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Abstract

Machine learning has been widely adopted for fault detection and diagnosis (FDD) in heating,
ventilation and air conditioning (HVAC) systems over the past decade due to the ever-increasing
availability of massive building operational data. Machine learning-based FDD is flexible and
accurate but heavily relies on the availability of sufficient labeled data to develop supervised or
unsupervised models. However, collecting labeled data is usually labor-intensive for various types
of faulty conditions, significantly limiting the practical implementation of machine learning-based
FDD. Therefore, this study proposes a similarity learning-based method using Siamese networks
to improve the performance of machine learning-based FDD in applications with limited labeled
data. Unlike the conventional supervised approach, the proposed Siamese networks contain two
identical LSTM subnetworks which take a pair of multivariate time-series samples from the
building energy management system as input. The number of training samples can be significantly
augmented by generating pairs randomly. In this way, the generalization ability of the machine
learning-based FDD is significantly improved in practical applications. Two case studies were
designed and conducted using experimental data when labeled data were limited and imbalanced
to validate the proposed similarity learning-based method. In case 1, the proposed method
improves the fault diagnostic accuracy by at most 45.7% compared with the baseline model when
the number of labeled data is limited. In case 2, the proposed method demonstrated better

generalization ability when the labeled data is imbalanced.
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Highlights:

e A similarity learning-based approach is proposed for fault detection and diagnosis in

building HVAC systems with limited labeled data.

e The proposed method can augment the number of training samples by generating input

pairs from labeled data to improve the model generalization ability.

e Two case studies were conducted to validate the proposed similarity learning-based method

when labeled data are limited and imbalanced.

e The fault diagnostic accuracy can be improved by up to 45.7% when the labeled data is

limited using the proposed method.
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Nomenclature

Abbreviation F; Fault label

AHU Air handling unit hi_q Hidden state at time step t — 1

ASHRAE American society of heating, it Input gate at time step ¢t
refrigerating and air-Conditioning
engineers

FDD Fault detection and diagnosis m Window size

GAN Generative adversarial network n Number of features

HVAC Heating, ventilation and air N, Number of samples per class in
Conditioning the training set

LSTM Long short-term memory N, Number of samples per class in

the support set
PIR Performance improvement rate 0t Output gate at time step t
SVM Support vector machine ReLU(-) Rectified linear unit function
sim(-) Similarity function

Symbols tanh(:)  Hyperbolic tangent function

b Biases in neural networks w Weights in neural networks

Ct Cell state at time step t X; Input sample

class(-)  Classification function o(+) Sigmoid function

ft Forget gate at time step ¢ © Element-wise multiplication

) LSTM subnetwork

1. Introduction

The building sector has become one of the world's leading carbon emitters and energy consumers,
accounting for approximately 40% of global total energy consumption [1]. Therefore, advanced
building energy management technologies are crucial to improving energy efficiency and reducing
carbon emissions in the building sector. It is estimated that improvements in controls in
commercial buildings can save approximately 4%—5% of U.S. energy consumption [2]. Regarding
energy savings in the building sector, heating, ventilating, and air conditioning (HVAC) systems
typically hold the most significant energy-saving potential due to their complex system
interactions and various operating faults. The efficiency of HVAC systems can be significantly

impacted by poor maintenance, component performance issues, and sensor errors [3]. To address




these challenges, fault detection and diagnosis (FDD) is an advanced technology embedded in
building energy management systems. FDD algorithms detect operational faults and determine
their causes, thereby minimizing unnecessary energy consumption. For example, FDD can reduce
energy consumption by 15%—-30% in air handling units (AHUs), which are essential components

in HVAC systems [4].

Over the past decade, FDD in HVAC systems has been widely studied, with three main
approaches: expert rule-based, physical model-based, and machine learning-based approaches [5].
Expert rule-based FDD relies on domain knowledge to construct expert rules with predefined
threshold values for decision-making [6,7]. This approach is easy to develop and implement but is
less accurate due to oversimplicity [8]. Physical model-based FDD heavily relies on domain
knowledge to develop physical models and fault indicators to measure the difference between the
measurements and the indicators predicted by the physical models [9]. Compared to the rule-based
approach, the physical model-based approach is more reliable because it excels in dealing with
dynamic operations. However, this approach requires detailed physical information about the
system and is time-consuming to build and validate physical models, making it more information-
demanding and labor-intensive. Machine learning-based FDD relies on historical data to develop
supervised [10] or unsupervised models [11]. Compared to expert rule-based and physical model-
based approaches, the machine learning-based approach is easier to develop because it utilizes
historical operational data and does not require detailed information about the HVAC system. FDD
is usually treated as a classification task in machine learning, which can be binary (for fault
detection) or multi-class classification (for fault diagnosis) [12]. Binary classification detects
whether a working condition is normal or faulty [13], while multi-class classification aims to
determine whether the working condition is normal or suffers various faults[14,15]. The machine
learning-based approach can address performance shifts of equipment during long-term operation
by updating the model automatically, which is hardly achievable using expert rule-based or
physical model-based approaches [16]. Previous studies have developed machine learning-based
models using popular algorithms such as support vector machines [17,18], decision trees [19,20],
artificial neural networks [21,22], and deep neural networks [23] for FDD in HVAC systems [5].
These studies demonstrated high accuracy and exemplified the great potential of the machine
learning-based approach in FDD, given adequate labeled data, including both normal and faulty

data.



However, the practical deployment of machine learning-based FDD encounters significant
challenges because the labeled data is often limited in real-world scenarios. On the one hand,
traditional ML algorithms usually require a large amount of labeled data to prevent overfitting due
to the curse of dimensionality in machine learning (the demand for labeled data increases
exponentially with dimensionality) [24]. On the other hand, faulty data usually come from limited
maintenance records, which are insufficient to train and validate data-driven models. Therefore, it
is important to develop a new FDD method with high generalization ability for HVAC systems in
which only a few labeled samples are available. To improve the performance of machine learning-
based FDD under limited labeled data, semi-supervised learning methods have recently been
adopted for FDD in HVAC systems. Semi-supervised learning enhances the performance of
supervised learning by leveraging large amounts of unlabeled data with high confidence scores
[25]. The confidence score of an unlabeled sample is the probability associated with the output
class from supervised models. In [26], the support vector machine (SVM) was employed for
calculating the confidence score. If the predicted class of an unlabeled sample has a higher
probability than a predefined threshold, the sample will be assigned with the class label and added
to the training set for the next round of training. By adopting the semi-supervised SVM, the results
showed above 80% accuracy on the test data for AHU fault diagnosis. Similarly, a generative
adversarial network (GAN)-based semi-supervised learning framework was proposed to improve
the chiller fault diagnostic accuracy under limited and imbalanced labeled data [27]. The proposed
framework could generate artificial fault samples to balance the training data, and the fault
diagnostic accuracy reached 90% when each fault type had 30 samples. Li et al. compared GAN-
based semi-supervised learning with a supervised baseline [28,29], and the proposed semi-
supervised method showed a 3%—10% improvement in FDD accuracy. It was also found that when
the number of labeled samples decreased, the proposed method gained more accuracy
improvement. Fan et al. designed case studies to test the generalization ability of semi-supervised
learning in detecting unseen faults in AHU operations [4,30]. The results showed that semi-
supervised learning improved the fault detection rate by about 10% when the size of labeled data
is small. The performance of semi-supervised learning gradually approached the baseline with the

increase of labeled data.

Similarity learning is a novel supervised learning method for classification problems to enhance

the generalization ability of classification problems, and it has been successfully adopted in a



variety of FDD applications, such as bearing fault diagnosis [31,32], power system fault diagnosis
[33,34], robot fault diagnosis [35,36], etc. Similarity learning measures the similarity between the
new samples and labeled samples to make FDD predictions. Traditionally, the similarity of a pair
of samples can be calculated in two ways. First, similarity can be calculated from the geometric
differences, such as Euclidean distance [37,38], Manhattan distance [39], and cosine distance [40].
Second, correlation coefficients such as Pearson correlation coefficient [41] and Spearman's rank
coefficient [42] can serve as similarity metrics. On the other hand, similarity learning learns the
similarity by training neural networks in a supervised learning way. The distance-based and
correlation-based similarity measures work well when used to compare univariate time-series
samples. However, these similarity metrics cannot reasonably measure the similarity between two
multivariate time-series samples because it is difficult to determine the weights of each variable
[43]. Despite the success of similarity learning in many FDD applications, only a few studies have
adopted similarity learning in building energy management. Tan et al. proposed a sensor fusion
framework for detecting occupancy in residential buildings [44]. In the proposed framework,
similarity learning was adopted to classify indoor image data into two classes, i.e., occupied and
vacant. The results proved the value of similarity learning, especially given limited labeled data.
In view of the boom of deep learning and the success of similarity learning in various industries,
similarity learning is a promising tool for detecting and diagnosing faults in building HVAC

systems, particularly when labeled data is limited.

Another issue in previous studies on using machine learning algorithms to analyze time-series data
is the neglect of the high autocorrelation in the time-series data, which often causes biased
evaluation or overestimating model performance. Autocorrelation describes the degree of
correlation of the same variables between two successive observations. For example, the supply
air temperature of AHU at any time should be very close to the previous observation (e.g., the
temperature a minute ago) [2]. When developing machine learning models for non-time-series
data, training and test data are usually split randomly because data samples are usually independent
of each other. However, when such a random split strategy is applied to time-series data, the actual
performance of machine learning models might be exaggerated because of the high autocorrelation
in the time-series data [45]. For example, if the random split ratio of training/test time-series data
is 1:1, it means that every test sample can find similar neighbors in the training data. In this way,

the test data have almost identical distribution with the training data, and the out-of-distribution



generalization ability of the proposed methods may not be as good as that shown by test results.
Therefore, the temporal train-test split is a preferable method to validate the out-of-distribution

generalization ability of the proposed methods [46].

Given the importance of improving FDD performance with limited labeled data and the
abovementioned challenges, this study proposes a similarity learning-based fault detection and
diagnosis method for building HVAC systems. The temporal data-splitting method is adopted to
tackle the issue of the high correlation of training data and test data using random split. Two case
studies were conducted to test the effectiveness of the proposed method, with insufficient labeled
data and imbalanced data, respectively. The remainder of this paper is organized as follows.
Section 2 describes the research methodology developed to address the gaps in current research,
and Section 3 describes the two case studies conducted utilizing an open dataset for AHU FDD.
The results of the two case studies are presented in Section 4 with in-depth discussions. Section 5

concludes this paper and puts forward the future scopes.

2. Methodology

2.1. Overview of the proposed similarity learning-based method

In traditional supervised multi-classification tasks, the input is a single sample X, and the desired
output of the classification function class(:) is the class y to which X belongs, as shown in Eq.
(1). If neural networks are used as the classification function, the raw output is the probabilities of
the input belonging to each class given by a Softmax activation function. The final classification
result is obtained by selecting the class with the maximum probability [47]. Cross-entropy is the
most used loss function to train a classification task. Similarity learning differs from traditional
supervised learning by transforming the multi-class classification problem into a binary one.
Therefore, the loss function used in similarity learning is different. Binary cross-entropy and triplet
loss are common loss functions for similarity learning [48]. The classification function of
similarity learning sim(+) is formulated in Eq. (2). The similarity function examines the similarity
of a pair of input samples, i.e., X1, X, to determine if the two samples belong to different classes.
If yes, the desired output of the similarity function is 0; otherwise, the desired output is 1. When
the similarity function is obtained, the similarity between new samples and labeled samples can be

measured to make FDD predictions. In similarity learning, the labeled samples can be paired



randomly to generate more input pairs for training than using the labeled samples alone. Therefore,
the advantage of similarity learning over traditional supervised classification is the larger amount
of training data to overcome the problem of limited labeled data and improve the FDD method's
generalization ability. This makes similarity learning well-suited to tasks where labeled data are

limited or challenging to collect.
class(X) = y,ye{0,1, ...,n} (D

0, X1,X, belong to dif ferent classes

sim(X;, X;) = { @

1, X, X, belong to the same class

Similarity learning can adopt various architectures and machine learning algorithms to formulate
the similarity function, such as Siamese networks [43] and kernel-driven methods [49]. Siamese
networks (also called twin neural networks) are widely adopted in similarity learning consisting
of two identical neural networks as subnetworks that share the same structure and weights [50].
Siamese networks are typically used for learning the similarity between a pair of samples as input,

such as two images or two speech records [51].

The workflow of the proposed similarity learning-based FDD method using Siamese networks is
shown in Fig. 1, which consists of two tasks: model training and fault diagnosis. During model
training, input pairs are first randomly generated from training data. The various color in Fig. 1
denotes the raw label in the dataset (i.e., Normal, Fault 1,...). The output of the Siamese networks
is the similarity of the two samples of an input pair. If the input pair belongs to the same class, the
target output is 1. Otherwise, the target output is 0. Finally, the loss function used to update the
Siamese networks is binary cross-entropy loss. During fault diagnosis, the test sample is paired
with a support set and outputs the most similar class using the trained Siamese networks. Note that
the proposed method is applicable to fault detection when the data are only labeled as normal and
faulty. The details of model training and fault diagnosis are further elaborated in Sections 2.2 and

2.3, respectively.
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Fig. 1. Workflow of the proposed similarity learning-based FDD method using Siamese

networks
2.2. Model training

The structure of the proposed Siamese network is shown in Fig. 2, which contains two identical
long short-term memory (LSTM) subnetworks. The input is a pair of multivariate time-series
samples, and the output is the similarity of the input pair, ranging from 0 to 1. More details about

the proposed method are given in the following subsections.
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Fig. 2. Structure of the proposed Siamese network
2.2.1. Input pair generation

The input samples X;, X, are a pair of multivariate time-series sampled from historical operation
data using a moving window. Fig. 3 exemplified how samples are obtained from a labeled
multivariate time-series (e.g., labeled as Normal, Fault 1, Fault 2...). There are n features in the
raw multivariate time-series, and the window samples data by moving itself from left to right. The
window size m refers to the length of each sample, and the window stride is the number of time
steps by which the window is shifted each time. The fault labels for the samples are identical to
the label of the raw time-series. After all raw multivariate time-series are sampled, different

samples with the shape of X n are obtained.

Next, pairs of similar and dissimilar samples are generated by randomly pairing the above samples.
As defined in Eq. (2), if both samples in the pair belong to the same class, the pair is labeled as
similar ("1"). Otherwise, the pair is labeled as dissimilar ("0"). The number of similar and
dissimilar pairs in the training dataset should be roughly the same to ensure that the distribution of
similar and dissimilar pairs is balanced when creating sample pairs for training the Siamese
network. If the distribution is imbalanced, the networks may not be able to learn the differences
between the two classes of samples effectively. A binary random variable that can be 1 or 0 with

equal probability generates similar or dissimilar pairs to achieve the balance.
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Fig. 3. Moving window sampling for multivariate time-series
2.2.2. LSTM subnetworks for encoding multivariate time-series

Once a set of labeled pairs have been generated, Siamese networks can be trained by providing
each pair to the LSTM subnetworks as input and using the labels to compute the loss. The Siamese
networks learn to compare the two input samples and predict whether they are similar or dissimilar
based on their features and learned relationship. The architecture of LSTM subnetworks is shown
in Table 1, consisting of two LSTM layers, two one-dimensional batch normalization layers, and

two fully connected layers.

Table 1 Architecture of LSTM subnetworks in the proposed Siamese network

Layer Parameters Output size
LSTM layer 1 hidden_size: 75 mx75
LSTM layer 2 hidden_size: 50 50
BatchNorm1d layer 1 num_features: 50 50
Fully connected layer 1 (ReLU) out_features: 40 40
BatchNorm1d layer 2 num_features: 40 40
Fully connected layer 2 (ReLU) out features: 20 20

(1) LSTM layers

LSTM is a type of recurrent neural network that can capture long-term dependencies in data [52].
LSTM networks are well-suited to modeling sequences of data, such as time-series, natural
language text, and audio data. An LSTM layer contains LSTM cells, which are composed of an
input gate that determines what new information to store in the memory, a forget gate that

determines what information to throw away from the cell's memory and an output gate that outputs



the information stored in the memory, as shown in Egs. (3)-(5). A set of weights controls these

gates learned during training. The cell state and hidden state are in Egs. (6) and (7).

i = o(W; - [he_y, x¢] + by) (3)

fe = (W - [he—1, x] + by) (4)

0 = o(W, - [he_y, x¢] + by) (5)

e = fr O cemq + iy © tanh(W, - [he_y, x¢] + be) (6)
he = 0, © tanh(c,) (7)

where x; is the input to the LSTM cell at time step ¢, and b are the trainable weights and biases
of the LSTM layer, © is the mathematical operator for the element-wise multiplication, and o (-)

and tanh(-) are the sigmoid and hyperbolic tangent activation functions, respectively.
(2) Batch normalization and fully connected layers

The batch normalization layer normalizes each batch of data by shifting and scaling the previous
layer's output, as shown in Eq. (8). The batch normalization can improve overall performance by
stabilizing the learning process and accelerating convergence [53]. A fully connected layer is used
after the batch normalization layer to generate a more abstract representation of the input data, as
given by Eq. (9).
X—U
YT Vore

where y and o are the mean and standard deviation of the batch, respectively, € is a small constant

Xy+p (8)

(1x107 in this study), added to prevent division by zero, and ¥ and f§ are trainable parameters.
y = ReLU(Wx + b) 9)

where W and b are the weights and biases of the fully connected layer, respectively, and ReLU(-)

1s the rectified linear unit activation function.

After the Siamese subnetworks, a pair of 20-dimensional vectors f(X;), f (X,) representing the

encodings of the input pair X;, X, are obtained, where f(-) denotes the LSTM subnetwork.

2.2.3. Binary cross-entropy loss



During training, Siamese networks are fed with pairs of input samples with labels indicating
whether the pair is similar or dissimilar. The networks compute the similarity between the two
time-series in the pair, and the loss is computed using the similarity and the pair's true label. The
networks are then optimized using this loss, with the goal of minimizing the overall loss in the
training data. This helps the networks learn to predict the similarity between pairs of input samples
accurately. Siamese networks typically use binary cross-entropy loss or contrastive loss [54]. This
study adopts the binary cross-entropy loss because the proposed similarity learning-based method

treats fault diagnosis as a binary classification problem (i.e., either similar or dissimilar).

Before calculating binary cross-entropy, the encodings f(X;), f (X,) are squashed into the range
[0,1] using a fully connected layer with the sigmoid activation function. First, the absolute
elementwise difference between the encodings f(X;), f(X,) is calculated. After that, the fully
connected layer is applied, and the output of the layer is interpreted as the probability that the input

pair belongs to the same class. The process is given as:
d=|f(X1) - f(X2)I (10)
y=o(W-d+b) (11)

where J is the output of the layer, W is the weight matrix, d is the absolute elementwise difference

between encodings of input X;, X,, and b is the bias vector.

The binary cross-entropy loss is computed as the average of the loss values for each sample in the
dataset, as shown in Eq. (12). Like the cross-entropy loss, the binary cross-entropy loss penalizes
confident but incorrect predictions, encouraging the model to output probabilities closer to the true

labels. This helps improve the model's performance and accuracy.

N
1
L=—=> [yilog+(1-y)log(1l - 5] (12)
i=1

where N is the number of samples in the dataset, y; is the true label of the i-th sample ("0" or "1"
representing different and same labels, respectively), and J; is the predicted probability of the i-th

sample belonging to the same class ("0" or "1").

2.3. Fault diagnosis



The next step involves predicting the labels of test samples using the Siamese network. A support
set needs to be constructed, which provides a set of reference samples with labels. The support set
can be used to pair up with one test sample as the inputs of the Siamese networks. As shown in
Fig. 1, if an FDD problem has A types of faults, the number of classes is A + 1, including the
normal class for each class, B samples are randomly chosen from the training data to construct the
support set. Then, a similarity matrix is calculated by comparing the similarity of the input sample
with each sample in the support set. Finally, the similarity of all test samples to the samples in each

class is averaged to find the most similar class of the input sample.

3. Case studies

In this research, two case studies are conducted to evaluate the proposed Similarity learning-based
FDD method under two typical scenarios: insufficient labeled data and imbalanced labeled data.
Section 3 introduces the experiment data from the American society of heating, refrigerating and
air-conditioning engineers (ASHRAE) project RP-1312. Sections 3.2 and 3.3 explain the settings

of the two case studies.
3.1. Dataset description

AHU operational data from the ASHRAE project RP-1312 [55] are used in both case studies to
verify the proposed method's performance. The schematic of AHU in the ASHRAE RP-1312 is
shown in Fig. 4. The outdoor air is initially combined with the return air, after which it undergoes
treatment sequentially using a set of heating and cooling coils. Temperature, flowrate, and pressure
sensors were installed, and the experimental data were collected under normal and various fault
conditions. The faults were manually introduced in the AHU, such as the stuck air damper and the
leaking heating valve. As listed in Table 2, five types of faults happened in different components
of AHU. These faults were tested under various intensities and had 15 fault classes. The data in
normal and fault classes are labeled as F, F;, ..., F;5, accordingly. The operation duration of AHU
in this experiment was from 6:00 to 18:00, and data were collected with a one-minute interval. A
12-hour time-series was collected during a one-day experiment. Each faulty class contains 720
data points, while the normal class contains 720x4 data points. Each fault scenario was tested on
different days, while the normal scenario was tested on four days. The 15 features used for fault

diagnosis are listed in Table 3, mainly including temperatures, flow rates, and fan power signals.
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Fig. 4. Schematic of AHU in the ASHRAE RP-1312

Table 2 Details of typical AHU faults in the ASHRAE RP-1312

Fault  Fault Fault detail Experiment date
type  (class)
label

Normal  F No fault 2007-08-19/25,
2007-09-04,
2007-09-10
Type A F Exhaust air damper stuck (100% open) 2007-08-20
F, Exhaust air damper stuck (0% open) 2007-08-21

Type B F3 Outdoor air damper stuck (0% open) 2007-08-26
F,  Outdoor air damper leaking (45% open) 2007-09-05
Fs Outdoor air damper leaking (55% open) 2007-09-06
Type C Fg Heating coil valve leaking (0.4 GPM) 2007-08-28
F; Heating coil valve leaking (1.0 GPM) 2007-08-29
Fg Heating coil valve leaking (2.0 GPM) 2007-08-30
TypeD  Fy AHU duct leaking (after supply fan) 2007-09-07
Fi AHU duct leaking (before supply fan) 2007-09-08
Fiq AHU duct leaking (before supply fan) 2007-09-09
Type E  Fi; Cooling coil valve stuck (100% open) 2007-08-31
Fi3 Cooling coil valve stuck (0% open) 2007-08-27
Fiy Cooling coil valve stuck (15% open) 2007-09-01
Fis Cooling coil valve stuck (65% open) 2007-09-02




Table 3 Features used for AHU fault diagnosis in the ASHRAE RP-1312

Feature name Description Unit
SA-TEMP Supply air temperature °F
OA-TEMP Outdoor air temperature °F
MA-TEMP Mixed air temperature °F
RA-TEMP Return air temperature °F

SA-CFM Supplied air flow rates CFM
RA-CFM Return air flow rates CFM
OA-CFM Outdoor air flow rates CFM
SF-WAT Supply fan power W
RF-WAT Return fan power A\
SF-STS Supply fan status On=1,0ff=0
RF-STS Return fan status On=1,01ff=0
SF-DP Differential pressure of supply fan Pa
RF-DP Differential pressure of return fan Pa

CHWC-VLV Cooling coil valve position %

HWC-VLV Heating coil valve position %

3.2. Data-splitting

As discussed in the introduction, the temporal train-test split is preferable for time-series data. The

temporal train-test split involves selecting a certain number of time steps from the beginning of

the series as the training data and the rest as the test data. There is also a constraint that the test

data must be chronologically after the training data. This constraint ensures that the model has not

seen any data from the future when making predictions on the test data.

As shown in Fig. 5, for each day's experimental data, the data from 6:00 to 14:00 was used as the

training period, and the data from 14:00 to 18:00 was used as the test period. The data samples

were generated using the method introduced in Section 2.2.1. The window stride size is set to 1

minute for the training period. In the following two cases, only a part of the training data was

randomly selected to simulate the insufficient labeled and imbalanced data scenarios. The selection

methods for each case will be introduced in Sections 3.3 and 3.4, respectively. For the test period,

the window stride is 5 minutes. In both case studies, the window size m is 10.
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Fig. 5. Data-splitting for case studies
3.3. Case 1: Insufficient labeled data

As listed in Table 2, there are 16 normal/faulty working conditions in the dataset. The purpose of
case 1 is to test the performance of the proposed method when only a small amount of labeled data
is available for each fault, which is a common situation when developing data-driven models for
FDD in practical HVAC systems. In this case, the performance of the proposed method is tested
by adjusting the number of samples per class in the training set N; in the range of 5-100. In
addition, the number of samples in each class in the support set N, is also adjustable in the range
of 1-10. When Ny < N;, N samples are selected from each training class without replacement;
when N; > N, all N, samples in each class used for training are selected. During the experiments,
the specified number of samples were randomly selected from the training samples generated in
Section 3.2. The experiments were repeated ten times using different random seeds to eliminate

the effect of randomness on the results.
3.4. Case 2: Imbalanced labeled data

Case 2 is designed to test the performance of the proposed method under data imbalance, for
example, when a particular fault class has less labeled data than other fault classes. This situation
is also common as some faults occur more frequently than other faults during the operation of
HVAC systems. In Case 2, each type of fault in Table 2 was tested under data imbalance. The

imbalance ratio of each imbalanced fault class and the remaining classes (faulty/normal



conditions) is 1:10. The number of labeled samples for the imbalanced fault is 10, and the number
of samples for the remaining faulty/normal conditions is 100. Similar to Case 1, the experiments

were repeated ten times to avoid sampling bias.
3.5. Baseline model

To compare the proposed similarity learning-based method with the traditional data-driven
approach, the same architecture of LSTM subnetworks is used as the baseline. The baseline model
treats fault diagnosis as a multi-class classification problem. Therefore, the input and output of the
baseline model differ from those of the Siamese networks. As shown in Fig. 6, the input is a single
sample, and the output is the probability of the sample belonging to each class, i.e., p;. The
probability vector is obtained using a fully connected layer with the Softmax activation function

after the LSTM. Finally, the baseline model is optimized using the cross-entropy loss.

Output

Input sample X LSTM f'(+) p; = P(class = F3)
-
1 Po
1
! p1 Cross-
! > > entrophy
! loss
: P15

.......... - ~------t------- Softmax

Updating parameters

Fig. 6. Baseline model for case studies
3.6. Evaluation metric

The performance improvement rate is used as an evaluation metric to measure the performance
difference between the proposed similarity learning-based method and the baseline model, which

1s defined as:

PIR _ Accuracysiamese - ACCUTaCyBaseline % 100% (12)
Accuracypgsetine

where Accuracysigmese 18 the accuracy of the proposed Siamese networks on the test set;

Accuracyggseiine 18 the accuracy of the baseline model on the test set.



4. Results and discussions

This section presents the results of Case 1 and Case 2 in Sections 4.1 and 4.2, respectively. Case
1 analyzes the impacts of the number of samples per class in the training set and the support set on
fault diagnostic accuracy using the proposed Siamese network. Then the performance
improvement rate versus the baseline model is evaluated. In Case 2, each imbalanced fault's

diagnostic accuracy and the remaining classes is analyzed.

4.1. Case 1: Insufficient labeled data

4.1.1. Impact of the number of samples per class in the training set

Table 4 and Fig. 7 show how the fault diagnostic accuracy on the test data changes in different
settings (the number of samples per class in the support set N; and the number of samples per class
in the test set N;) are used for training Siamese network. Note that all experiments were repeated
ten times using different random seeds, and Fig. 7 shows the average accuracy. Generally, there is
a positive correlation between fault diagnostic accuracy and N; under a given number of N,
because more labeled data can provide extra information for the model and lead to better
generalization performance. A significant increase in the fault diagnostic accuracy can be observed
when N; increases from 5 to 10. The fault diagnostic accuracy becomes stable when N; reaches a
certain critical value. At this point, adding more labeled data to the training set does not improve
the model's overall accuracy. Nevertheless, according to Table 4, a higher number of samples per
class in the training set has a lower standard deviation of accuracy in the ten random experiments.
Therefore, adding more labeled data to the training set can improve the model's stability and

robustness, although the overall accuracy does not improve.
4.1.2. Impact of the number of samples per class in the support set

According to Table 4 and Fig. 7, there is a positive correlation between fault diagnostic accuracy
and N; under a given number of N;. The more samples per class in the support set, the Siamese
networks can make more reliable classification results based on the similarity matrix. Compared
with the performance leap owing to the increase of N; at the early stage, the performance improved
with the increase of N, is not significant, especially when N, = 20. For example, when N; = 20,
the difference in fault diagnostic accuracy from Ny = 1 to Ng = 10 is only 4.1% (from 86.3% to

90.4%). It means that despite only one sample per class in the support set, Siamese networks can



make accurate enough FDD results. Similarly, the correlation between the standard deviation of
accuracy and N; is also not as strong as the correlation between the standard deviation of accuracy
and N;. It means that the stability of Siamese networks is more sensitive to the number of samples

per class in the training set than the number of samples per class in the support set.

Another finding is that when N, is large, the improvement of fault diagnostic accuracy becomes
small as N increases from 1 to 10. For example, the difference in model accuracy from Ny = 1 to
Ng = 10 1s 12.5% (from 60.6% to 73.1%) when N, is 5, but is only 4.4% (from 87.6% to 92.0%)
when N; = 100. Thus, there is a trade-off between the selection of N; and N. Fewer samples in

the support set are needed when more samples are used to train the model.

Table 4 Accuracy of fault diagnosis on the test set using Siamese networks (%)

Number of samples per class in the support set N

1 2 3 4 5 6 7 8 9 10 Avg.

5 606 663 699 737 731 731 731 731 731 73.1 709

(7.6)  (12.5) (63) (6.5 (74) (74) (74 (74 (74 (74 (7.7)
10 771 844 851 847 862 8.1 855 861 861 862 8458

(11.4) (7.9 (5.8 (5.0 (5.7) (5.4 (55 (61) (62 (6.1) (6.5
20 863 89.8 874 900 899 90.5 90.6 897 89.6 904 89.4

(5.4)  (6.6) (52) (54 (500 (6.1 (48 (57) (61) (58 (5.6
30 862 896 903 90.6 873 900 907 89.1 90.7 90.1  89.5

6.0) (5.6) (4.8 (4.6) (6.0) (43 (39 (5.1) 41 (42 (49
40 889 893 883 899 893 91.1 909 909 91.0 909 90.1

(7.0 @47 (3.8 41 (5.0 (43 (52 (“4.1) 45 (47 (438
50 871 894 909 90.6 903 924 913 899 900 9.1 903

6.9 (720 (3.9 (6.7) (5.7 (42 (48 (61) (4.5 (42 (5.4)
60 869 882 914 908 918 919 913 917 91.6 909 907

(5.3 (52 (5.1 (59 (40 @A) (5.1 (5.0) (4.9 (48 (49
70  87.6 904 88.0 887 91.0 90.I 90.8 89.6 903 89.6 89.6

(7.1) (4.6 (6.6) (5.1) (48 (44 (33 (50) (55 (49 (5.1
80 89.1 91.8 914 923 924 920 919 927 925 910 917

43) 47 (35 47 (36 (32 (1) (35 (37 (1) (4D
90 909 92.1 883 920 907 918 904 91.0 920 91.6 9I.1

(3.9 (3.6 (560 (34 (41 (B4 (42 41) (34 (42 (4.0
100 87.6 919 927 915 928 920 931 924 928 920 91.9

(5.2 (4.0) (2.7) (.00 2.0 (23 (2.6 (2.5 (24 (25 (2.9
Avg. 844 876 87.6 886 886 892 89.1 887 89.1 88.8 882

6.4 (61) (4.8 (49 (48 (45 (47 (5.0) (4.8 (4.9 (5.1




Note: N, refers to the number of samples per class in the training set; the unit of numbers is %;

numbers in parentheses refer to the standard deviation of accuracy in ten repeated experiments

using different random seeds.
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Fig. 7. Average accuracy of fault diagnosis on the test set using the proposed Siamese network

4.1.3. Performance improvement rate

The performance improvement rate of the proposed Siamese networks compared with the baseline
model is shown in Fig. 8. The number of samples per class in the support set N; is fixed to 10. Eq.
(12) defines a positive PIR as the Siamese networks perform better than the baseline model. When
the number of samples per class in the training set N; is 5, an average of 45.7% PIR can be
observed. It means that the proposed Siamese networks can boost fault detection accuracy when
the number of labeled data is insufficient. With the increase of N;, the PIR decreases fast (N; <
20) and fluctuates in the range between 0%—10% (N; = 30). In general, the proposed Siamese

networks outperform the baseline model, especially when the number of labeled data is small

(N, < 20).



100 = 50
¢ 4 R
- 3 &
H ¢ !;I v tao
¢
80 - ¢ N ¢ ¢
’; ‘ r 30
X
> 70 $ S
(] -
® o
S I Baseline L0 &
< 60 [ Siamese network
PIR
50 A 10
40 A
-0

5 10 20 30 40 50 60 70 80 90 100
Number of samples per class in training set N;

Fig. 8. Performance improvement rate of the proposed Siamese networks (N; = 10)
4.2. Case 2: Imbalanced labeled data

Fig. 9 shows the testing accuracy of each imbalanced fault in case 2. For example, when F,
(exhaust air damper is stuck to 0% position) is the class with the imbalanced fault in the training
data, the fault diagnostic accuracy of F, on the test data using the Siamese networks and baseline
model is 82.6% and 73.0%, respectively. The proposed Siamese networks outperform the baseline
model in all experiments except F;3, F;4, and F;5. Furthermore, the lowest accuracy of the
imbalanced fault using Siamese networks is 56.5% compared with 13.9% using the baseline mode

(when F; is the imbalanced fault in the training data).

Fig. 9 shows the testing accuracy of the remaining classes. For example, when F, (exhaust air
damper is stuck to 0% position) is the imbalanced fault in the training data, the fault diagnostic
accuracy of F, on the test data using the Siamese networks is 82.6% and the diagnostic accuracy
of the remaining classes is 88.7%. As for the baseline model which is trained using labeled samples
instead of sample pairs, the fault diagnostic accuracy of F, and the remaining classes is 73.0% and
87.9%, respectively. As is seen in Fig.10, the proposed Siamese networks have higher diagnostic
accuracy than the baseline model in all experiments. Compared with the results in Table 4, the data
imbalance decreases the FDD accuracy in general. Still, the proposed Siamese networks perform betters

than the baseline model in both imbalanced fault and the remaining classes.
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5. Conclusions

HVAC systems have the most significant potential for energy savings in buildings. Fault detection
and diagnosis is an advanced technology that detects operational faults and determines their causes.
Although the machine learning-based FDD approach is flexible and has high accuracy, the lack of
labeled data may limit the practical deployment of machine learning-based models. To address the
challenge, this study proposes the Siamese network, a similarity learning method, to improve the
FDD performance under limited labeled data. Similarity learning is a novel supervised learning
method for classification problems. Similarity learning can enlarge the training dataset and
enhance the model generalization ability compared to traditional supervised classification methods.
The Siamese network proposed in this paper contains two identical LSTM subnetworks. The
Siamese network is trained by pairs of multivariate time-series samples from the building energy

management system and learns a similarity function.

The case studies examine to evaluate the proposed similarity learning-based FDD method under
two typical scenarios during the operation of HVAC systems: when labeled data are limited and
imbalanced. The normal and faulty AHU operation data collected from the ASHRAE RP-1043
was used in the case studies. The data were treated using a temporal train-test split to ensure the
generalization ability of the proposed method is properly evaluated. Case 1 tested the performance
of the proposed method when all faults have a limited amount of labeled data. Compared to the
baseline model, the proposed similarity learning-based method improved fault diagnostic accuracy
by at most 45.7% when only a limited number of labeled data is available. In case 2, the
performance of the proposed method when labeled data were imbalanced was tested. The results
show that the proposed method outperforms the baseline model for the imbalanced fault and the
remaining classes. The case studies demonstrate the great potential of the proposed FDD method
in practical application when labeled data are usually limited or imbalanced during the operation
of HVAC systems. Overall, the proposed similarity learning-based method is effective and
promising in detecting and diagnosing faults in HVAC systems, showing better generalization

ability than the traditional method.
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