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Abstract: In recent years, facility management (FM) has adopted many computer technology
solutions for building maintenance, such as building information modelling (BIM) and computerized
maintenance management systems (CMMS). However, maintenance requests management in buildings
remains a manual and a time-consuming process that depends on human management. In this paper,
a machine-learning algorithm based on natural language processing (NLP) is proposed to classify
maintenance requests. This algorithm aims to assist the FM teams in managing day-to-day maintenance
activities. A healthcare facility is addressed as a case study in this work. Ten-year maintenance records
from the facility contributed to the design and development of the algorithm. Multiple NLP methods
were used in this study, and the results reveal that the NLP model can classify work requests with
an average accuracy of 78%. Furthermore, NLP methods have proven to be effective for managing
unstructured text data.

Keywords: building maintenance; facility management; natural language processing; machine learning

1. Introduction

Facility management (FM) is an essential aspect of the life cycle of a building. It is an integrated
process to maintain and improve building performances. FM deals with all the operation and
maintenance (O&M) activities during the life cycle of a building. Operation and maintenance is
the longest phase of a building’s life cycle, and it represents around 60% of the entire life cycle
cost [1]. The infrastructure of buildings tends to be increasingly complex and evolves towards a smart
building approach which integrates new technologies such as Internet of Things and smart sensors.
Consequently, the FM industry faces new challenges to evolve and adapt to this new context.

The FM costs are considered relatively high because of the losses generated by the low-efficiency
practices in the FM activity [2]. Those losses not only affect the final costs of the operation and
maintenance but also reduce the occupant comfort and satisfaction, especially in critical facilities such
as hospitals and healthcare buildings [3]. Inefficient maintenance practices can also lead to high energy
loss; around 20% of the building energy consumption is wasted because of faulty operation in buildings’
installations [4]. A significant amount of losses in the FM industry is due to a lack of knowledge and
poor information communication between the different stakeholders, leading to ineffective decisions [5].
FM teams depend on real-time, accurate and comprehensive data to perform day-to-day activities
and to provide accurate information to top management for decision making [6]. The issue is that,
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in practice, the activities of inspecting facilities, assessing maintenance and collecting data are labor
intensive and time consuming [2], thus affecting the quality and the relevance of data and causing a
misleading management decision making.

To improve the management of maintenance data, FM has adopted many digital technology solutions
such as building information modelling (BIM) for FM, computer-aided facility management (CAFM)
and computerized maintenance management systems (CMMS) [6-8]. However, the introduction of
digital technology in facility management has not shown the expected results in improving the process of
data management and decision making. In many cases, the implementation of digital technology was
unsuccessful and caused financial losses and delays for the company [9]. Issues linked to the information
infrastructure, such as interoperability, data transfer among software, and information systems limit the
efficiency of digital technology in the FM industry.

Recently, machine learning and data science techniques feed many aspects of modern society,
including the Internet, finance and insurance, and medical and industrial applications [10]. The facility
management industry can benefit from these new techniques in order to better manage the assets and
improve data management. Machine learning (ML) and natural language processing (NLP) can help
in solving the issues of interoperability and accelerate the data analysis process in the FM field [11].

Text data are commonly used in FM activities and represent a significant portion of data and
information generated in the FM field, particularly in maintenance activities [12,13]. Text records
are necessary for day-to-day activities, for work requests and maintenance records. They are used
to describe work requests or to keep history records of maintenance activities. Text records are also
necessary before any decision-makings [13]. Analyzing text data is generally a manual process and
time and labor consuming; due to the nature of these data, text fields are mainly unstructured and can
contain any word, number or character [13]. This paper aims to explore the use of NLP and machine
learning techniques to improve text data management in the FM industry, through a use case of text
data management in a healthcare facility.

2. Research Background

2.1. Natural Language Processing

Natural language processing (NLP) covers multiple topics and involves multi-disciplinary fields,
such as linguistics, computer science and artificial intelligence. The history of NLP comes back to the
early 1950s with the Turing Test [14]. Since the 1980s, NLP relied on statistics and probability until recent
years, when the use of deep learning and artificial neural networks (ANN) achieved state-of-the-art
results in many NLP tasks [15]. Such topics included the extraction of useful information [15],
machine translation [16], summarization of texts [17], question answering [18], classification of
documents, and speech recognition [19].

Recently, many industries started to implement NLP in their industrial and business processes.
Applications of NLP in the industry include virtual assistants, which are now powered by NLP
and AI [20] and are becoming an essential part of customer services. NLP is also used to analyze
user’s feedback and comments in many fields such as the entertainment and e-commerce industries
(Netflix and Amazon, for example). Thanks to the vast information exchanged on social media,
companies have started to rely on NLP to analyze social media content to identify business trends [21].

2.2. Overview of Deep Learning Methods for NLP

This section presents a brief overview of deep learning methods for NLP. This list of methods is
not exhaustive. It focuses mainly on the methods and concepts that are related to this work.

2.2.1. Deep Learning

Deep learning is a sub-field of machine learning and a set of methods based on representation
learning which consist of representing the learning task as an embedded hierarchy of concepts to
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facilitate the extraction of useful patterns from raw data [10,22]. This hierarchy is framed as neural
networks of several layers; each layer contains several neurons, and each neuron performs a simple
but nonlinear transformation. The composition of these simple transformations allows the learning of
complex representations and solving complex tasks. There are different types of neural network layers.
Their use depends on the nature of the task (classification, prediction, etc.) and the nature of the input
data (text, images, sequences, etc.). A brief review of the deep learning architectures used in this work
is presented below.

2.2.2. Word Embedding

Text representation is a fundamental problem in text mining and NLP. It aims at representing
the unstructured text data in a numerical form to make them computable [23]. There are multiple
techniques for text representation. Word embedding is one of these techniques. It maps words or
sentences into dense vectors of real numbers, where similar words have similar vectors representation.
Word embedding techniques are very effective to model datasets with a large corpus of vocabulary [24].
Word embedding is also used to improve the performance of several deep learning architectures [25]
and to achieve state-of-the-art results in several NLP applications [24,26].

Figure 1 represents an illustration of word embedding method. Each word is represented as a
four-dimensional vector; as an example, words like leak and plumber have a similar representation.
In a real-life application, the vector length is much bigger; a higher dimensional embedding can capture
fine relationships between words.

Leak — — » [=0.2 0.1

Plumber — —»|[-0.2 104 (0.0 |0.2

Elevator — —» |03 |0.0 |-0.1|0.4

Figure 1. Illustration of word embedding.

2.2.3. Convolutional Neural Networks (CNNs)

Convolutional neural networks (CNN, or ConvNets) [27] is a class of Deep Learning Networks,
designed to process data that had a form of grid topology. For example, an image has the form of a 2D
grid of pixels [10]. The name of Convolutional networks was attributed because of the mathematical
operation called convolution instead of matrix multiplication [22]. ConvNets are, in general, composed
of multiple layers; the first layers detect primary and straightforward features, then high-level features
are obtained by composing lower-level features in the last layers [10]. ConvNets have multiple
applications in image recognition, segmentation and classification [28-31]. They are powering multiple
real-life applications from medical applications [32] to self-driving cars [33].

Recently ConvNets are gaining ground in NLP applications [34], including text classification
applications in which ConvNets have shown excellent results classifying text sentences even with
a minimum of fine tuning and a limited number of layers [35]. That is due to their capabilities of
capturing local correlations and extracting features at different positions of a sentence [36].
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2.2.4. Recurrent Neural Networks (RNNs)

Recurrent neural networks (RNNs) [37] are another popular class of deep learning network.
RNNSs are designed to process sequential data that have the form of a sequence x(1),...,x(p) [22].
Time series, text, and speech are examples of sequential data. RNNs are capable of capturing long-term
dependencies in a sequence thanks to their hidden units ‘state value’ that implicitly contains information
about the past of the sequence [10]. Many variants of RNNs were developed to improve performance,
such as long short-term memory (LSTM) [38] and gated recurrent unit (GRU) [39]. The latter has
achieved remarkable results in multiple NLP tasks such as machine translation [40] and next-word
prediction in a sentence [41].

The combination of ConvNets and RNNs layers have shown great results in multiple text
classification tasks. There are multiple examples of their use in the literature: an example of combining
Bi-directional LSTM (a variant of RNNs) with ConvINets [42] was used on six text classification
tasks, including sentiment analysis, question classification, and newsgroup classification. The model
achieved a remarkable performance of four out of six tasks compared to state-of-the-art models.
C-LSTM Neural Network is another model which combines CNN with LSTM for text classification [36].
C-LSTM outperformed both CNN and LSTM separated models on sentiment classification and question
classification tasks.

3. Research Objective

This paper investigates a use case of NLP in FM. An NLP model to automate the process of
maintenance tickets management is proposed. This model is based on a machine learning classifier,
which classifies the work request sent by the user to the FM team according to the nature of the problem
(e.g., “Lighting”, “plumbing”, “Electrical” etc.).

The classic process is based on human management, as illustrated in (Figure 2). Every day,
the facility manager receives a significant number of users’ requests through a web application or email.
Then the manager sorts the request and assigns it to the qualified technician. This process is time
consuming and can cause significant delays when the number of daily requests is high. In this study,
a machine learning classifier is developed to automate the maintenance work orders management
(Figure 3). The new process automatically receives and classifies work orders, then assigns them to the
qualified technician. This process reduces the waiting time and assists the facility management team.

User . Facility Manager - |Specialized Technician|

Reception +[ Decision ]—b Azsignment - Action

Manual Process

Work Order

Waiting time
Figure 2. Classic process for work orders management.

This study focuses on building a text classifier for work orders using deep learning techniques.
The dataset used to build and test the classifier was extracted from a maintenance records dataset in a
Health care facility in France. The dataset characteristics and the model architecture will be discussed
Section 4. Following this, the results of the algorithm are presented in Section 5. Finally, Section 6
concludes the study.
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Figure 3. Proposed process for work orders management.

4. Methodology and Data Collection

4.1. Methodology

A classic machine learning approach was used to build the classifier model (Figure 4). It consists
of three main steps: data processing, model development and model validation.

Data . -
lodel validation

Work orders Data cleaning and ) . Training the Validation and
dataset -4-[ transformation Data labelling Training set different models results
(

Testing set

Figure 4. Outline of the three main steps of the approach.

4.2. Data Characteristics

The dataset used in this study was extracted from the maintenance records of a healthcare facility
in France. The dataset contains 10 years of records from June 2009 to July 2019. The healthcare facility
is composed of two principal buildings in a total area of 35,000 m?; they contain a total number of
364 rooms as shown in (Table 1). The dataset was retrieved from the CMMS used in the facility;
it includes all different work orders requested by the users via a web application related to the CMMS.

Table 1. General Information about the healthcare facility.

Type of the Facility Healthcare Facility
Gross area (m?) 35,000
Number of buildings 2
Number of floors 4
Number of Rooms 465

The dataset is structured in two columns, “work order” and “class”:

o  “Work order”—the request entered by the user via the web application is in text format. The text
can contain any word, number, or character;

e  “Class”—the label assigned by the user or the FM technician. It describes the nature of the
problem, such as “Sanitary and Plumbing”, “HVAC”, “Doors and access” etc.
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This dataset contains 29,901 records that were divided into a training set and a test set with a ratio
of 80% for training and 20% for testing.

4.3. Data Processing

The purpose of this step is to transform the raw data into a structured dataset ready for the
training process. This step is comprised of two main parts:

Data cleaning and transformation—this step consists of firstly cleaning the data entries by
removing irrelevant entries, Nan values and unrecognized characters. Then, some transformation
and filters are applied to the sentences—removing accents, stop words, punctuation, numbers and
lowercase conversion.

Data labelling—although the dataset had been already labelled, most of these labels were
inadequate. Indeed, the dataset had initially 107 different (unique) labels. Every label is supposed
to describe a unique class of problems, but most of them were inadequate, redundant and written in
different representations. For example:

e Label A—"Clim-Ventil-Chauffage ”;
e Label B—“Clim. Ventil. Chauffage—probleme autre”.

Both representations describe the same problem of “Chauffage, Ventilation et Climatisation” which
means in English “Heating, ventilation, and air conditioning”. This kind of problem is common when
it comes to text data, which is primary, human generated and recorded manually by the technicians
responsible for maintenance. In general, multiple technicians are doing the task, which makes the data
inconsistent, error filled, and replete with domain-specific jargon [43].

The labels in the dataset were manually transformed with the help of a facility management expert.
Indeed a list of 10 labels was defined instead of the initial 107 labels. Table 2 shows the final labels
(classes) and their frequency in the dataset. The number of requests in each class are well balanced
since there is no dominant class.

Table 2. Labels after pre-processing and their frequency in the dataset.

Labels (French) Labels (English) Frequency
Sanitaire et Plomberie Sanitary and Plumbing 7729
Electrique et Courant fort Electrical Equipment 3518
CcvC HVAC 3483
Eclairage Lighting 3369
Second ceuvre Construction Work 2799
Portes, Ascenseurs et Acces Doors, Elevators and Access 2563
Autres Others 2531
Stores et fenétres Blinds and windows 2061
Courant faible et SI Information and Communications Technology 1130
Sécurité Security 718

In this work, it was assumed that each work order corresponds to only one problem (one class),
which means that the user sends a request for each maintenance problem separately.

4.4. Model Devlopement

4.4.1. Transfer Learning for Text Representation

In order to overcome the limited corpus of vocabulary in our dataset, a pre-trained word
embedding was used. It is based on the FastText model [44] and trained on a large corpus of French
vocabulary from Wikipedia and Common Crawl [45]. This technique of using pre-trained models
is known as Transfer Learning. Transfer Learning aims to store acquired knowledge while solving
a specific problem. It is then transferred to different but related problems [46]. Transfer learning is
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widely used in multiple applications in NLP and Computer Vision tasks. It helps benefit from similar
problems and to overcome the limitation of a small dataset.

4.4.2. Outline of the Different Deep Learning Models Proposed

In this study, four different models were tested, and that combine different deep learning
architectures. The models are illustrated and explained below:

CNN Model: In this model, a CNN (Convolutional Neural Network) approach was used to classify
the work orders. It is composed of an embedding layer, followed by two CNN layers. Following this,
a dropout regularization was added to avoid overfitting (Figure 5) [47].

Embedding LSTM LSTM Dense | | Dense N
Input layer - Layer Layer W Layer Layer Output

Figure 5. Outline of the CNN model.

CNN Model with multiple filters: This model is similar to the original CNN model, the only
difference is that the CNN layers were duplicated in a branch form inside the model. In every branch,
a different filter size was used. This approach allows the model to train with different filter sizes
simultaneously (Figure 6).

Filter size =n

CNN > CNN
Layer Layer

Filter size =m

Embedding CNN CNN
Layer Layer
CNN CNN
Layer Layer
Filter size=p

Figure 6. Outline of the CNN model with multiple filters.

LSTM Model: Unlike the first models, an LSTM approach was used in this model. LSTM layers
replaced the CNN layers in order to evaluate the impact of the LSTM approaches in text classification
tasks. The rest of the layers remained unchanged (Figure 7).

LSTM LSTM Dense Dense
Layer Layer W Layer | *| Layer Output

Figure 7. Outline of the LSTM model.

Embedding

e layer

CNN + LSTM Model: This model combines the first and the third models above. CNN and
LSTM layers were stacked in a unified architecture. Two LSTM layers were added to two CNN layers
followed by a dropout layer (Figure 8).
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Embedding CNN CNN LSTM LSTM Dense Dense
Input Layer > Layer Layer H Layer Output

Figure 8. Outline of the CNN + LSTM model.
5. Results and Discussion

5.1. Model Validation and Results

The metric used to evaluate the performance of the four models is Accuracy (Equation (1)) which
is defined as the ratio of true predicted samples on the total number of samples [48,49].

True Positive + True Negative

@

Accuracy = True Positive + True Negative + False Positive + False Negative

As cited in [48,50], accuracy is the most used evaluation metric for either binary classification or
multi-class classification. Although accuracy has some limitations, it does not distinguish between
the numbers of correct labels of different classes, which can lead to incorrect conclusions as in the
case of imbalanced data. In this paper, the dataset is not imbalanced, thus the accuracy was used as
an evaluation metric to compare the performance of the different models. Although, the following
Confusion Matrix is used for a detailed evaluation of the prediction in different classes (Section 5.2).

The table below (Table 3) shows the accuracy results of the different models. The CNN model with
multiple filters has achieved the best accuracy (78%). The LSTM layers used in both LSTM and CNN +
LSTM did not improve the performance of the classifier. It can be explained that the classification in
this problem depends more on the words used than their sequence in the sentence. This makes the
LSTM layers less useful here, since they are designed to capture dependencies in sequences.

Table 3. Classification accuracy results of the different models.

Model Accuracy
CNN 0.72
CNN with multiple filters 0.78
LSTM 0.66
CNN + LSTM 0.68

5.2. Discussion

In the rest of the discussion, the results of the best model (CNN with multiple filters) will be
analyzed. A confusion matrix (Figure 9) was used to summarize the results, it is a powerful tool
for reporting results in multi-class classification. It consists of a symmetric matrix where rows refer
to the ground truth and columns refer to the predicted class labels of the dataset (or vice versa).
The main diagonal of the matrix shows the percentage of well-predicted values (accuracy) in each class.
The results show that the accuracy strongly variates from a class to another. In some classes, the model
had succeeded to correctly classify the instances as in “Lighting” and “Plumbing and Sanitary” with
an accuracy above 90%. In other classes, the performance was lower as in “ICT” and “Electrical
Equipment” classes where it was below 60%.

Low accuracy in some classes might be explained by a mislabeling problem. For example,
several work orders belonging to “Security” class are classified as “Doors, Elevators & Access”, which is
due to the similarity between the two classes. Indeed, many work orders that belong to security contain
words referring to “doors” or “access”. The same applied to “Electrical Equipment” and “Lighting”
which can, at times, be very similar. Another reason is the limitation of the dataset. The sample size
is less than 30,000, which may not be enough for this classification problem with multiple classes.
For instance, classes like “Sanitary and Plumbing” are easier for the algorithm to classify; they are
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more specific and, in general, contain the same words such: Leak, water, tap, etc. In the opposite,
some classes can be tricky for the algorithm such as “Construction Work” and “Security” because they
are more generic and contain different contexts. Thus, the algorithm would need more training data to
learn how to classify them. The average accuracy in the test set as stated above is 78%, a satisfying
result given the size of the dataset.

Deploying this classification model in real buildings should pass by a trial phase when feedback data
are collected to improve the accuracy of the model. Meanwhile, in this trial phase, manual interventions
by the FM team are needed to address the misclassified samples. However, the number of these manual
interventions should be acceptable given the overall actual accuracy.

Others - 041 015 011 004 008 002 008 003 006 002
HVAC - 0.05 [k 0 0 004 0 005 001 001 001 - 0.8
ICT-025 004 036 006 012 009 0 002 003 003

Lighting - 0.01 0 0 0 0 o001

- 0.6
Electrical Equipment - 0.07 009 005 024 Jitts 001 001 001 002 001
% Doors, Elevators andAccess - 0.02 001 0.04 001 0 0.08 004 04
o -0
L
=
= Sanitary and Plumbing - 0.03 004 O 0 0 003 0O
Blinds and windows - 0.02 001 0 0 0 [.55 iEs 0
-02
Construction Work - 008 007 002 008 002 017 011 004 [ O38 003
Security - 0011 003 004 008 002 018 001 002 01 @ 04
[ [ i [ [ - [ [ [ i -00
s 2 6 2 5 g g% 2
F= + F=]
g = £ E £ E 2 2 3
3 5 = = =z =] [
o c a5 =]
L a o 'E ]
| g = i E
u 2 = i [
B 8 F £ &
v A
L=
=]
=]

Predicted label

Figure 9. The confusion matrix: the result of the classification on the test set.
6. Conclusions

This study investigated the potential of NLP for Facility Management. An innovative approach
was proposed for work orders management that can allow the automation of the maintenance process
and reduce waiting time. This approach is based on NLP to classify maintenance work orders according
to their specific nature and then have it assigned to the qualified technician. This NLP method is
executed in three steps:

e Step 1 consists of pre-processing the dataset by removing Nan values and irrelevant characters to
prepare the dataset for the ML process.
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e Step 2 consists of transforming the text into computable numerical vectors using the
word-embedding method.

e  Step 3 consists of training the classifier algorithm using an ML framework. For this, a deep
learning architecture combining CNN and LSTM layers was used.

Main results shows that the model classify the work orders into the 10 different classes with an
average accuracy of 78%.

As demonstrated in the study, NLP could be used to extract insights from unstructured text data.
The results of this research align with findings in [11] demonstrating that ML/NLP techniques can make
the process of retrieving and reusing information faster and more accurate. NLP was used in this paper
to enable the automation of assigning technicians and thereby reduce the maintenance operations
delays. However, the accuracy of the model is still below 80%, which means that deployment of the
model in real buildings would need to pass by a trial phase when manual interventions are needed to
correct the misclassified corrections.

Some limitations of this study relate to the low accuracy in some specific classes such as “Security”
and “Construction Work”, which is due to the limits in the training dataset. The training dataset in this
study is relatively small and less diverse compared to those used for developing NLP solutions, such
as Amazon Review dataset [51].

To address these limitations, future work will focus on collecting more data from different
buildings to construct a larger and more diverse dataset that can allow us to train NLP solutions for
FM. In particular, using a larger dataset to train the models will allow the overall accuracy of the
classification to be improved, and address the problem of low accuracy in some specific classes.
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