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Abstract

The term Artificial intelligence acquired a lot of baggage since its introduction
and in its current incarnation is synonymous with Deep Learning. The sudden
availability of data and computing resources has opened the gates to myriads of
applications. Not all are created equal though, and problems might arise espe-
cially for fields not closely related to the tasks that pertain tech companies that
spearheaded DL.

The perspective of practitioners seems to be changing, however. Human-
Centric Al emerged in the last few years as a new way of thinking DL and Al
applications from the ground up, with a special attention at their relationship with
humans. The goal is designing a system that can gracefully integrate in already
established workflows, as in many real-world scenarios Al may not be good enough
to completely replace its humans. Often this replacement may even be unneeded
or undesirable.

Another important perspective comes from, Andrew Ng, a DL pioneer, who
recently started shifting the focus of development from “better models” towards
better, and smaller, data. He defined his approach Data-Centric Al.

Without downplaying the importance of pushing the state of the art in DL,
we must recognize that if the goal is creating a tool for humans to use, more raw
performance may not align with more utility for the final user. A Human-Centric
approach is compatible with a Data-Centric one, and we find that the two overlap
nicely when human expertise is used as the driving force behind data quality.

This thesis documents a series of case-studies where these approaches were
employed, to dilerknt extents, to guide the design and implementation of intelli-
gent systems. We found human expertise proved crucial in improving datasets and
models. The last chapter includes a slight deviation, with studies on the pandemic,
still preserving the human and data centric perspective.
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Chapter 1

Introduction

The research activity conducted in the four years that led to this thesis has been
characterized by a horizontal approach to the discipline of data science, which
resulted in the application of the same concepts to a variety of di erent elds.
There is however a common thread running through all these projects, which is
the idea of putting the role of human experts and users at the center of the design
process.

This philosophy is often referred to asHuman-Centric (or Human-Centered)

Al, as opposed to work that too narrowly focuses on the models and algorithms
while loosing track of the relationship the nished model will have with its users
and their goals. The insight humans provide if involved can, in turn, help in
improving the models, evaluating the results, and re ning the data, which is the
prime driving force behind data science applications and machine learning systems.
The attention to data, which should be good rather than just big, has shaped
the Data-Centric Al movement which, similarly to the human-centric approach,

is opposing the focus on scaling model size. At the intersection of the two we
found the value of using domain expertise to clean and reduce datasets, as well as
evaluating the model outputs and help in debugging. This Human-Al collaboration
loop results in more performant, more reliable and overall more usable systems.

In the next section will go over the research background and introduce the
guestions we will address in the following chapters. Finally, we conclude this
introduction by providing an outline of the dissertation.



4 Chapter 1. Introduction

1.1 Research Background

In 2018 the Association for Computing Machinery (ACM) nominated Geo rey
Hinton, Yann LeCun and Yoshua Bengio as the three recipients of the prestigious
Turing Award for conceptual and engineering breakthroughs that have made deep
neural networks a critical component of computing [1]. In a way, this was an o -
cial recognition of the dawn of a new era of Arti cial Intelligence (Al), spearheaded
by adoption of deep learning (DL).

It has been 66 years since the infamous Dartmouth Conference [2] that char-
acterized the golden age of Al, whose popularity rose and waned multiple times
over the years, and while many fundamental questions are yet to be answered we
can clearly see how today Al seems to be much more of reality than it was be-
fore. The advancements of deep learning, which some de ne as a fourth industrial
revolution, have been made possible by the increase in computational power and
the enormous quantity of data made available by the internet and the ubiquitous
presence of computing devices like smartphones.

In this scenario, Data Science and machine learning have become such a fun-
damental part of computer systems that people capable of wielding these powerful
tools become highly sought after [3]. As Barreto hinted at back in the 1990s, neu-
ral networks could be considered a new programming paradigm. One where the
data replaces the explicit instructions given in code by the programmers [4].

It is interesting to notice, however, how in the world of traditional software
development we have seen a number of sub- elds emerging as computers become
more and more integrated in our society. For example, tools needed to be cre-
ated to help programmers organize their work, keep track of changes and enable
collaboration with others; various testing methodologies became a necessity when
systems needed to be dependable and run constantly; similarly the discipline of
human-computer interaction emerged as computers entered homes and o ces to
become tools at the disposal of non-technical audiences [5].

When it comes to this new programming paradigm instead, the corresponding
disciplines that address the same concepts are still taking shape and lack the same
depth. This could be only a matter of time, and tools to address the engineering
task of developing machine learning and deep learning systems are being intro-
duced more and more. But when people deal with Al there is also a fundamental
di erence with classical software development, somewhat of a philosophical stance:
the idea that, ultimately, an intelligent system should be completely capable of do-
ing tasks like we humans do without the need of intervention on our part. Many
believe that a general arti cial intelligence (AGI) is right around the corner [6]
but the current success of deep learning, with models capable of surpassing human
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performance on many di cult tasks [7, 8] and even breaking new ground on prob-
lems like protein folding [9] is still resulted in narrow Al that can only do specic
things. It is true that size and performance seem to scale linearly [10], but very
big and exible models, recently dubbed foundation models, like OpenAIGPT-3
[11] or Deepmind'sGato [12] still have quite visible limits and it is reasonable to
argue that maybe more data and computation is not enough, also considering how
training those systems is inaccessible to most.

Whether or not AGI is near, many scholars are warning about the danger of
not considering these technologies in relation to humanity and advocate for the
development of systems that are human compatible, to cite the title the last book
by Stuart Russell [13]. Rather than focus on arti cial intelligence we should strive
for what Minsky at al. de ned humanistic intelligence: [...] intelligence that arises
because of a human being in the feedback loop of a computational process, where
the human and computer are inextricably intertwined [14].

When we shift the focus from raw performance to actual utility for the users
and we start treating deep learning as yet another tool in the data science box a lot
of interesting research considerations start emerging from the limitations of these
new technologies. In particular, we are interested in the human-centric (or human-
centered) Al movement, exempli ed by groups like the HCAI team at Stanford ,
and, relatedly, to the data-centric perspective introduced by Andrew Ng [15].

Human Centric Al, as the name suggests, means that humans should be put
at the center of Al research rather than algorithms and benchmarks [16]. This
shift in perspective invests all aspects of Al models, from the inputs they receive
for training, to the way their outputs are presented. It is easy to draw a parallel to
human computer interaction from the software engineering world but in this case
interacting with models could mean a number of di erent things: interacting with
the data during the preparation of the dataset and design of the model, interacting
with the development of the model, or interacting with the trained model and its
predictions.

With Data Centric Al instead the focus is on data as the most e ective source
of improvement now that the algorithmic and coding part of deep learning has been
solved as Ng says in an interview introducing the concept [15]. He highlights how
scaling up model size may still be worthwhile for some applications but in some
elds that amount of data is simply not available. In these situations, moving away
from big data towards good data is the most e ective strategy. Quantifying
what good data means is obviously very dependent on the context and on the task
at hand, but it is easy to see how human experts can play an active and invaluable
role in providing this measure.
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If we think about the life-cycle of an Al model, from its design to its produc-
tization and use, we can identify a number of phases where human input could
be integrated, injecting their values and perspective. In the literature, this design
choice is called human-in-the-loop Al [17, 18]. In this context humans can be
included in a downstream way, the most common, or in an upstream way.

The rst approach corresponds to what is sometimes called active learning
or interactive machine learning [19] and focuses on the most obvious loop in Al-
human interaction, that is inputting new data and getting a prediction. Here a
model makes a prediction that a human in turn uses to make a decision while also
providing feedback to the model, often by providing a ground truth that may have
been wrong or noisy in the training set.

The latter instead arises by considering the development loop of the model.
Here ML engineers and domain experts can work together and iteratively improve
both on the model architecture and the dataset [20]. The human role here can be
that of identifying the best dataset and weeding out uninformative or misleading
examples or that of providing an evaluation of results which are di cult to judge
in a purely mathematical way (e.g., art, text, moral decisions) . This kind of loop
is crucial in all the situations in which there is ambiguity in the data, perhaps
when the dataset was not explicitly build for the purpose of training a model, or
ambiguity in the question the model is trying to answer, where bias may be lying
in plain sight but needs human expertise to be spotted.

When companies, especially smaller ones, are trying to implement practical
Al systems the issue of data quality is as big of a problem as data quantity [21].
This obstacle to actionable Al can realistically only be solved through human
intervention when the data its already there

Having humans and Al work together is also about the way things are pre-
sented. This concerns performance, outputs but also the internal structure of the
model itself. Careful choice of metrics and data visualization can help in this
regard.

Metrics can obfuscate a lot of the shortcomings of a model if they are not
chosen carefully and even more importantly, they should be aligned with the val-
ues of the users. Failing to recognize this is a form of the famous McNamara
Fallacy and can lead to catastrophic results when the model is released in the
wild. A high scoring model for classi cation might give the impression that it has
learned a meaningful representation of the data but looking at what the model
considers reveals that this is not the case. For example, Ribeiro et al. found that
distinguishing huskies from other dogs was done by looking at the background
and Sturm et al. found that music genre recognition models were not considering
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musical features that humans relate to said genres [22, 23]. This problem is what
in turn enables adversarial attacks to deep learning models and prevents their use
in certain high stakes situations [24].

Visualization techniques can enable debugging a model when things go wrong
or just simply allow us to understand what goes into making a prediction [25, 26].
Furthermore, they can increase the value associated with a model prediction by
making it more interpretable and digestible to non-technical audiences.

On the topic of interpretability, we also need to consider situations in which
humans are the recipients of a decision coming from an Al system. In situations
where there is a lot at stake and failure cannot be tolerated even for human beings,
people will tend to not trust machines and will require an explanation of how it
arrived at its conclusion [27 29]. In this context, the performance of the model is
the least of the concerns while legal and ethical questions take the main stage.

While there is an increasing corpus of research on explainable Al, researchers
like Cynthia Rudin advise against the use of post-hoc explanation of black box
models in supporting law enforcement and the justice system in the USA [30]. She
noticed how dataset in those situations were very biased, and arguably the society
from which the data came from is even more, and claims that black-box systems
hid away those biases behind a curtain of good predictive performance.

In the world of healthcare, we see that automated diagnoses are not well
received by patients, who prefer to interact with a human physician [31]. At
the same time, while intelligent systems can achieve superhuman results in visual
diagnostic exams like CT scans, the combined performance of humans and Al
is even higher [32, 33]. Furthermore, most of the time caring for a patient and
forming a diagnosis goes beyond the correct interpretation of a single exam and
entails high-level abstract reasoning that machines do not excel at.

1.2 Research Questions

Given the contextual framework described in the previous section, let us now go
over the research questions we will address in this thesis through the discussion
of the cases studies reported in the following four chapters. As anticipated, this
thesis contains applications of data science to very di erent elds, but all of these
applications are informed by the same approach to the discipline.

The following research questions serve to highlight these themes across the
di erent chapters:
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RQ1. How can human expertise be integrated in the development of

an Al system? As we discussed in the background section, human expertise
can be integrated at di erent levels of the machine learning pipeline. In each of
the projects that compose this thesis we will highlight how we leveraged human
expertise and how much it contributed to the performance of the nal model.

RQ2: Can an under-performing system still be useful? All models are
wrong, but some models are useful states an infamous maxim by George Box that
every data scientist knows. However, there are cases in which a model is performing
worse than what one would expect in a similar application. The reason for this
can be many but, as we said, performance metrics are not the only indication of
value. We will investigate how a model can be helpful for humans even without
breaking records in benchmarks.

RQ3: Are metrics always su cient to evaluate a model? Metrics give us

an indication of the performance of a model and, together with the loss function,
encode the goal of a deep learning model, or, in other words, what question it is
answering. Sometimes, however, the question is not easily encoded by a simple
mathematical function, and we need to involve domain experts in the evaluation.

RQ4:. What is the role of visualization in human-centric applications?
Visualization techniques are a powerful tool to discover relationship in the data
but can also play an important role in the development of a deep learning model
by providing a view of what the model is learning and doing. These tools are
even more valuable when coupled with domain expertise as non-trivial concepts
can emerge from the right plot.

RQ5: When are classical approaches preferable to deep learning? Deep
Learning has replaced other techniques as the state of the art in virtually any
eld of application. However, there are situations in which classical methods from
statistical learning can be more useful. In the context of this thesis, we found this
to be the case for studies concerning the pandemic, when the lack of data meant
training neural networks and making predictions was di cult but there was still
insight to be gathered from other types of models.
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1.3 Thesis Outline

We conclude this introductory chapter by including a structured summary for the
rest of the thesis, to provide an overview of every chapter at a glance:

Chapter 1  serves as the introduction, describing the aims and contents of the
work and giving a brief account of the research background that help framing all
methods and conclusions.

Chapter 2  describes a project which involved building a system for predicting
the failure of mechanical water meters for an Italian energy company. Along the
way many considerations related to our research question emerged, especially of
data quality and of Human-Al collaboration.

Chapter 3  deals with the design of a model able to automate the remote sensing
phase of an archaeological expedition. This is the phase in which archaeologists
look for potential sites of interest using satellite and aerial imagery. This is a
perfect example of Human-Al collaboration as automating this extremely time-
consuming task would only help archaeologist focus on more important parts of
their work while still requiring their involvement in validating the outputs. We
used two di erent approaches, both leveraging transfer learning and showed how
re ning the dataset and data representation together with domain experts can
improve performance.

Chapter 4 illustrates the creation of a model for automatic generation of sym-
bolic music in the style of traditional Irish and Swedish folk. Di erently from the
other eld of applications we depicted, music is characterized by the absence of
a clear-cut notion of a "good" output. This makes the roles of human experts in
the loop fundamental, as it allowed us to overcome design di culties and create a
model able to beat the previous state of the art. In the nal part we also discuss
how such a model can be integrated into a music co-creation work ow.

Chapter 5 contains a number of observational studies performed during the
pandemic, highlighting the themes of Research Question 5. In a situation where
understanding what is happening is as important as obtaining good predictions,
classical models can be a better choice compared to a black box like neural net-
works.

Chapter 6  nally concludes the thesis, summing up the common insights gather
across all the di erent research projects.






Chapter 2

Automatic Detection of Defective
Water Meters

This chapter describes the results of a collaboration project with a company that
provides various services in norther Italy like waste management, electricity, nat-
ural gas, and water supply [34 41]. The water supply division of the company
wanted to use arti cial intelligence methods to solve a problem with water meters
they had been facing for a while. For obvious privacy reasons the company will
remain unnamed and the relevant information about the dataset and models will
be discussed without revealing details connected to their business.

This project posed some interesting challenges that highlighted the impor-
tance of involving domain experts in the design of machine learning systems as
they hold the key to the good interpretation of data. After an initial phase of bad
performance, we inquired the managers and engineers in the company and with
the insight they provided we were able to re ne the dataset and obtain a model
with good performance.

In a further experiment with new data, we found that the inclusion of addi-
tional information in the form of categorical features regarding the nature of each
water meter and its use degraded performance instead of improving. We hypothe-
sized the cause for this was connected to the curse of dimensionality and inspired by
the distribution of the categorical attributes (a Pareto-like distribution), we tried
di erent techniques to reduce dimensionality like binning and principal component
analysis, albeit without solving the issue. Thus, we devised an unusual approach,
in which we Iter the dataset accordingly and create a model for each categorical
attribute which can be used as an ensemble with better overall accuracy.

11



12 Chapter 2. Automatic Detection of Defective Water Meters

In the nal part of this collaboration, it emerged the theme of how perfor-
mance metrics in classi cation problems can be misaligned with the actual costs
and bene ts of a company. While we were never informed on the actual details
and numbers, we proposed the company to adjust the classi er threshold in a way
that made sense for their business process, even if it were not the mathematical
optimum.

2.1 Detecting Faulty Devices

In this section we will describe the process that led to creation of the rst classi er
for faulty devices, including discussing background and related works and detailing
the neural network we designed for the task.

2.1.1 Background

Let us start by discussing some related work. Anomaly detection is a common
task in the world of machine learning, and it is characterized by a small number of
interesting data points that are di erent from the rest in some way. Usually, the
approach consists in learning the distribution of the ordinary data and comparing
the anomalous instances to that. If there is enough data on the axis of time, one
could also compare each individual instance to its own past to see if there is any
deviation from the norm.

In the case of our speci c task, however, we have a very heterogeneous dataset
when it comes to its properties (e.g., consumption, use, meter type, etc.) and,
more importantly, with huge di erences and irregularities in the frequency of the
readings. This made classical approaches to anomaly detection more complex to
adapt to our problem and pushed towards an end-to-end solution using neural
networks.

Additionally, while we are plenty of papers in the literature for individuating
anomalies like a leakage or a failure, in water distribution pipelines, there is a not
surprising scarcity of papers that discuss methods for detecting anomalies in water
meters [42 44].

Those that do seem to focus on the use of simple heuristics and statistical
analyses. For example, Roberts and Monk developed a simple algorithm that indi-
viduates possible anomalies, occurring at a given water meter, when a decreasing
trend in water consumption is observed along a series of readings which is updated
just quarterly [45]. Monedero et al, instead, propose an approach to detect tam-
pering activities in mechanical water meters that employs a very basic statistical
analysis for identifying [46]. either a low rate in water consumption, a sudden
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stoppage of that consumption, or simply a decreasing consumption trend.

For sure, the advent of electrical water meters, along with telemetry that can
provide water consumption readings on a per hour basis, could signi cantly alter
this picture and allow the use of more common online anomaly detection techniques
that are already employed in managing other types of utilities like electricity [47].

2.1.2 Dataset Description

The company had no speci ¢ database put in place for this task, so a signi cant
part of this project consisted in working together to de ne a proper dataset to

train our machine learning algorithms on. Our starting point is a huge database of
reading and metering devices which contains a lot of redundant information and is
used mainly for administrative and billing operations. The data spans a period of
4 years, from 2014 to 2018, with around 15 million rows, representing individual
readings that pertain to over 1 million metering devices, including both working

and defective.

Table 2.1 list the 14 attributes associated with the individual readings in the
starting database. Attribute 1 is used as the primary key for grouping the readings
for each device. Table 2.2 lists the 17 attributes associated with each device, with
attribute 17 representing our target variable. As we will discuss later, not every
attribute was deemed useful for our purpose of training a predictive model.

Table 2.1: Attributes in the readings database

No Attribute name || No Attribute name

1 Water Meter 1D 8 Reader ID

2 Reading ID 9 Type of Contract

3 Reading Value 10 Reading Validity

4 Reading Date 11 Certication on the ERP
5 Prev. Reading Value| 12 Final Billing

6 Prev. Reading Date || 13 Reason for Reading
7 Reading Frequency || 14 Accessibility

2.1.3 Dataset Cleaning and Pre-processing

The preprocessing phase is a critical part of any data science project. In this spe-
ci c instance we had to invest signi cant work into cleaning up the format of each
column and then extracting the relevant information from the starting database
by matching readings to their respective device and making sure everything was
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Table 2.2: Attributes in the devices database

No Attribute name | No Attribute name

1 Water Meter ID 10 Installation Date

2 Producer Code 11 Plant

3 Producer Description 12 Type of Contract

4 Material ID 13 Geographical Zone

5 Material Description 14 Accessibility

6 Max/min Reading Value || 15 Use Category

7 Meter Type ID 16 Address

8 Meter Type Description || 17 Operation (Faulty/Non Faulty)
9 Year of Construction

coherent. We devised, and revised, a set of rules together with the domain experts
which we referred to as a "semantic of validity” which we will now describe. After
that we proceeded with the well-established practices of standardizing the numeric
variables and of transforming categorical data into one-hot encoded vectors.

Feature Selection

Selecting features is a key task, since irrelevant or redundant features can impact
the training activities [48, 49]. Numerical Features were easy to choose as they
only consist in the water consumption values (di erence between current reading
and the previous) to which we combine the number of days since the last reading to
help with their irregular frequency (Attributes 3, 4, 5, 6 of the readings dataset).

Further, on the basis of precise suggestions provided by the company, we
also included the following additional features from the devices dataset: producer
(Attribute 2), material (Attribute4), meter type (Attribute 7), and use category
(Attribute 15).

Table 2.3 reports all the aforementioned selected features.

Table 2.3: Final set of features used to train the model

# Features | # Features

1 Reading Value 5 Serial Number of the Producer
2 Previous Reading Value|| 6 Material ID

3 Reading Date 7 Meter Type ID

4 Previous Reading Date| 8 Use Category




2.1. Detecting Faulty Devices 15

Semantics of Validity

Many of the readings that compose the datasets came with numerous inconsis-
tencies and impurities, whose causes depend on organizational con icts between
di erent business processes. The company obviously never gave us much detail
on those processes but allowed us to interact with domain experts who helped us
de ne what we call a semantic of validity .

The rst rule of this semantic was considering attribute 10 (Reading Validity).
This is set by a human operator once he reads a value on the meter and validates
its correctness. Experts suggested that readings labeled as explicitly non-valid
should not be taken into consideration. Table 2.4 reports the number of non-valid
measurements with respect to the total.

Table 2.4: Readings: Valid/Non-valid (attribute 10)

Attribute 10 of Readings

Initial 15,129,379
Non-valid 1,898,128
Valid 13,231,251

In addition to attribute 10, we were suggested to consider also attributes 11
(Certi cation on the ERP) and 12 (Final Billing), as their combined values o er
a stronger indication of correctness. Their meaning is as follows:

(i) has been (correctly) read/collected on site by a human operator,
(i) has been (correctly) recorded onto the company ERP system,
(ii) has been (correctly) billed to the nal client.

While attributes 10, 11, and 12 can take a total of 45 di erent combinations,
just 7 of those cover almost 99% of the total amount of readings in the dataset.
These speci ¢ combinations are shown in Table 2.5. Some of those, even if still
valid , refer to di erent administrative aspects of the readings, however, to create
our dataset we are only interested in the readings that re ect the true numbers
shown on the device. The experts pointed us to the rst combination in the Table,
with Attribute 10 equal to 1 and Attribute 11 and 12 equal to 2. For the sake of
simplicity, we will refer to those readings as those enjoying thie-2-2 Factor.

Up until this point we only talked about readings as we were dealing with the
rows of a database containing all of them. But since we need to predict meters, we
had to aggregate the readings by device. Table 2.6 shows how many meters, that
also have thel-2-2 Factor, possess at least a certain number of readings, from 1 to
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Table 2.5: Readings: main categories (with relative amount of readings)

Attribute 10  Attribute 11  Attribute 12 Readings

1 3 2 407,592
1 2 4 282,527
1 2 6 132,409
1 2 5 110,363
1 2 3 106,742
1 3 5 105,957
Other 229,079
Total 13,231,251

5. Additionally, the second-to-last row contains the total number of meters, while
the last one is the total amount of faulty meters.

Unfortunately, of the total amount of readings we now considered valid, some
were mathematical adjustments of the readings, estimated values of presumed
water consumption values computed for billing purposes. We asked the domain
experts to point them out as their presence interfered with phenomenon we wanted
to detect. Table 2.7 shows the quantity of readings we had to discard.

At this point we thought that, given our semantic, the dataset was clean
enough to paint a sensible picture of the phenomenon and so we tried training
a model. When tested on a holdout set with newer data however, we obtained
an AUC score 0of0:61 Consequently, we furthered the discussion with company
experts to nd what the cause might be.

Our intuition is that that semantics disregards the role played by time. In

Table 2.6: Number of meters with the 1-2-2 Factor

1-2-2 Factor Meters

1-2-2( 1) 1,154,054
1-2-2 ( 2) 1,091,334
1-2-2( 3) 1,038,337
1-2-2 ( 4) 981,420
1-2-2( 5) 915,441
Faulty ( 1) 23,752

Total 1,239,977
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Table 2.7: Proportion of real vs. adjusted measurements (with the 1-2-2 Factor)

Type # of Readings

Real 8,185,163 (69%)
Adjustments 3,671,419 (31%)

Total 11,856,582

particular we found out that the time at which each reading is taken can vary
wildly between di erent devices and even between successive readings of the same
one. Figure 2.1 exempli es this phenomenon. The-axis represents the di erence

in consumption, in terms of cubic meters of water, between two subsequent read-
ings enjoying the 1-2-2 Factor, while on the/-axis we can see the time intervals
(measured in days) between two subsequent readings with the 1-2-2 Factor.

Figure 2.1: Time intervals vs di erential water consumption (two consecutive read-
ings)

Looking at the y-axis we can see that there are a number of readings that
are extremely separated in time. This is so extreme that even if we considered
them valid it would take years to have more than one reading. In any case those
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are suspect as the Italian law prescribes at least two or three readings per year,
depending on the type of use. We also see some outliers when it comes to the
di erence in consumption. Those may depend on a series of factors according to
the company, such as the necessity to reset them to 0 (hence the points that lie on
y = 0 as the operation is registered immediately), which we were not interested
in, however. All these considerations pushed us to reconsider the semantics we
previously de ned and to introduce additional constraints to guarantee coherent
readings when it comes to consumption and time.

A reading is to be considered valid only if all the following requirements are
satis ed:

(i) a human operator has read a certain reading value at the reading site.

(i) that reading value has been correctly recorded onto the company ERP and
billed to the client

(ii) time and consumption di erence with the previous reading, following rule 1
and 2, are what we can considered coherent.

For the sake of simplicity, we will call this enhanced semantics as thé-Factor.
Notice that the enforcement of the X-Factor to our initial dataset makes the num-
ber of valid readings fall down to less than two million. On this reduced but clean
dataset we trained the model described in the next Section.

2.1.4 Model Description

We designed a deep neural network speci cally for our task. Figure 2.2 contains a
schematic representation of it. The architecture is characterized by the presence
of two parallel branches that are responsible for processing and extracting features
from the time-series data for consumption and the categorical attributes for each

meter. The model was implemented using thKeras library that is built on top

of Google'sTensor ow framework for deep learning [50, 51].

The time-series branch uses a recurrent neural network, speci cally the Gated
Recurrent Unit (GRU) variant, followed by a fully connected layer with ReLU
activation [52, 53]. The choice of a RNN allows the model to process an arbitrary
number of readings without any problem (apart from the necessity of padding)
but we soon realized with the company that requiring more than 5 readings makes
the model di cult to put in production. The categorical branch instead features a
simple stack of fully connected layers, also with ReLU activation, that takes in the
one-hot encoded vectors. Both branches feature a dropout mechanism to avoid
over tting [54]. The output tensors of the two branches are then concatenated
into a single one that goes through a nal dense layer of the same size before the
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nal binary output that computes the classi cation probability with the softmax
function. The model is optimized using stochastic gradient descent (SGD) applied
to the binary cross-entropy loss.

Figure 2.2: Schematic representation of the arti cial neural network we designed.
The top branch (in yellow) processes the time series for water consumption. The
bottom branch (in blue) processes the categorical attributes. The resulting features
are concatenated before the last layer.

As already seen in table 2.6 the dataset is highly imbalance as the fault we are
trying to detect is, fortunately, quite rare. This is a common problem in this kind
of scenario. We addressed it by oversampling the minority class using synthetic
data created with the algorithm SMOTE-NC [55, 56]. This is a variant of classic
SMOTE that can deal with categorical data as well. We used the area under the
Receiver Operating Characteristic curve (AUC-ROC) as the performance metric
to report results and compare di erent models during development [57].

2.1.5 Results

We trained the model with meters whose readings, following the semantic of valid-
ity, were taken in the period from the beginning of 2014 to mid 2018. The dataset
comprised around45; 000 non-faulty meters and aroundl5; 000 faulty meters. As
anticipated, to help in the learning process, we used SMOTE-NC to over-sample
the faulty water meters in the training achieving a balance between the classes.
One tenth of the data was used for validation and one fth for testing.
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Training and validation performance for our neural network is reported in
Table 2.8, showing results using at least a certain number of readings for each meter
(from 2 to 5). With an AUC score ranging from0:82to 0:88in the validation phase
we can con dently consider our experiments successful. The company deemed the
models working with devices with at least 2 or 3 readings the most appropriate.
These struck a balance between accuracy and usability, given the time necessary
to accumulate 4 readings or more can be too long. Following this, we performed
an additional and nal testing experiment on a new testset with around30; 000
devices with new readings with the X-Factor gathered in from the middle to the
end of 2018. The test yielded an AUC score 6f86 and 0:89, using 2 or 3 readings
respectively, con rming the e cacy of our model and semantic.

Table 2.8: Validation and Testing performance for the neural network model with
di erent number of readings as inputs.

Input Readings AUC (validation) AUC (test) Additional Test

2 0.90 0.82 0.86
3 0.93 0.85 0.89
4 0.95 0.87
5 0.97 0.88

Additionally, we have conducted a comparative analysis with some common
machine learning algorithms. This is important as arti cial neural network are
known to be under-performing on tabular data, which part of our dataset is, even
though this is mainly true for smaller dataset [58, 59]. We experimented with
all the following traditional learning algorithms, implemented in the open-source
library scikit-learn  [60]:

" Linear Regression (LR),

" Lasso (LA),

" Elastic Net (EN),

Classi cation and Regression Tree (CART),

K-nearest neighbors (KNN),

Adaptive Boosting (AB),

" Gradient Boosting (GB),

" Random Forest (RF),

Multi-Layer Perceptron (MLP, with one hidden layer with 100 neurons).
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The bar plot in Table 2.9 shows the AUC scores for each of these models, to be
compared with our deep neural network (DNN) with 3 readings in the rightmost
bar. Some models, like the GB and MLP ones, get close tda80 score, which we
could consider acceptable. Nonetheless, in this speci c application deep learning
seems to be the way to go, with results that are consistently higher.

Table 2.9: AUC scores for di erent machine learning models against our neural
network using 3 readings

Model LR LASSO EN KNN CART AB GB RF MLP DNN
AUC (test) 0.79 0.78 0.65 061 0.66 0.67 0.80 0.79 0.79 0.85
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2.2 Making Categorical Data Helpful

Although the company deemed the results shown in the previous section satisfac-
tory, we wanted to extend the collaboration and further validate our methods with
new additional data. Thus, they provided us new dataset pertaining a di erent
group of water meters with at least 3 readings that follow the semantic we de ned.
It contained 17, 714 devices, of whichl5; 652 were non-defective and; 062 were
defective.

The company informed us that the process behind the labeling of faulty de-
vices was slightly di erent this time, without going into much detail. However,
the change was transparent to us as we still got a binary ag for good and bad
samples. Still the performance might have been a ected by this change.

We found that our model best model, retrained on this new dataset was under-
performing, with an AUC score of0:78. Trying to understand what could have
gone wrong, we noticed that removing categorical data altogether from the inputs
actually resulted in performance closer to the original experiments. Consequently,
we hypothesized that the problem lies with the so-called curse of dimensionality,
as categorical attributes are one-hot encoded and result in a total of 205 additional
dimensions.

In this section we describe how we tried to leverage this additional informa-
tion in order to further increase performance, rst trying dimensionality reduction
techniques and noticing the Pareto-like distribution of data and nally using a
non-traditional approach consisting in using the categorical attributes as Iters for
di erent models.

2.2.1 Dimensionality Reduction

Our dataset contains both categorical and numerical features. Most machine learn-
ing algorithms are estimated through the optimization of a real-valued function in
a continuous space and thus can directly work on numerical data as they are (or
at most some preprocessing is required for numerical stability).

Categorical variables on the other hand do not clearly translate to real-valued
space where a function can be optimized and usually require some special treat-
ment. The most common approach is called one-hot encoding and consist in cre-
ating a n-dimensional vector wheren is the number of categories for each feature.

It is easy to see how the size of this vector can grow very fast, making the
solution space very big and sparse, and possibly damaging the performance of
a model [61]. The problem of exploiting categorical variables while avoiding or
mitigating this downside is common to any machine learning approach and is



2.2. Making Categorical Data Helpful 23

actively studied with many di erent techniques used to address it [62 64].

All of them follow similar ideas of generating new features that encapsulate the
information of the original high-dimensional representation but in a more compact
space. These new features should be as few and uncorrelated as possible, while
providing most of the information contained in the original data. Hopefully the loss
of information given by the procedure is balanced by the increased performance of
the resulting model that can be more easily t to the dataset.

Commonly used for numerical data, Principal Component Analysis (PCA) is
the most famous technique for reducing dimensionality [65]. It re-projects data
points in a new, smaller, space determined by the largest eigenvectors that account
for most of the variance in the data, making it mathematically similar to singular
value decomposition (SVD). The same idea applied to categorical data is called
Multiple Correspondence Analysis (or MCA). Essentially, it performs the same
re-projection using SVD but working on a contingency table [66 68].

A generalization of MCA is CATegorical Principal Components Analysis (or
CATPCA) which however is equivalent in the case of one-hot encoded variables
like our own [69].

Dimensionality can be also reduced through Multi-Dimensional Scaling (MDS)
technique. MDS aims to represent observations in lower-dimensional metric space
while trying to reproduce the original distance between them in best way it can
using a non-linear transformation [70, 71].

Using a latent variable model, some researchers try to nd groups and clusters
in latent space and use those as features for classi cation [72 74].

In our case however we would expect our neural model to do this implicitly
and train a new latent variable model would incur in the same problems. A
simple, yet crude, way to reduce the number of dimensions in certain situations
it the technique called Binning. As the name suggest we can group categorical
attributes in bins that share common characteristics, with the classic example
being age brackets [75]. The other common scenario is to create a category for
uncommon values. Obviously, this method is quite a lossy process and the decision
to group certain values together should be informed by domain expertise or some
mathematical analysis. However, if the information loss is relatively small it can
be a good solution. A similar operation is often done for numerical data and is
called Censoring.

As we will see in the next section, classical methods did not seem to provide
any advantage in our case. Thus, instead of using categorical features as input to
the model we employed them as a driver for data selection, thus eliminating, from
the start, the need for a dimensionality reduction of the categorical space. The
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resulting models have a narrower scope but combined together they yield a higher
accuracy.

2.2.2 Pareto Distribution of Data

To investigate the di erence in performance between the model with and without
the categorical data we started by plotting the distribution of values for each
categorical attribute.

In Figure 2.3, we can see four histograms showing the distribution of values for
each categorical variable in our model, which we will call A, B, C, and D. These
can take, respectively 98, 45, 48 and 14 dierent values. For each categorical
variable, we have a dotted curve with the cumulative percentage distribution of
those n values over our devices. For the sake of conciseness, the gure only shows
the distribution for defective devices as the respective histograms for non-defective
meters would show very similar results. It is quite evident that the shape of the
distribution for all the categorical variables in the dataset is that of a power law,
commonly known as a Pareto distribution [76].

The popular principle connected to this type of distribution is that 80% of
the population exhibits only 20% of the possible values, while the remaining 20%
features the other 80%. In other words, a few values are highly representative
of the whole group while the majority is quite rare. In the general framework of
power-law distribution the actual values can be obviously di erent from 80 and
20. In our case we see that around 90% of the dataset is covered by around 20%
of the attributes.

Table 2.10 summarizes this nding reporting the total number of values and
the amount necessary to cover the majority of the dataset for each categorical
variable.

N. of Meter Devices

Variable N. of Values Most Frequent
Defective Non-defective

A 08 23 (23%) 1855 (90%) 13474 (86%)
B 45 7 (16%) 1854 (90%) 13707 (88%)
C 48 11 (23%) 1889 (92%) 13369 (85%)
D 14 3 (21%) 1945 (94%) 13963 (89%)

Table 2.10: A quasi-Pareto distribution of the categorical characteristics
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Figure 2.3: Histograms of value counts for each categorical variable
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2.2.3 Results

In this section we report the results from the initial tests we conducted and the
subsequent experiments where we tried reducing the dimensionality with the tech-
niques described before. Table 2.11 lists the size of the categorical space and the
performance of each model. The dataset used for all models discussed here used
2062 defective meters and 15,652 non-defective meter.

Table 2.11: results for the four experiments with categorical data

Exp Dimension AUC-ROC validation AUC-ROC testing

#1 0 85% 86%
#2 205 78% 83%
#3 128 73% 81%
#4 48 76% 85%

In the rst experiment the input included only the numerical values of the
readings without any categorical attribute. Instead, in the second experiment we
used both the readings and the categorical values mentioned above (A, B, C and
D) transformed with one-hot encoding.

In the third experiment we tried reducing the dimensionality with PCA [65].
Using it on one-hot encoded data makes it equivalent to MCA. We selected the rst
128 principal components, which accounted for approximately 90% of the variance
in the dataset.

Lastly, in the fourth experiment we tried employing binning. The size of the
bins is informed by the analysis described in the previous section. The resulting
categorical space given by one-hot encoding has 48 dimensions in total: 44 given
by the sum of the most frequent categorical values plus 4 for the other bin added
for each categorical feature.

Unfortunately, none of the techniques we tried was e ective in increasing the
performance of the base model with no categorical attribute. Binning is slightly
improving the situation in testing but not in training while PCA seems to be
damaging in every situation. Since the domain experts in the company believed
that these attributes should contain some useful information that we could exploit
we decided to try a completely di erent approach before giving up on their use.

2.2.4 Using Categorical Data as a Filter

Since using categorical data as additional information to provide to the model did
not seem to be helpful in this situation, we wanted to try another approach to
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the problem, considering also how the resulting model could be included in the
company processes.

Our idea was that of using the categorical inputs as Iters for the dataset
rather than inputs. We can create datasets that contain only devices featuring the
most frequent values for a certain categorical device and train di erent models for
each of them. These models would be less general but hopefully more accurate
in that speci c cases. When the inputs do not fall in the ltered categories we
considered then we can just fall back on the general model.

Table 2.12 shows the results of these models trained on the Itered dataset
according to attribute A, B, C or D, which we called respectiveN\DLM », DLM g,
DLM ¢, and DLM p.

Table 2.12: Validation and test result for the four attribute-speci ¢ models

Model AUC validation AUC test

DLM 4 0.87 0.88
DLM g 0.87 0.87
DLM ¢ 0.86 0.88
DLM p 0.87 0.87

The resulting models from this procedure can also be used together, in an
example of what are called ensemble methods and in particular of the bagging
technique [77]. The predictions from the models can combined by majority voting
or simply averaged. This approach can be used for example whenever we have a
device that possesses the characteristics of all the four models together. Obviously,
this can work only for a limited quantity of meter devices, yet it could provide ner
predictions, whenever applicable.

Table 2.13 shows the results the performance obtained by combining the pre-
dictions on the test set from the four models and using the voting strategy. This
applies to the intersection of the four groups which counted 2304 non-defective
devices and 313 defective ones. As shown, we have an improvement in AUC-ROC
that increased to the value of 90%.

Table 2.13: Testing results using an ensemble made from all the categorical models

Model PPV NPV TPR TNR F1(P) F1(N) Acc. AUC
DLM/Bagging 65% 96% 61% 83% 63% 95% 91% 90%
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2.2.5 Comparison with Other Methods

Like in the previous section, we wanted to compare the model with other machine
learning algorithms that could perhaps work better on the tabular data. We used
the implementation available in the python library scikit-learn, using the default
parameters for each of them. The methods used are SVM, CART, GB and RF. The
last two especially seemed to be the best performing in the previous experiment
and are known to be good for this type of data. Table 2.14 shows the results.

Table 2.14: Results for di erent machine learning algorithms

Model AUC validation AUC testing

SVM 0.69 0.80
CART 0.65 0.73
GB 0.72 0.89
RF 0.78 0.89

All methods seem to have di culties learning in this context, but we can
see that Random Forest has almost the same performance as our neural network.
Surprisingly, they score even higher in the testing dataset which could be an artifact
of the dataset itself. Since it was sampled from the company, we unfortunately
have no way of knowing if the process was biased. When we performed a cross-
validation experiment, however, AUC scores showed a high variance for RF that is
not present for the neural network, thus we can conclude that our model is more
robust.



2.3. Integrating Al in a Human Decision Process 29

2.3 Integrating Al in a Human Decision Process

In this section we discuss how our model can be integrated in the existing hu-
man processes that are already established in the company. Those consideration
arose at the end of our collaboration, when we suggested a few modalities of use
of such models. While the details may only apply to this speci c instance of ap-
plied machine learning the general idea can be carried over to other contexts in
which a decision must be made and that present imbalance in the dataset and an
asymmetry in the importance of certain mistakes over others.

2.3.1 Decision Thresholds in the X-Factor Model

In the previous section we have shown how, with the help of human experts in the
company, we created a usable dataset starting from a huge database of readings and
attributes created for accounting purposes and then used it to train a deep learning
model that was able to detect the type of faulty devices the company was looking
for. Now we will discuss how this classi er relates to the established processes in
the company and how it integrates into those depending on the decision threshold.

Let us start by describing how the company dealt with the problem before (to
the best of our knowledge as not many details were provided for obvious reasons).
The rst step is the compilation of a list of candidate faulty devices by looking at
their consumption history. This is done with a heuristic that considers the presence
of a series of consecutive readings indicating null consumption, usually two or three.
At that point, a manual process starts where analysts will manually sift through
the candidates to select the devices that will be checked in person by technicians
and eventually replaced if needed. Null or decreasing consumption could be due
to other things obviously. Sometimes is possible to combine multiple data sources
together, like natural gas consumption if the client receives both, to compare the
values and exclude false positives. However, not every device is replaced due to
multiple business and practical reasons (e.g., meter is inaccessible, replacement
is too costly at the moment, etc.). To give some perspective on the matter here
are some statistics we received based on the estimates the company makes: Every
year, on average, around0, 000devices are considered faulty candidates; of those,
almost 5; 500are shortlisted after checks mentioned above, while arourdgi500are
nally replaced.

Now as an example let us consider the model and test dataset described
in section 2.1.2, containing around0; 000 devices with readings collected in the
period mid 2018 end 2018. Of thos80; 00Q 6; 652devices were suspected as faulty,
while 22,634 were labeled as non-faulty, as stated by the company. Remind our
classi er was able to make predictions in that context with an AUC score d.86.
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Without considering anything but performance metrics, we could set the decision
threshold to 0:46, the one that minimizes the number of both false negatives and
the false positives, selected using the intersection point shown in Figure 2.4 and
make errors as those exempli ed by the confusion matrix of Figure 2.5b.

Figure 2.4: False positive rate and false negative rate depending on the choice of
decision threshold

Using this model, the company could decide to ignore the devices predicted
as not faulty (20,513 and either change all the ones predicted as faulty, knowing
that half of those could be actually working correctly or instead check on them
manually using procedures similar to those already in place, with the added bene t
of having save the time necessary for creating the shortlist. The rst road is only
viable if replacement is not costly. While we do not know for certain, we can
imagine is not desirable for the company.

The second road instead would make them work d) 773 meters, for just six
months, when they usually deal with only5; 500 shortlisted devices every year,
making it hardly justi able. Additionally, with optimal threshold we would
have 1,937 faulty meters that are not detected. We do not know the cost of
false negatives for the company but moving the decision threshold towards the
direction of minimizing their number, for example with a value oD:3 as in Figure
2.5a, would have the e ect of decreasing the number of faulty meters that are never
detected down to443while also yielding an overwhelmind.8, 509 water meters to
be replaced or veri ed.
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The mathematical optimum in this case is not aligned with the most useful
action for the company as the value of a classi cation error is not neutral [78].
Integrating their perspective into the process we can instead set a higher threshold
using a value like0:65 as shown in Figure 2.5c. This approach would result in a
number of suggested faulty meter df; 680 which is way closer to the actual number
of meters that are replaced by the company with their heuristic manual method.
However, we can do this without losing time on heuristics, shortlisting and any
other further check. There is small cost in replacing relatively few2q) working
meters which presumably do not constitute a problem. On the other hand, this
strategy is potentially missing on a certain number, perhaps considerable, of faulty
devices. To mitigate this, it would also be possible to nd an additional threshold,
slightly lower than 0:65, and manually check on those devices which are above
this new value but below the former. This threshold could be chosen so that the
expected fraction of previously false negative devices to check manually is around
the numbers the company can already manage.

2.3.2 An Improved Strategy with the Categorical- Itered
Model

When considering the new development described in Section 2.2 and the conse-
guent models trained on each categorical attributes the ideas from the previous
sections still stand. On the practical level things would only get a bit more con-
voluted.

1. We should rst consider if a device possesses the categorical characteristics
of either the variable A, B, C or D.

2. If that is the case, we can make a prediction using the corresponding model
(either DLM A, DLM g, DLM ¢, or DLM p).

3. Ifthatis not the case, we can fall back on the generic model with the X-factor
and only consider the time series.

However, it should be noticed that the likelihood that a device does not possess
any of those characteristics, at least in the context of the dataset we have studied,
is quite low, i.e., belowl0%on average, as our Pareto analysis has demonstrated.
Anyhow, the use of multiple models at the same time, with some strategy to com-
bine their predictions has the potential to make the model even more performing
as section 2.2.4 showed.
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(a) Threshold =0:3 (b) Threshold = 0:46

(c) Threshold = 0:65

Figure 2.5: confusion matrices for di erent threshold

2.3.3 AUC Scores and the Best Model

There is one element we did not consider in the previous discussions of thresholds
and performance which is linked to importance, or cost, of certain decisions or
classi cation. In particular, the cost of each mistake and the utility of each correct
answer may not be equal. In the case of binary classi cation, like the one we are
facing, there are only two types of mistakes: false positives and false negatives.
The risk connected to those two may very well be unequal, but the company did
not disclose any details about it at the time of our collaboration. However, we can
give a theoretical overview of how to integrate this additional constraint in the use
case we described.

The technique comes from the union of decision theory from machine learning
and expected utility theory from the eld of economics [79, 80]. We can start by
associating and score to each of the four quadrants in the confusion matrix that
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correspond to the utility or cost of that type of outcome. We can assume that
correctly identifying a faulty meter has a high utility if the fault makes the company
lose a lot of money; conversely, the cost of sending technicians and eventually
replacing a non-faulty device could be higher and undesirable. The nice thing
about this approach is that those scores can be totally arbitrary and also adjusted
independently of the classi ers being used.

Once we de ned our utility scores, we can combine them with the prior prob-
ability of each classi cation outcome. This quantity can be simply estimated by
considering the number of faulty devices over the total.

rp = _N .
PN+ P’
We end up with the following formula for expected utility:

=1 rp (2.1)

E[U]: Utp TPRrp+u|:N (1 TPR) rp+U|:p FPR M+ Urn (1 FPR) M (22)

Finally, using the equations below we can obtain a set of lines in the AUC-
ROC space that correspond to the same level of expected utility, with slope and
intercept b. At the intersection between the ROC curve and the line corresponding
to the highest expected utility we nd the best classi er according to our needs
even if it may be one with a lower overall AUC score.

TPR=m+ Uy FPR+D (2.3)

Urn  Urp  TI'p
= — 2.4
urP UEN 1y (2.4)

— E[U] Uen 'y Urn In

b (2.5)

Urp  Upn Tp

Notice how only the intercept is related to the value of expected utility while
the slope entirely depends on the prior probabilities and the utilities scores. In a
visual way we can imagine the common ROC graph with the curve corresponding to
a classi er. Using these formulas, we will have a series of lines with the same slope
m corresponding to di erent levels of the same expected utility that intersect our
curve at speci ¢ points. At those points we can nd the classi cation thresholds
that correspond to that expected utility. The intersection point with the line with
highest intercept represents the threshold for that maximizes utility. Moreover, if
we have more than on classi er, we can plot the ROC curve for both and select
the one that gives us the best utility level, even if the absolute value of the AUC
curve is less or equal.
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2.4 Conclusion

We described the results of a year-long collaboration with an Italian utility provider

that operates in the norther part of the country. The project focused on the

creation of a predictive model that would be able to identify water metering devices
with a particular type of fault before it resulted in a complete stoppage of the
appliance.

Section 2.1 documents the rst experiments we performed and describes the
important process behind extracting a proper dataset from the company billing
database and the de nition of a semantic of validity to enable us to clean up all
the impurities it contained. This process would have not been possible without
a collaboration with the domain experts working the company at various levels.
Administrative knowledge was necessary in order to understand which attributes
and rows to keep from the database. Technical expertise on the other hand was
important in selecting the appropriate features that could be connected to the type
of fault we were trying to model. This is a perfect example of the human-in-the-
loop design process this thesis wants to portray and the increase in performance
perfectly answerdResearch Question #1 : The integration of human expertise is
the crucial element in improving the performance of our model, guiding the choice
of models and, more importantly, shaping the dataset so that it contains only the
information that is most relevant to the learning algorithm.

In Section 2.2 we saw how in an additional experiment at the end of the col-
laboration project we had to deal with the very strange case of categorical data
negatively a ecting the performance of the model. Answeringresearch Ques-
tion #4 , this time data visualization was the key to understanding the nature
of categorical data, which appeared to be following a Pareto-like distribution.
Together with our intuition of data scientist pointed us in the direction of dimen-
sionality reduction techniques to address the problem. Unfortunately, the classical
approaches would not yield any signi cant advantage but trying the unusual ap-
proach of using categorical data as a sort of lter to split the dataset and train
multiple proved successful and opened the possibility for a new way of interacting
with the model through the use of multiple combined models.

The theme of how to interact with this classi cation model are discussed
in Section 2.3, where we showed how there are various way the company could
integrate our model in their decision process. Our collaboration terminated before
we could see how this turned out so we can only speculate on what strategy would
be in their best interest. Nonetheless, the conclusion we draw are quite general
and can be applied to any situation in which there is a classi cation model to
be inserted in a decision process. In particular we have seen how, the choice of a
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decision threshold that is not the mathematical optimum may be a better choice for
the company as it more easily aligns with their already established practices. This
relates to Research Question #2 . Moreover, we can notice how if the model is
developed as a support to humans, rather than a substitute, a strategy could also
be that of using the model classify the more obvious (as in the outputs with higher
probability) data points while leaving a certain amount to be manually checked.
On similar note, relating to Research Question #3 , we also show how the metric
we used, the area under the ROC curve, can be misleading in situations where the
outcomes of classi cation are not equiprobable, and mistakes have di erent real-
world costs associated to them. We propose a way of addressing this by using a
technique coming from economics called expected utility which can be combined
with then ROC curve to select the best model beyond the single AUC metric.






Chapter 3

Remote Sensing for Archaeology

In this chapter we will explore a completely di erent eld of application, archaeol-
ogy, tackling a task known as remote sensing. In simple terms, it consists in nding
potential sites from satellite images. While very far from the application in the
previous chapter, this project still evokes the same concepts of human-in-the-loop
design and data-centric considerations on the quality and meaning of our training
samples.

In particular, we had to deal with a dataset that was, once again, not built
purposely for machine learning and with the added problem of a small number of
labeled examples (few hundreds to a few thousands). Furthermore, this labeling
tended to be quite imprecise, in a way that is not problematic for the manual
work of humans but that can compromise the training of a model. Involving
archaeologists was thus important from the start to understand how to treat the
few examples we had, and, more importantly, what to consider as a negative
example in a supervised learning setting.

Moreover, once a model was trained we needed their help once again as the
evaluation procedure in this context is more complex than in other settings. In
fact, the area the model should be used on is the same area where the examples
come from and there is a considerable chance that some potential sites were indeed
missed by previous surveys, especially given the size. In the event the model
predicts something as a new archaeological site, then we have to decide whether
it is a mistake (as an automatic testing procedure would) or if it is indeed a new
site.

In the next section we will start by going over some background information
and relevant research. Section 3.2 will describe the rst attempt to solve this
problem with a small dataset coming from theQADIS project and using a tile

37
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classi cation approach. Section 3.3 will instead show a second attempt based on
semantic segmentation models using a bigger dataset resulted from the FloodPlains
project. Finally 3.4 concludes the chapter.

3.1 Background

We collaborated with colleagues from the department of archaeology that work in
huge areas in the Near East [81 83]. Their interest in is a particular type of ar-
chaeological sites calledell which is prominent in oodplains like Mesopotamia.
The Arabic word Tell literally means hill and indicates a strati cation of build-
ings mostly made of mud-bricks and debris that, over time, resulted in an actual
arti cial hill. Given the nature of the Mesopotamian oodplain, these elements
tend to emerge visibly from the landscape and to be recognizable from satellite im-
agery. The shape, size and color can vary considerably, but they generally present
an elliptic form with red and brown hues (as they are composed of clay).

These archaeologists’ work ow involves a phase of remote sensing in which
part of the large investigation area is surveyed through satellite or aerial imagery,
often coming from multiple sources, and combined with old maps and reports, with
the goal of spotting the contours of candidate sites and pinpointing their location.

Remote sensing can refer to any techniques and technology that involves the
use of data gathered by sensors or cameras mounted on satellites or aircraft or
various nature. These data can then be used to learn something about, or monitor
the state of, some points of interest. This can range from keeping track of forests'
growth or consumption, to the movement and size of glaciers, to even identifying
pools in a neighborhood, or looking for archaeological sites, like in our case [84 89].

The emphasis on data beyond common optical imagery is due to the wide
range of sensors that can be employed to highlight di erent properties of the target,
like temperature or chemical composition, for example. This hyper-spectral remote
sensing can be used in archaeology to help highlight sites that may appear more
clearly in other parts of the electromagnetic spectrum [90, 91]. There is also the
possibility of working with three-dimensional data collected by LIDAR technology.
This requires collecting point cloud data through drones that y at low altitude.
The end results can be extremely precise, but are obviously not as easy to obtain
as simple 2-dimensional photos collected by satellites [92, 93]. The analysis of all
these sources of data was commonly carried out by a human expert, who knew
what to look for and where, as computer vision solutions were not always viable.
Doing all of this manually is obviously time-consuming but is also very important
to the preparation of a mission in a faraway country that can last weeks. The recent
development of deep learning for computer vision however is changing the scenario
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and we now see automatic classi cation, detection and segmentation models based
on neural networks [94]. In this context, our collaboration wanted to investigate
the possibility of automating this process and to study with what accuracy a
system would be able to perform the same task when provided with similar satellite
imagery.

Contrary to what one could expect the archaeologists explained how the most
valuable thing for them was not achieving high accuracy but rather the consider-
able time savings. This is because the points of interest that they nd through re-
mote sensing are checked and discussed by humans anyway before deciding whether
to actually visiting them or not. A system like this could speed up the discovery
phase and let them concentrate on the decision making. Additionally, the num-
ber of sites in these regions is so high that the fact of missing some of them is
not considered an issue. Since the prediction would be reviewed by the domain
experts in any case, overtime the system could be retrained with an ever-re ned
dataset and become even better. All this makes our task a perfect application of
human-in-the-loop machine learning.

In next sections we will describe how we used the same satellite images used
by our fellow archaeologists (other data sources like maps and old aerial photos
were too low quality compared to our inputs to be combined) and approached
the task using classi cation and segmentation techniques as seen in the literature.
Also, given the size of the dataset and the limit of our computational resources,
transfer learning was an important part of these project.
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3.2 Tile Classication Approach for the QADIS
Project

This section details the rst approach we tried in our collaboration with the ar-
chaeologists. At the time our colleagues were working on the QADIS project,
surveying an area ofl; 830km? in the Qadisiyah region in Iraq [95, 96]. The next
section details the dataset they provided and the system we designed for the task.
After that we discuss how we envisioned a possible interaction between the domain
experts and the model.

3.2.1 Dataset

For these experiments, the archaeologists provided a small dataset of shapes cor-
responding to 145 con rmed sites they surveyed. Additionally, we had the shapes
for 21 areas found not to be actual sites, for a total of 166. They also provided
a set of 415 points coming from a previous survey by Adams [97].We decided to
not consider those however, as they lacked the shape information contained in the
others making it di cult to assess their size without visual inspection. Figure 3.1
shows the investigation areas and all the sites.

Starting from the satellite photos, coming from ESRI, and the shapes we
were provided with we rst de ned a rectangle to inscribe the QADIS area. This
rectangle was then divided into tiles, corresponding to images 299 299 pixels,
preserving their native resolution and roughly corresponding to an area of almost
180 180 meters. Examples of this tiles are shown in Figure 3.2. Not to lose
any information, we also used a kind of intermediate tile, between two consecutive
tiles, essentially obtained shifting the window by half a tile, when we extracted
the images. All this resulted into a set of approximatel80Q 000tiles. The choice
of size is dictated by the use of a pretrained model we will discuss later.

To be considered is the fact that while the number of tiles in this dataset is
huge, it is also extremely skewed in favor of tiles representing non-sites: in fact,
the number of tiles that could represent true sites is jus8; 280 To be noticed,
again, is the fact that these3; 280 refer to tiles that can also have almost a null
intersection with a true site (that is, they overlap just for a very small portion with
a true site); hence making the validity of the information contained in that tile
arguably signi cant. To alleviate this problem, we selected tiles as representative
of true sites, just in these two cases:

(i) they overlapped with true sites for a geographical extension of at least 10%
of their area,

(i) they overlapped with true sites for an extent of at least 30%.
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In the rst case, we got some2; 211tiles, while in the second case we got some
1597 tiles out of the total amount of3; 280tiles. These tiles represented the positive
examples on the basis of which we constructed our datasets for training our deep
learning model. To the positive cases, we added some negative cases (non-sites)
to get two well-balanced datasets, respectively constructed df422 and 3;194
examples. Those were randomly selected from tiles that had no intersection with
the sites as suggested by the archaeologists.

Figure 3.1: The investigation area for the QADIS project. Yellow dots correspond
to the sites we used in the training set. Blue dots are the 21 sites that were
mistakenly identi ed as such. Red dots are the 415 sites by Adams that we did
not use as they did not come with a shape.
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Figure 3.2: Example tiles from the dataset.

3.2.2 Model

Given the very small size of our dataset we considered the uselainsfer Learning

as a viable strategy to adopt in our context. The basic idea is to start from a
deep learning model that has already learnt how to classify images, and then to
specialize it to deal with our tiles [98, 99].

To this aim, we exploited the Google'dnception v3 model, made available

for use as a pre-trained tool in the Keras library [100, 101].We used Inception as a
feature extractor, with its weights (learned from the ImageNet dataset) frozen, by
removing the classifying head and then replacing it with the new neural network
to be trained. The model was trained for 10 epochs, as increasing the number of
epochs yielded no signi cant di erence when we came to the results. Not only,
also class weights were employed (0.3 for non-site and 0.7 for sites, respectively),
in an e ort to help the model avoid mistakes on the positive cases.
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Finally, in the hope of helping the model learn a more general representation,
as well as to avoid over tting, we also resorted to a data augmentation procedure
that randomly applied a set of general geometrical transformations to all the im-
ages on a given batch. In this context we want to learn invariant representation
to things like rotation and mirroring as they do not change the appearance of a
site. Other popular transformation includes slight shifts in attributes like bright-
ness, contrasts or in the color space. For this experiment, we resorted to the data
augmentation procedures provided by the Keras library.

3.2.3 Results

First, we trained four models, combining two types of overlap rule (10% and 30%)
to a di erent ratio of positive to negative examples (1:1 and 1:2). After that we
tried two more variations: adding a larger context to the inputs and using a more
aggressive data augmentation.

The AUC accuracy prediction scores for the hold-out test set (20% of the
total) are shown in Table 3.1 and are mostly in the neighborhood @60. Model
2 achieves the lowest a0:55, while Model 3 is the best one, with &:63 These
poor performances were somewhat expected given the di culty of this task and
lack of data. Nonetheless, we can conclude that a more conservative overlapping
rule gives better performance overall and that the 1:1 ratio is consistently better,
albeit slightly. Additional development led us to Model 5 and 6, documented in
Section 3.2.5, showing an improvement with scores @65 and 0:71 respectively.

Table 3.1: Classi cation performance for the 6 models we tested.

Model Type Overlap AUC Score (test)
1 1:1 Ratio 10% 0.61
2 1:2 Ratio 10% 0.61
3 1:1 Ratio 30% 0.61
4 1:2 Ratio 30% 0.61
5 Parallel 30% 0.61
6 Aggressive Augmentation  30% 0.71

3.2.4 Using Prediction Heatmaps

Even if the general AUC metrics were not well promising, we decided to take
the output from Model 3 and to overlay them to the geographical site map in
order to print a pictorial impression of how the predictions came distributed over
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a real map. In spite of the numerical results, in fact, our intent was to check
if (at least visually) the predictions returned by the model could still point the
user in the right direction, by highlighting a particular spot on the map. The
following pictures (Figures 3.3 to 3.6) show an example area from the map and
were produced by overlaying the predictions returned by Model 3 on the QADIS
area map, using the software QGIS.

In particular, Figure 3.3 represents our starting point. The tiles in yellow
should be predicted as sites, while those in blue as non-sites. Figure 3.4 should
resemble a classical heatmap, where the more yellowish are the tiles, the higher is
the associated probability they should represent (a part of) a true site, as predicted
by the model (low probability zones are made transparent).

Figure 3.3: Ground Truth from the testing examples. Blue tiles are negatives,
yellow are positives. Green contours are know sites, red are known non-sites.

Figure 3.4: Prediction heatmap from the model. Dark colors corresponding to low
scores are also made transparent for visualization sake.
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