fault 
databases of system-1 and system-2. The CNN trained on 
the fault database of system-1 was called CNN-1, the 
CNN trained on the fault database of system-2 was called 
CNN-2, and the CNN trained on the fault database of 
system-2 by applying transfer learning to CNN-1 was 
called CNN-1-TL. The fault database used in training was 
simulated with the input of the actual heat load, outdoor 
air temperature, and relative humidity in 2019.  
In addition to the databases generated for the above three 
systems, the BEMS data for system-1 and system-2 from 
January to June 2020 were diagnosed with the above three 

types of trained CNNs. The combinations are presented in 
Table 2. From the results of case-1 and case-2, the test 
accuracy of applying the trained CNNs to different 
systems without retraining the CNNs was analyzed.  

 
Figure 6: COP curve for system-1’ 

 
(a) Day scale: August 21st 

 
(b) Year scale: 2019 

Figure 7: Heat load in system-1 and system-2 
Table 2: Case settings 

 CNN Diagnosis subject 
case-0 CNN-1 system-1-FDB(2019) 
case-1 CNN-1 system-1'-FDB(2019) 
case-2 CNN-1 system-2-FDB(2019) 
case-3 CNN-2 system-2-FDB(2019) 
case-4 CNN-1-TL system-2-FDB(2019) 
case-a CNN-1 system-1-BEMS(2020) 
case-b CNN-2 system-2-BEMS(2020) 
case-c CNN-1-TL system-2-BEMS(2020) 
  FDB: fault database 

Case-4 confirms that there is no significant difference in 
training accuracy for case-3 and that transfer learning is 
useful for learning the parameters of CNNs for AFDD.  
While the case 1 to case 4 diagnose the simulated database, 
cases a, b and c diagnose the BEMS data. The validation 
of AFDD performance of BEMS data is based on the 
manual analysis of BEMS data. However, it should be 
noted that it is difficult to manually diagnose all the faults 
in the real systems because there can be very tiny faults 
that are hard to be found. From the viewpoint of the 
practicality of the AFDD method, the validation based on 
manual analysis was considered sufficient for this study. 
Regarding case-a, the validity and characteristics of the  
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AFDD method are analyzed by comparing the AFDD 
result and BEMS data. Then, case-b and case-c were 
compared to show that transfer learning is useful for 
AFDD between two real central chilled water plants. 
Results 
Training or test accuracy of CNN-1 (case-0, case-1, 
and case-2) 
The training or test accuracies in case-0, case-1, and case-
2 are shown in Table 3. The value of case-0 is the training 
accuracy, as it indicates the accuracy with which the data 
used for training were diagnosed. Even considering this, 
the accuracy of case-1 and case-2 was significantly lower 
than that of case-0. Although all fault types were more 
than 90% accurate in case-0, only 18 and 3 types were 
more than 90% in case-1 and case-2, respectively. As for 
case-2, F16 was excluded from the diagnosis because 
system-2 did not have enough data to show its features 
when the fault database was generated. The exclusion was 
also applied to case-3, case-4, b, and c. The accuracies of 
F20 and F21 were 100% in all three cases. F20 and F21 
represent the supply and return-chilled water temperature 
sensor errors. In the simulation used to generate the fault 
database, the AHU is a straightforward model in which 
the outlet water temperature is calculated based on the 
flow rate, inlet temperature, and heat load. Therefore, F20 
and F21 are highly accurate because they are faults where 
the difference from F0 appears very clearly. Table 3 
shows that just a change of the chiller COP curve degrade 
the accuracy of the CNN (case-1), and it is difficult to 
utilize CNN directly when the heat load condition 
changes (case-2). Chilled water plants and HVAC 
systems are operated with a balance of equipment  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

configuration, equipment characteristics, control logic, 
and heat load characteristics. A change in any of these 
factors is considered the cause of the complicated 
operating conditions changes. 
Regarding the computational cost for training CNN-1, it 
took 64.8 min to complete the training. A Computer with 
16 GB of memory, Intel® Core™ i7-9750-H processor, 
and GeForce RTX 2070 MAX-Q GPU was used for 
training. 
AFDD of BEMS data for system-1 by CNN-1 (case-a) 
Figure 8 shows the diagnosis results for the BEMS data 
of system-1 (January to June 2020) by CNN-1. The five  
faults with the highest diagnosis probabilities are depicted. 
The vertical axis represents the diagnosis probability, and 
the horizontal axis represents the date. The diagnosis 
probability is a value output from the CNN and indicates 
which fault the BEMS data resembles. Because the AFDD 
method diagnoses the operational data for one day, the 
diagnosis results are output once a day.  
Figure 8 shows that the fault with the highest diagnosis 
probability was F40, which is a fault in which the lower 
limit of the condenser water pump frequency is excessive, 
and such a feature was indeed confirmed in the BEMS 
data (Figure 9). When the condenser water flow rate was 
higher than the set value, the condenser water pump 
frequency was at a high constant value. 
If the lower limit of the condenser pump frequency were 
set lower, the flow rate would have been controlled 
according to the set value. In addition, the timing when 
the diagnostic probability became smaller in June and the 
timing when the flow rate setting became larger and the 
discrepancy between the flow rate and the set value  

 case-0 case-1 case-2  case-0 case-1 case-2  case-0 case-1 case-2 
F1 100.0 48.3 0.0 F18 100.0 9.1 0.0 F35 94.8 72.6 30.3 
F2 99.1 84.3 0.0 F19 100.0 100.0 0.0 F36 99.1 89.4 0.0 
F3 91.3 0.0 0.0 F20 100.0 100.0 100.0 F37 96.5 78.6 26.2 
F4 100.0 0.0 0.0 F21 100.0 100.0 100.0 F38 97.2 21.1 0.0 
F5 100.0 88.0 0.0 F22 100.0 100.0 0.0 F39 99.4 77.7 0.0 
F6 100.0 74.3 0.0 F23 97.4 67.3 0.0 F40 99.6 81.9 0.0 
F7 100.0 100.0 0.0 F24 96.2 19.2 0.0 F41 91.8 0.0 0.0 
F8 100.0 3.5 34.1 F25 97.6 34.4 0.0 F42 99.0 82.0 0.0 
F9 100.0 100.0 3.6 F26 97.9 5.9 0.0 F43 98.7 79.2 0.0 
F10 100.0 99.1 49.8 F27 100.0 100.0 0.0 F44 98.9 97.0 99.2 
F11 100.0 100.0 43.3 F28 99.6 73.1 0.0 F45 99.2 61.2 0.0 
F12 100.0 98.2 0.0 F29 100.0 45.8 0.0 F46 100.0 100.0 1.7 
F13 100.0 90.4 0.0 F30 99.1 90.5 0.0 F47 99.6 96.0 0.0 
F14 100.0 4.4 0.0 F31 99.7 10.9 0.0 F48 99.7 100.0 7.0 
F15 100.0 64.1 0.0 F32 99.1 80.3 1.2 F49 100.0 84.2 33.2 
F16 100.0 97.1 - F33 100.0 100.0 0.0 F50 100.0 36.6 0.0 
F17 100.0 85.5 0.0 F34 99.1 59.9 0.0 F51 100.0 4.4 0.0 
*Gray-filled cells indicate accuracy less than 90%. Average 99.1 68.5 12.6 

 

Table 3: Training accuracy of CNN-1 (case-0) and test accuracy when CNN-1 is applied to 
system-1' (case-1) and system-2 (case-2) 
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became smaller were the same. It was confirmed from 
both the diagnosis probability and the BEMS data that 
even if a particular fault is contained in the system; its 
features may become apparent or latent depending on the 
operating conditions. Note that no fault correction was 
performed during the study period.  
A comparison between F0 and the BEMS data for daily 
energy consumption is shown in Figure 10. The 
discrepancy between F0 and BEMS data became smaller 
in the same way that the diagnostic probability of F40 
decreased. Even in June, when the discrepancy between 
the two is small, the diagnosis probability is output.  
Considering both the diagnosis probability and power 
consumption discrepancy between F0 and the BEMS data, 
it is assumed that there are no faults or faults that do not 
significantly affect power consumption.  
Training accuracy of CNN-2 and transfer-learnt 
CNN (case-3 and case-4) 
Table 4 lists the training accuracies of CNN-2 and CNN-
1-TL. The average values were 98.1% and 95.3%, 
respectively, which can be regarded as high accuracies. In 
case-3, the fault types below 90% were only F15 (87.7%) 
and F25 (89.9%), while case-4 had 10 types of faults. In 
particular, the accuracy of F13 was only 52.3%, which 
was considered insufficient. F13 was a fault where 
features did not appear in system-2. In the fault database, 
the average number of valid data was 258.2, while the 
number for F13 was 86. Therefore, the features of F13 
may not have been sufficiently trained. 
  
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 

 
Figure 9: Fault feature of F40 in BEMS data 

 
Figure 10: Comparison between F0 and BEMS data 

The computational cost for training CNN-2 and CNN-1-
TL took 68.0 minutes and 34.5 min, respectively. All the 
calculations were performed using the same computer. 
AFDD of BEMS data for system-2 by CNN-2 and 
transfer-learnt CNN (case-b and case-c) 
Figure 10 shows the diagnosis probability for the BEMS 
data of system-2 by CNN-2, and Figure 12 shows the 
diagnosis probability for the same data by CNN-1-TL, in  
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 case-3 case-4  case-3 case-4  case-3 case-4  case-3 case-4 
F1 100.0 98.3 F14 95.1 83.5 F27 99.7 99.4 F40 100.0 98.9 
F2 98.8 91.9 F15 87.7 81.5 F28 97.0 92.2 F41 97.4 88.5 
F3 92.8 96.1 F16 - - F29 100.0 100.0 F42 99.4 92.1 
F4 98.2 98.5 F17 98.5 93.7 F30 97.5 93.3 F43 97.3 95.7 
F5 100.0 100.0 F18 95.4 93.1 F31 100.0 100.0 F44 99.7 98.3 
F6 100.0 100.0 F19 100.0 100.0 F32 99.2 93.5 F45 96.7 96.1 
F7 100.0 100.0 F20 100.0 100.0 F33 100.0 100.0 F46 100.0 100.0 
F8 100.0 100.0 F21 100.0 100.0 F34 99.2 92.7 F47 97.2 93.6 
F9 100.0 100.0 F22 100.0 100.0 F35 98.0 92.9 F48 100.0 100.0 
F10 100.0 100.0 F23 91.0 80.6 F36 98.1 93.7 F49 97.6 96.0 
F11 100.0 100.0 F24 90.2 78.9 F37 97.0 88.8 F50 100.0 100.0 
F12 100.0 99.2 F25 89.9 86.9 F38 94.5 84.7 F51 100.0 98.5 
F13 95.4 52.3 F26 90.8 83.3 F39 98.6 91.0 Average 98.1 95.3 
*Gray-filled cells indicate accuracy less than 90%. 

 

Table 4: Training accuracy of CNN-2 (case-3) and CNN-1-TL (case-4) 
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Figure 8: System-1 BEMS data diagnosis by CNN-1 (case-a) 
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which transfer learning was applied to CNN-1. The five 
faults with the highest diagnosis probabilities are depicted. 
Although the five types of faults were different, the most 
diagnosed fault was in F37. The same trend as F37 was 
observed in the BEMS data for system-2 in the same way 
as the BEMS data for system-1 (Figure 13). F37 is a fault 
in which a greater number of secondary pumps are 
operated owing to the low threshold for unit control.  
Three pumps were operated continuously in the BEMS 
data; however, the number of pumps was controlled 
properly according to the supply water flow in F0.  
The BEMS data contain many effects of various noises 
and slight faults. In addition, changes in equipment 
characteristics can cause complex changes in system 
behavior, as shown in Table 2 and can significantly reduce 
the accuracy of diagnosis. Because the type of fault with  
the highest probability of diagnosis was reasonable, it can 
be considered that the diagnosis results obtained using 
transfer learning were sufficiently useful as diagnostic 
results for the BEMS data. 
In addition, because the time required for training was 
reduced by approximately half, transfer learning can be 
regarded as a method to improve the training efficiency of 
the AFDD method. 
Discussion 
The above results indicate that transfer learning is useful 
in these cases, but the issues considered in this study are 
described below. 
Training accuracy of the transfer learning 
As shown in Table 4, transfer learning training accuracy 
was not suitable for some types of faults. By improving 
the training accuracy of these faults, it is expected that the 
diagnosis results for the BEMS data (cases b and c) will 
be similar. In terms of the diversity of the fault database, 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 13: Fault feature of F37 in BEMS data 

system-2 has a broader range of heat load conditions than 
system-1, as shown in Figure 7 (b). Therefore, there is a 
possibility that the pre-trained parameters were not 
trained sufficiently with the fault database of system-1, 
which has less diversity in terms of heat load conditions. 
Training the original CNN for transfer learning with a 
more diverse database is expected to improve the training 
accuracy during transfer learning. 
Applicability of transfer learning to the system with 
different equipment configuration 
In this study, system-2, to which transfer learning was 
applied, had the same system configuration as system-1, 
which was used for training the original CNN. Therefore, 
it is possible that transfer learning is useful. Developing a 
method that is useful for systems with different 
configurations, it is expected that networks that have been 
trained with the features of various system configurations 
as parameters will be necessary. Given the need to learn a 
wide variety of features, the use of trained large-scale 
networks for image recognition should also be considered. 
Human service and computational resource for 
generating fault database 
Although the objective of this study was to reduce 
computational cost of training the CNNs, human service, 
and computational costs of generating fault databases 
remain high. 
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Figure 11: System-2 BEMS data diagnosis by CNN-2 (case-b) 
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Figure 12: System-2 BEMS data diagnosis by CNN-2 (case-c) 
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Constructing system simulations to generate fault 
databases is essential for obtaining the complex features 
of various faults in the subject systems but reducing the 
effort of constructing simulations is a fundamental issue. 
In this study, all valid fault databases obtained from the 
simulation with operating conditions in 2019 were used 
for training. However, in transfer learning, it may be 
possible to train more efficiently by reducing and aligning 
the amount of data for each fault. To achieve this, the 
parameters of the original pre-trained CNN must be 
sufficiently trained, which requires further research. 
Conclusion 
In this study, it was demonstrated that transfer learning 
can improve the training efficiency of the AFDD method, 
in which the CNN learns the features of the fault database 
generated by system simulation, and the trained CNN 
diagnoses the BEMS data. In HVAC systems, including 
central chilled water plants, each device is controlled 
independently but interacts with each other in a complex 
manner. Therefore, the appearance of the features of 
faults differs from system to system, which makes AFDD 
difficult. Further improvement of the training accuracy, 
expansion of the range of applicable systems, and 
reduction of the computational cost are expected. It is 
hoped that this research will help to make this AFDD 
method implementable in more buildings. 
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