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As mudanças climáticas e o aquecimento global têm sido um tema discutido em
todo o mundo desde a conferência Eco-92. Entretanto, poucos avanços na redução
das emissões de gases de efeito estufa (GEE) foram verificados até agora. Os proble-
mas e desafios relacionados às emissões são complexos e exigem um esforço comum
e amplo para serem enfrentados. O Relatório de Emissões é um dos aspectos cen-
trais nas políticas de redução de emissões de GEE e, por isso, é o foco do presente
trabalho.

Este trabalho apresenta um método para explorar, agrupar e analisar dados
de iniciativas de registro de emissões. Utilizando tecnologias de inteligência artifi-
cial, conceitos de indicadores de desempenho e abordagens de análise qualitativa,
o método proposto é implementado através de um processo de desenvolvimento de
indicadores de performance (PIDP), cujo objetivo é o de procurar por indicadores
de performance entre os dados provenientes de bases de dados de emissões.

Durante a execução do PIDP, os resultados indicaram que um novo modelo para
tratar os registros de emissões era necessário. Assim, esse trabalho propõe um novo
modelo de avaliação de processos relacionados ao registro de emissões implementados
pelas cidades, e que é baseado em conceitos herdados do modelo de maturidade de
capacidade (CMM). O objetivo principal deste modelo é prover orientação a essas
cidades ao tratarem com os desafios de redução de emissões através do melhoramento
dos processos e áreas relacionados ao registro de emissões.

Ao longo deste estudo, esse modelo e como ele pode ser utilizado no contexto das
tarefas de registro de emissões será descrito em detalhes, assim como os experimentos
e outros resultados obtidos durante o seu desenvolvimento.
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Climate change and global warming have been a trending topic worldwide since
the Eco-92 conference. However, little progress has been made in reducing green-
house gases (GHGs). The problems and challenges related to emissions are complex
and require a concerted and comprehensive effort to address them. Emissions re-
porting is a key component of GHG reduction policy and is therefore the focus of
this work.

This work presents a method for examining, clustering, and analysing data
from emissions reporting initiatives. Using artificial intelligence clustering technolo-
gies, performance indicator concepts and qualitative analysis approaches, the pro-
posed method is implemented through a performance indicator development process
(PIDP), which aims to search for performance indicators (PIs) among data selected
from emissions databases.

During the implementation of the PIDP, the results showed that a new model is
essential to deal with emission reporting information. Therefore, this study proposes
a new model to evaluate emissions reporting processes implemented by cities, which
is based on concepts inherited from the capability maturity model (CMM). The main
objective of this model is to help cities address the challenges of emission reduction
by leveraging the areas and processes associated with emission reporting.

This model and how it can be used in the context of emissions reporting is
described in detail in the methodology, as are the experiments and other results
obtained during the development of this study.
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Chapter 1

Introduction

1.1 Climate Change and Global Warming

The Paris Agreement1, implemented by the United Nations Framework Convention

on Climate Change (UNFCC)2 conducted in 2015, states that it is imperative to

keep the increase in global average temperature to well below two degrees Celsius

above pre-industrial levels. Ideally, nations should take all necessary measures to

reach the 1.5 degrees Celsius target, as this can reduce the risks and impacts of

climate change.

The Intergovernmental Panel on Climate Change (IPCC)3, the United Nations

body responsible for the scienti�c assessment of climate change, has produced a

special report on the impacts of global warming of 1.5 degrees Celsius above pre-

industrial levels and associated global greenhouse gas emission pathways4. The

report was prepared in response to the Paris Agreement proposals and highlights

the implications by comparing the two scenarios of 1.5 and 2 degrees Celsius, as

well as the mitigation alternatives that can be applied as part of a global e�ort,

to strengthen the global response to the threat of climate change and sustainable

development that can contribute in the poverty eradication e�orts.

Other leading organisations involved in climate change research, policymaking

and education such as the International Science Council (ISC)5, U.S. Environmental

Protection Agency (EPA)6, World Climate Research Programme (WCRP)7, all point

in the same direction: the urgency of e�ective policies to reduce greenhouse gas

emissions, negotiated globally and implemented locally.

1https://unfccc.int/sites/default/�les/english_paris_agreement.pdf
2https://unfccc.int
3https://www.ipcc.ch
4https://www.ipcc.ch/sr15/
5https://council.science/
6https://www.epa.gov/
7https://www.wcrp-climate.org/
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1.2 Greenhouse E�ect Gases (GHG) Emissions

Greenhouse gas emissions contribute signi�cantly to the rise in global temperature.

For this reason, reducing emissions of these gases should be a central component of

strategies to mitigate global warming and the e�ects of climate change. The �gure

1.1 illustrates how greenhouse gas emissions are distributed globally by looking at

the emission totals of the main gas (CO2).

Figure 1.1: CO2 emissions world map 2019. Source:
https://ourworldindata.org/co2-emissions

Greenhouse gas emissions include various gases and are normalised using carbon

equivalents8. The table 1.1 shows the carbon equivalent relationships between CO

2 and other gases that make up greenhouse gas emissions9.

Although the link between the rise in global temperature and the increase in

extreme weather events has been scienti�cally proven, governments still have to

contend with disbelief and lobbies that mislead measures to reduce local GHG emis-

sions. According to BROADSTOCKet al. [1], the link between GHG emissions and

economic activity is well established, as is the disconnect between environmental

and social responsibility in measuring corporate performance. One of the reasons

8https://unfccc.int/process-and-meetings/transparency-and-reporting/greenhouse-gas-
data/frequently-asked-questions

9https://unfccc.int/process/transparency-and-reporting/greenhouse-gas-data/greenhouse-gas-
data-unfccc/global-warming-potentials
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Table 1.1: Global Warming Potentials (IPCC Second Assessment Report).

Species Chemical Lifetime Global Warming Potential
formula (years) (Time Horizon)

20 years 100 years 500 years
Carbon dioxide CO2 variable 1 1 1
Methane CH4 12± 3 56 21 6.5
Nitrous oxide N2O 120 280 310 170
HFC-23 CHF3 264 9100 11700 9800
HFC-32 CH2F2 5.6 2100 650 200
HFC-41 CH3F 3.7 490 150 45
HFC-43-10mee C5H2F10 17.1 3000 1300 400
HFC-125 C2HF5 32.6 4600 2800 920
HFC-134 C2H2F4 10.6 2900 1000 310
HFC-134a CH2FCF3 14.6 3400 1300 420
HFC-152a C2H4F2 1.5 460 140 42
HFC-143 C2H3F3 3.8 1000 300 94
HFC-143a C2H3F3 48.3 5000 3800 1400
HFC-227ea C3HF7 36.5 4300 2900 950
HFC-236fa C3H2F6 209 5100 6300 4700
HFC-245ca C3H3F5 6.6 1800 560 170
Sulphur hexa�uoride SF6 3200 16300 23900 34900
Per�uoromethane CF4 50000 4400 6500 10000
Per�uoroethane C2F6 10000 6200 9200 14000
Per�uoropropane C3F8 2600 4800 7000 10100
Per�uorobutane C4F10 2600 4800 7000 10100
Per�uorocyclobutane c-C4F8 3200 6000 8700 12700
Per�uoropentane C5F12 4100 5100 7500 11000
Per�uorohexane C6F14 3200 5000 7400 10700

highlighted by the authors is the non-reporting of emissions, a recurring problem

also seen in emissions reporting by local governments. Emissions data are widely

available from a variety of sources. EPA maintains a catalogue of four climate change

indicators (CCI) related to GHG emissions. The Figure 1.2 shows the increase in

GHG emissions from 1990 to 2015, but examples of emissions reporting that e�-

ciently and e�ectively contribute to emissions reduction through mitigation actions

are still hard to �nd.

1.3 GHG Impacts Mitigation Initiatives

Carbon Disclosure Project (CDP)10 is an initiative that promotes collaboration on

emissions reduction and focuses on obtaining reliable data from cities and businesses

worldwide to help them manage their environmental impacts. To drive the explo-

ration and analysis of the data, CDP enlisted the infrastructure and expertise of

Kaggle11 to promote a competition whose main objective was to discover key per-

formance indicators (KPIs) among the responses provided. The database provided

10https://www.cdp.net/en
11https://www.kaggle.com/c/cdp-unlocking-climate-solutions
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Figure 1.2: Global Greenhouse Gas Emissions by Gas, 1900-2015. Source: EPA.

is based on questionnaires that CDP deployed in 2018, 2019 and 2020 to some cities

and companies around the world. Thus, this work attempts to show the relation-

ship between the information provided and the policies already in place that lead to

emissions reduction and the associated bene�ts, both locally and globally.

Other initiatives, such as the Global Covenant of Mayors for Climate and En-

ergy (GCoM)12 and C40 cities13, are also the subject of this work, as they provide

complementary and useful information on emissions at the city level. Despite the

e�orts of the selected cities, there are still some problems to be solved in emissions

reporting in order for these cities to e�ectively contribute to the reduction of GHG

emissions.

1.4 Goals and Limits

The main objective of this work is to use arti�cial intelligence (AI) to support initia-

tives to improve emissions reporting. It is crucial to improve the process e�ciency of

emissions reporting in order to achieve better emissions reduction results, as there is

a direct link between e�ective emissions policies implemented by cities and emissions

reduction (or increase) due to the e�ectiveness of these policies.

To achieve this goal, this work proposes a series of steps to investigate, search

and develop performance indicators (PIs) for emissions reporting. These perfor-

12https://www.globalcovenantofmayors.org/
13https://www.c40.org/
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mance indicators are based on the data provided by cities on the processes they go

through to address emission problems. PIs can be used to guide and optimize the

policies responsible for implementing emission reduction measures at the city level.

Therefore, as a by-product of this work, a process for developing these indicators is

proposed to organize the steps necessary to �nd candidate performance indicators

among the data provided by cities.

1.4.1 Emissions Reporting Analysis using AI

Emissions reporting analysis can be made using statistical tools and techniques,

also known as Analytics. This approach has already been used to produce relevant

information in the �eld of emissions impact analysis [2][3], such as indicators and

correlations with external indices[4], but it lacks a qualitative view of the data, which

AI can also help with, and this is one of the analysis mechanisms used in this work.

More than ever, algorithms and arti�cial intelligence techniques play a key role

in every �eld of knowledge, especially when it comes to solving problems through

optimization. Also, in the challenges and problems related to emissions reporting,

these algorithms and techniques can be used to address and even solve some of them,

such as data processing, integrity and usefulness.

1.4.2 Performance Indicators for Emissions

Performance indicators (PIs) are one of the most commonly used tools for evaluating

processes in terms of their e�ectiveness. Therefore, processes related to emissions

reporting can also bene�t from the concepts and formalization of the performance

indicator development process. To achieve this goal, a performance indicator de-

velopment process (PIDP) should be applied to emissions reporting processes to

proceed with assessments based on available data.

The emissions reporting processes are subject to the PIDP, in which the analysis

of candidate PI plays an important role, as this PI will be used to improve them.

Thus, the candidates for PI can be used both to evaluate the e�ectiveness of the

overall emissions reporting process and to search for other PIs candidates among

the relationships with external indices and indicators.

1.4.3 Scope of this work

Although the techniques and procedures developed in this work are not exclusively

applied in emissions-related �elds, this work focuses on one particular �eld: emis-

sions reporting. For this reason, this work will not address issues that are not clearly

related to emissions reporting. Another boundary established is the focus on the
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city as the fundamental unit of the information provider, represented by the data it

processes. The same occurs with the business implications of emissions are applied

to city outcomes. Even if they are related to emissions reporting, they are outside

the scope of this work because the relationships between businesses and cities, like

regulations, are complex enough to require specialized work in this area. Reporting

on environmental, social and governance (ESG) aspects, for example, is outside the

scope of this work.

Emissions reporting processes can be considered as part of emissions reduction

initiatives that can be organised into programs such as carbon management powered

by carbon management models (CO2MM). Figure 1.3 shows these relationships be-

tween the di�erent parts. As noted, the emissions reporting process, when active, can

be part of the implementation of a carbon management model, but is not dependent

on such a model being in place to deliver results, as explained in the Contribution

section of this work.

Figure 1.3: Example of emissions reporting as part of carbon management model.
Other processes and plans are supposed to be part of CO2MM, but they are not
shown due to not being part of the scope of this work.

The methodology of this work uses qualitative analysis to achieve the objectives

of identifying candidate performance indicators. The methodology is strongly linked

to the available data and to the proposed frame work. Thus, this work is limited to

the application of the proposed methods, but is not intended to evaluate or review

the application of the methods presented in the qualitative analysis outside the

framework used in this work. This is mainly because the qualitative methods had to

be adapted to the data already selected and processed, thus bypassing the interviews

proposed with these methods to achieve the objectives set.
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1.5 Contributions

This study contributes to the performance of emission reporting processes by

analysing indicators and proposing a maturity model. After processing and

analysing the emissions reporting data, three major contributions were identi�ed,

which are further explained in the next sections: the process of developing perfor-

mance indicators, performance indicators based on emissions indicators and other

indices, and a major performance indicator based on a maturity model developed

to increase the e�ciency of emissions reporting processes.

1.5.1 Performance Indicators Development Process

The performance indicators development process (PIDP) proposed in this work is

an attempt to �nd candidate performance indicators based on emissions reporting

data. These data are provided through a series of operations performed with CDP

and other related databases. PIDP begins by selecting public data sources that can

provide emissions-related data. The databases downloaded from these selected data

sources are analysed and processed to produce data input �les in comma-separated

values (CSV) format. Thus, the steps that compose PIDP aim at preparing, pro-

cessing and analysing the data present in the input �le and generating by-products

during the execution that are stored in output �les.

The results obtained in each step of PIDP guide the next step to be taken in the

process. Both quantitative and qualitative analyses are performed to select the most

promising data to be examined and validated for use as a performance indicator. In

the quantitative part of the process, the data is subjected to AI clustering methods to

select the most promising con�gurations (experiment context). If the selected data

are still promising after analysing the results, validation with other AI techniques will

be applied to the selected samples, which will be part of the next phase - qualitative

analysis. The constraints and rules applied during the PIDP are presented in more

detail in the methodology proposed by this work in chapter 3.

1.5.2 Correlations between Emissions and Performance Indi-

cators

One contribution of this work is to examine the relationships between established

indices and indicators, such as the smart sities index (SCI), the human development

index (HDI), the subnational human development index (SHDI), the gross domestic

product (GDP), and the CDP database data.

The resulting correlations may serve as an indication for further data collection

and future studies, depending on the complexity and magnitude of the results. Some
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of these correlations have already been presented in studies on emission reduction or

mitigation and social and economic indicators. This work goes further by analysing

the relationships between these indices and indicators with how cities answered

emissions reporting questions. Other categorizations such as geographic region,

country, population, urban area, or year of a�liation are also used to re�ne the

analysis and �nal results of the correlations. Although the correlations identi�ed

cannot be used by decision makers on their own, they can still serve as a basis for

future initiatives that will explore these correlations in more detail.

1.5.3 Emissions Reporting Maturity Model

The emission reporting maturity model (ERMM) is the main contribution of this

work. Based on the results obtained in the implementation of the PIDP, a model

has been developed to assess the maturity of a set of processes identi�ed as part of

emissions reporting initiatives. In this way, a maturity level for emissions reporting

undertaken by a city is calculated based on an assessment of the capabilities of these

processes. The emissions reporting maturity level (ERM-L) can be used to create a

checklist for cities in areas relevant to emissions reporting.

When the ERM-L is used to compare the cities in a region or using another

categorization, this maturity level can be seen as a key performance indicator of the

city. Thus, the main goal of the ERMM is to make it possible to evaluate the city

in terms of emissions reporting and to point to improvements that should be made

so a city can perform better in emissions reduction challenges and issues.

1.6 Structure of this work

This work is organised into 5 chapters. Chapter 1 (Introduction), which this section

is part of, describes a general view of the motivation and the proposed solution. In

chapter 2 (Basic Concepts) are described some concepts that compose the necessary

background to better understand some technical aspects of this work. In chapter

3 (Methodology) it is described how this work aims to achieve the proposed goals.

In this chapter, it is depicted the steps necessary to produce the results through

experiments and analysis, which are detailed in chapter 4 (Results) along with the

con�gurations and hyperparameters used. Chapter 5 (Conclusion) consolidates the

observations made along with the work and proposes future initiatives. In the ap-

pendixes are presented awordcloud built upon the words written in this study and

their frequencies (A), the set of questions selected from CDP database (B); a more

detailed result of an evaluation obtained from the emissions reporting maturity level

(C); the OECD countries list (D); an example log to illustrate the self-test execution
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(E); and an example log to illustrate the preprocessing execution step (F).
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Chapter 2

Basic Concepts

The main concepts related to performance indicators, maturity models, neural net-

works, grounded theory and case studies are presented in this chapter. These con-

cepts implement the techniques and methodologies used to achieve the proposed

goals and act as the building blocks of the methodology proposed in this work

which is described in more detail in the next chapter chapter 3.

2.1 Performance Indicators

�When you can measure what you are speaking about, and express it in

numbers, you know something about it; but when you cannot measure

it, when you cannot express it in numbers, your knowledge is of a meager

and unsatisfying kind� William Thomson � Lord Kelvin (1824 -1907).

In the scope of this work, emissions reporting is a crucial component in the

decision-making process of emissions reduction policies. One way to help the cities

to implement better policies is to use well-de�ned performance indicators that can

measure the progress of the implementation and the results of the process that

support these policies. The set of performance indicators used in this matter can

compose a key performance indicator (KPI) to consolidate the view of the overall

progress of adopting these policies. In this case, a KPI can be used alone or with

other KPIs to implement a health check of one or more policies.

Therefore, a KPI development focus on identifying the best representatives

among the performance indicators found by analysing the CDP forms database and

additional data and how to use them to identify performance levels for the cities re-

garding emissions. In addition, developing a KPI requires a complete mapping of the

data �ow and business processes to make the KPI a reliable source of information.

As de�ned by BADAWY et al. [5], KPI allows gathering knowledge and explor-

ing the best way to achieve organisational goals. Many researchers have provided
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di�erent ideas for determining KPI's either manually, or semi-automatic, or auto-

matic, depending on the application �eld. Based on the works of PARMENTER

[6] and ECKERSON [7], the table 2.1 shows a way to identify KPI through some

characteristics, summarized by BADAWYet al. [5].

Table 2.1: KPI characteristics proposed by PARMENTER [6] and ECKERSON [7].

Characteristic Description
Sparse The fewer KPIs, the better. A KPI is based on established PIs.
Drillable Users can drill into the details of a KPI and then to its PIs.
Simple Users understand the KPIs. They can indicate what action is required

by sta�.
Actionable Users know how to a�ect outcomes. The KPIs expected results should

be publishable.
Owned KPIs have an owner. Are acted on by the CEO and senior management

team.
Referenced Users can view origins and context of KPIs.
Correlated KPIs drive desired outcomes. They encourage appropriate action from

other KPIs.
Balanced KPIs consist of both �nancial and non-�nancial metrics.
Aligned KPIs don't undermine each other.
Validated Workers can't circumvent the KPIs or temper with them.
Regulated Are measured frequently (e.g., 24/7, daily, or weekly).
Distributed Are measures that tie responsibility down to a team.

Figure 2.1 shows a general schema for KPI development based on evaluating the

available data in an evolving approach. In this view, a considered result indicator

will provide the core value used by a performance indicator related to it, as this

performance indicator adds a comparison dimension to the value provided. A key

result indicator (KRI) can also be built upon available result indicators, as a KPI is

built on one or more PIs. Both KPI and KRI can be correlated at executive level.

For example, a KRI that summarizes all emissions reported by a city can provide

the core (absolute) values to its correspondent KPI which indicates the percentage

of rising or reduction of total emission for a certain period.

2.2 Capability Maturity Models

The capability maturity model (CMM) presents sets of recommended practices in

some vital process areas to enhance software development and maintenance capabili-

ties, as de�ned by PAULK et al. [8]. Thus, the CMM is based on knowledge acquired

from software-process assessments and extensive feedback from both industry and

government.

As pointed by MONTEIRO e MACIEL [9] and METTLER et al. [10], maturity

can be considered a measure of a process related to its state or condition: de�ned,

managed, measured, and controlled. CMM should be viewed as a set of "best
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Figure 2.1: General schema of result and performance indicators. Source: PAR-
MENTER [6].

practices" more than a straight list of steps to be implemented. Surveys, third

party veri�cation, and certi�cation[11] can evaluate the level of adoption of these

best practices.

According to PAULK et al. [12], the CMM is composed of �ve levels of maturity:

initial, repeatable, de�ned, managed and optimized. These levels re�ect processes,

goals, and practices to be developed during the model implementation. However,

the number of levels and what they represent can vary depending on the model

to be implemented [9]. Figure 2.2 shows a general schema of CMM as de�ned by

MONTEIRO e MACIEL [9].

Each level of CMM indicates a general process capability, and it has processes

and goals to be achieved with the execution of these processes. Some standard

features and, by them, some practices are identi�ed by analysing these processes.

The junction of implementation capability by a process relies on the same capability

regarding the underlying practices. The evolution of processes and goals in com-

plexity and completeness generates detailed sub-processes and sub-practices. These

detailed components are checked to evaluate the adherence of the processes to the

CMM level. Thus, to reach the next CMM level, these processes should pass the

checklist based on de�ned capabilities.

The ISO/IEC [13] de�nes a capability maturity model for the software devel-

opment process. Although this model has been updated in the years, the core

components described above remain the same. The variations (new models derived

from it) and improvements in the process are a direct result of the success of this
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Figure 2.2: Capability maturity model general process view. Source: [8].

model in help measuring the e�ciency of normalizing and standardizing develop-

ment processes, independently or application area or previous expertise in dealing

with maturity models.

The data management maturity model (DMMM)1, built by the Capability Ma-

turity Model Integration Institute (CMMII) 2, is a derivation of CMM that was

considered in this work. It deals with data management challenges in any sector

and organisation, which has been more necessary than ever when organisations have

to process high volumes of unstructured data daily. To implement DMMM, the

organisation has to asses the processes and interactions to/from data sources within

the organisation and third parts. Figure 2.3 shows an example of a general view of

the assessment and the impacted areas.

2.3 Weightless Neural Networks

Despite the fact that mainstream arti�cial neural networks (ANN) are heavily used

in all almost all areas of knowledge, they are still implemented using models based on

1https://cmmiinstitute.com/data-managementmaturity
2https://cmmiinstitute.com/
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Figure 2.3: Data management maturity model assessment example, showing numer-
ous areas in which DMM can be applied. Source: CMMII.

weighted-sum-and-threshold arti�cial neurons, as the pioneeringThreshold Logic

Unit [14], as as pointed by ALEKSANDERet al. [15].

The arti�cial neurons can be de�ned as structures that map the synaptic strength

between an output transmitted by the neuron's axon and a post-synaptic neu-

ron. This impulse creates a chain of signals based on pseudo-continuous numerical

weights, terminating at neuron'ssoma - the central part of a neuron [15].

Conversely, weightless neural networks (WNN) models use another approach.

The weight, which is responsible for representing the strength of the input signals,

is replaced with the position (height) of the origin of the signals along an emulation

of a neuron's dendritic tree [15]. This model is closer to the implementation of a

"random access memory" (RAM) addresses decoding, which is a core concept in any

implementation of the WNN model.

According to GREGORIO e GIORDANO [16], the WNN model was developed

by BLEDSOE e BROWNING [17] as ann-tuple recognition method also known in

the literature as "RAMnet" and based on an emulation of a neuron. Thus, a neuron

system corresponds to a RAM with 2n memory cells or address lines. Thesen-tuples

usen bits samples from input data and are used to access memory cells to write or

read neuron contents, emulating the learn/test phases of the system.

This work is based on implementations of WNNs as they are more likely to

discover relations among the answers from the cities. These implementations look

14



at how "strong" (clear) is a set of answers, considering the context in which the

answering process is happening compared to another set of answers provided by

other cities. It is possible to retrieve quality information in both scenarios: when

the set of answers is �rmly connected and, in contrast, when the answers seem to

have no �t in the same set.

2.3.1 WiSARD

As summarized by ALEKSANDERet al. [15], theWi lkie, Stonham & A leksander's

Recognition D evice (WiSARD)[18] is a system formed by various RAM-

discriminators that was created as a pattern recognition device used in image pro-

cessing, as pointed by GREGORIO e GIORDANO [16]. A RAM-discriminator

consists of a set of X one-bit word RAMs with n inputs and a summing device(�) .

The system works by storing the result of processing an input ofn bits in the train-

ing phase. Thus, the RAM input lines are connected to the input pattern by using

a one-to-one pseudo-random mapping. The summing device enables this network

of RAMs to exhibit, like other ANN models based on synaptic weights, generalisa-

tion and noise tolerance. As asserted by LUSQUINO FILHOet al. [19], during the

classi�cation, all discriminators are accessed, and they are assigned a score formed

by the number of non-null positions accessed. The discriminator with the highest

score will determine the class of the entry. Bleaching is a technique used when more

than one discriminator is available for the input. The validation of another sample

with n bits is based on checking the RAM-discriminator informed against the one

generated. The Figure 2.4 shows an example of WiSARD.

Figure 2.4: Example of a RAM-discriminator and of a WiSARD. Source: ALEK-
SANDER et al. [15].

As pointed by LUSQUINO FILHO et al. [19] and GREGORIO e GIORDANO

[16], the main advantages of WiSARD, as any WNN model, is that it takes less time

to be trained due to the direct relation between the RAM-based address mapping

and the entry. Furthermore, the high level of generalisation is another characteristic

of the WNN that can be seen in WiSARD implementation. Thus, the pseudo-
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random mapping, generalisation and noise tolerance make WiSARD an excellent

alternative to pure analytical methods for processing the answers.

For the present work to achieve the proposed goals, the relevance of how the

cities provide the answers to the questions related to emissions and the answers

themselves should be the same.

2.3.2 ClusWiSARD

ClusWiSARD is a derivation of the original WiSARD model that allows the same

class to have more than one discriminator, as pointed by LUSQUINO FILHOet al.

[19] and CARDOSOet al. [20]. It is necessary to have more than one discriminator

to implement the clustering capability of the method. The sub-pro�les (clusters) of

the same class that are not similar are learned in di�erent places. It can inhibit the

saturation of a discriminator's learning with the superposition of extremely heteroge-

neous patterns but that still belong to the same class. For this reason, ClusWiSARD

could simultaneously handle supervised, semi-supervised and unsupervised learning.

In this case, unlabeled data will be trained on the discriminator with the highest

score. Figure 2.5 shows a ClusWiSARD multi-discriminator schema.

Figure 2.5: ClusWiSARD multidiscriminator schema. An example of a patternIn
being presented to the microclusters. Each microcluster contains a number cor-
responding to the quantity of samples stored in it. The darker bar on the right
represents the cluster's threshold, while the gray bar corresponds to the pattern
activation. Observe that the discriminator containing 8 samples is the one that will
learn the new observation. Source: CARDOSOet al. [20].

As pointed by LUSQUINO FILHO et al. [19], ClusWiSARD was created based

on the plasticity-stability dilemma: a cluster can receive new information but still
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maintains the homogeneity of the data already associated with it. The idea that

supports the model is the ability of a discriminator to understand that an example

(sample) is not similar enough to the ones already associated with it. In this case,

a new discriminator should be created to store the new sample. Still, in this model,

the same example can be learned in more than one discriminator.

To start the clustering process, ClusWiSARD is initialised with only one dis-

criminator of each class. While learning new examples, the method veri�es if it

is necessary to create a new discriminator based on the threshold value informed.

Other hyperparameters, such as the discrimintator_limit, also interfere with how

the method can discover clusters among the given samples. In the scope of this

work, ClusWiSARD will be used to �nd clusters based on discriminators found and

tuned by the threshold hyperparameter. Furthermore, as the discriminators can

naturally vary between the execution of ClusWiSARD through the experiments, the

computation of this variation is also registered to be used in the clustering process.

2.4 Other clustering methods

Other clustering methods are used in this work to complement the results of

ClusWiSARD to help guide the selection of the most suitable experiments' con-

�gurations for established goals. Each additional clustering method deals with a

di�erent evaluation dimension.

2.4.1 Hierarchical Clustering

The essence of a cluster analysis process is to partition a set ofN objects into

C clusters such that objects within a cluster should be similar to each other and

objects in di�erent clusters should be dissimilar with each other, as summarized by

K.SASIREKHA e P.BABY [21]. Clustering techniques can be used to associate a

quantity to the available data, to extract a set of cluster prototypes for the compact

representation of the data, targeting the generation of homogeneous subsets. As

pointed by K.SASIREKHA e P.BABY [21], clustering can be seen as a mathematical

tool that attempts to discover structures or speci�c patterns in a data set, where the

objects inside each cluster show a speci�c degree of similarity. It can be achieved

by various algorithms that di�er signi�cantly in their notion of what constitutes a

cluster and how to �nd them e�ciently.

Cluster analysis is not an automatic task but an iterative process of knowledge

discovery or interactive multi-objective optimization. In clustering, one of the most

widely used algorithms is agglomerative algorithms, such as hierarchical clustering.

The results are usually presented in a dendrogram - a graph representation of clusters

17



construction. An example of this is shown in Figure 2.6.

Figure 2.6: Example of dendogram produced by a hierarchical clustering method ex-
ecution. Source: https://towardsdatascience.com/hierarchical-clustering-explained-
e59b13846da8.

2.4.2 K-means

As pointed by LIKAS et al. [22], the simplest form of clustering is partitional cluster-

ing, in which speci�c clustering criteria are optimized to produce clusters (sub-sets)

of objects based on the samples database given to the method. To achieve this

result, the most widely used criterion to segregate data in clusters is the clustering

error based on the evaluation of the squared distance from the corresponding cluster

centre to the sample point being clustered.

According to LIKAS et al. [22], a popular clustering method that minimizes the

clustering error is the k-means algorithm. Even though searching for an optimum

value can lead to important drawbacks related to performance, the k-means algo-

rithm is still a good choice in �nding locally optimal solutions concerning clustering

error. Still, it is a fast iterative algorithm that has been used in many clustering

applications. K-means clustering method starts with the cluster centres initially

placed at arbitrary positions.

K-means method moves the cluster centres at each step to minimize the clustering

error. The main disadvantage of the method lies in its sensitivity to the initial

positions of the cluster centres. One alternative to leverage the performance of k-

means is to have another way than arbitrary to choose the initial position. The

idea is to run the method several times with di�erent initial positions, check for the

near-optimal solutions obtained by the method, and compare them.

The variations in the centroids (k-means centre points) are an advantage in the

present work. K-means is used to validate the clustering behaviour of hierarchical

clustering and complement ClusWiSARD results in the overall clustering e�ort. The

di�erent approaches of the clustering methods used in this work aim to leverage the
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Figure 2.7: Simple example of k-means clustering of two clusters. Source:
http://mines.humanoriented.com/classes/2010/fall/csci568/portfolio_ex-
ports/mvoget/cluster/cluster.html .

selection of samples. A simple example of k-means clustering based on centroids is

shown in Figure 2.7.

2.4.3 DBSCAN

Density-based clustering methods are proposed to cluster spatial databases with

noise [23]. So, Density-based spatial clustering of applications with noise (DBSCAN)

is a clustering method that can discover clusters of arbitrary shape and also handles

outliers e�ectively, which is its main advantage among other clustering methods.

DBSCAN can achieve it by computing the distances from a given point to all other

points in the database and then obtaining the clusters by �nding the number of

points within the speci�ed distance from this given point.

The main advantage of DBSCAN over conventional index-based methods that

construct a hierarchical structure over the data set to speed up the neighbour search

operations is that DBSCAN scales better in terms of performance than those meth-

ods, mainly when applied to data sets of dimensionality above 20 features. Further-

more, although the performance of DBSCAN degrades due to unnecessary distance
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computations introduced by noise points, it is still robust to noise by pruning out

noise points early and eliminating the unnecessary distance computations.

As also described by KUMAR e REDDY [23], the DBSCAN algorithm de�nes

a cluster as a region of densely connected points separated by regions of non-dense

points. This distinction of types of points is crucial to the method. DBSCAN

algorithm takes two input hyperparameters calledepsand minpts to support these

characteristics. The Euclidean distance[24] is used to compute the distance from

a given point in the region of a hypersphere of radiuseps having at point p as its

centre. Some essential de�nitions arise from that:

ˆ eps: speci�es the maximum distance neighbourhood for a given point.

ˆ eps-neighborhood: for a pointX , the eps-neighbourhood denotes the set of

points whose distance fromX is less than or equal toeps.

ˆ the cardinality of eps-neighborhood de�nes the threshold density ofX

ˆ eps-connected: for a pair of pointsX and Y in the database, if the distance

of X and Y is less thaneps, then X and Y are eps-connected points.

ˆ minpts is the minimum number of points required in theeps-neighbourhood

of a point to form a cluster.

Hereafter, from the view of a DBSCAN method, every point in the database

will fall into either core point or border point, which can be either a noise point or

density connected point:

ˆ core point: a point with threshold density greater than or equal tominpts .

ˆ border point: a point with threshold density less thanminpts .

ˆ noise point: a point p is a noise point if the threshold density of p is less than

minpts and all points in the eps-neighbourhood of p are border points.

ˆ density-connected point: a border point with at least one core point in its

eps-neighbourhood.

DBSCAN starts selecting an unvisited point from the unvisited points data set

initially built with all points in the data set. If the number of points in its eps-

neighborhood is less thanminpts , it is marked as noise or outlier. Otherwise, it

is considered as a dense point, and a new cluster is created. The next point is

taken and added to the cluster by �nding dense points for each point in theeps-

neighborhood of the cluster. If there is no unvisited point to be added to a cluster,

the new cluster is complete, and no points will be added to the cluster in subsequent
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Figure 2.8: Simple example of DBSCAN clustering with core point and two borders
points and �ve clusters. Source: https://towardsdatascience.com/dbscan-algorithm-
complete-guide-and-application-with-python-scikit-learn-d690cbae4c5d .

iterations. Figure 2.8 shows an example with a core point, two borders points and

�ve clusters in it.

Thus, the process is �nished when all the points in the database are either

assigned to some cluster or marked noise. The next cluster is found repeating the

process to seek foreps-connected points. Every point in a cluster iseps-connected

with at least one point in the same cluster to which it belongs and is noteps-

connected with any other points in the remaining clusters. The number ofeps-

neighborhood operations performed is equal to the size of the data set.

2.5 Grounded Theory method

The main goal of a grounded theory study is to produce or discover a theory based

on the (grounded) data provided using a process, action or interaction, as pointed

by CRESWELL [25], CORBIN e STRAUSS [26] and DENZIN e LINCOLN [27].

The theory was �rst proposed by GLASER e STRAUSS [28] and was followed by

other books and studies and spread to other areas of knowledge than Sociology.

Participants in the study would all have experienced the process, and the devel-

opment of the theory helps explain the practices or provide a framework for further

research. The key idea is that this theory-development does not comeo� the shelf,

but instead is generated orgroundedin data from participants who have experienced

the process. Thus, grounded theory is a qualitative research design in which the in-

quirer generates a general explanation (a theory) of a process, action, or interaction

shaped by the views of numerous participants [26].

The grounded theory can be when there is a process or a similar schema of
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execution in steps available that people can explain how it works and being part of

its execution. There are two approaches established:

ˆ systematic procedures: when an investigation search for some categorisation

or similar organisation of the processes, actions or interactions [26];

ˆ constructivist grounded theory: when data selection and process selection hap-

pen alternatively [29].

This last approach occurs more in social science �elds. Regarding the codi�cation

of the theory being developed, it can be based on open coding, as the mapping of

casual conditions lead to strategies for selecting data and then to the mapping of

interview/analysis conditions that converge in a conditional matrix, or it can be

based on selective coding when the proposition (hypothesis) is searching using a

"storyline" based on the selected data.

2.6 Case Study method

As pointed by CRESWELL [25], case study research involves the study of an issue

explored in one or more cases within a bounded system (i.e., a setting, a context).

Although STAKE [30] states that case study research is not a methodology but a

choice of what is to be studied (i.e., a case within a bounded system), others present

it as a strategy of inquiry, a methodology, or a comprehensive research strategy

[27][31][32]. This work follows the last approach.

A case study can have multiple sources of information with di�erent levels of

detailed answers, and it can be applied to many disciplines/�elds. The case study

research method can be used when there are clearly identi�able cases with bound-

aries. Nevertheless, the goal is to identify the meaning of a case: learned from the

issue or from an unusual situation found.

During the investigation, the samples are selected and entered in a loop, consid-

ering how useful the information is, where the most promising case in terms of data

is selected to be analysed. Regarding the data analysis, it can happen both overall

issues presented by the data (holistic approach) or over a speci�c aspect of an issue

(embedded approach).
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Chapter 3

Methodology

The performance indicators development process (PIDP) described in the following

sections is the core of the methodology of this work. The PIDP begins by explor-

ing and processing the available data regarding emissions to look for candidates for

performance indicators. The main products of PIDP are the performance indicators

based on emissions and their relations to external indicators and rankings. The clus-

tering techniques were used during the process to group cities with similar answers

to CDP forms questions.

Figure 3.1: Performance indicators development process (PIDP) general view

The results of the clustering methods are used as the input to analyses to be

done in the quantitative analysis phase. First, the samples with similar answers

are analyzed to search for performance indicators among the features representing

these answers. The qualitative phase uses the samples and features to con�rm (or

discard) performance indicators candidates.

The quantitative analysis identi�es potential performance indicator candidates
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among the questions used to segregate the samples into groups. The con�rmation

of a candidate can be validated by looking into selected samples' data to check how

stable is the candidate in separating the groups in the presence of other data. This

step, executed using two experimental techniques, results in the qualitative analysis

of the candidates to performance indicator. If the performance indicator found

during the process can be used as the main source in a decision-making process, it

is promoted to a key performance indicator. One example of this is shown in the

emissions reporting maturity model (ERMM), a product of this process. The PIDP

work�ow overview is synthesized in Figure 3.1.

3.1 Data sources selection and processing

The �rst step in the performance indicators development process (PIDP) is to obtain

reliable data about emissions among a set of cities representing as best as it can be

the diversity found in the development level of cities along with the world. The

intent to choose cities as a minimal comparison unit was based on the available

literature and works regarding the crucial role of cities in the emissions reduction

e�ort. The general view of this step is described in the Figure 3.2

Figure 3.2: Data source selection general view.

According to the evaluation of the literature review focused on emissions report-

ing related topics [1][4][33][34] and data sources with emissions information from

cities (GCoM1, C40 cities2, Our World In Data (OWID) 3, Global Data Lab4, World

1https://www.globalcovenantofmayors.org/our-cities/
2https://www.c40.org/cities
3https://github.com/owid/owid-datasets/tree/master/datasets
4https://globaldatalab.org
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Bank5, Instituto Brasileiro de Geogra�a e Estatística (IBGE)6), the CDP disclosure

database, obtained through a Kaggle contest in this topic, demonstrated to be the

the most promising emissions reporting database.

CDP is an initiative that gets together 814 cities worldwide and signi�cant pri-

vate companies operating inside them to leverage policies and actions regarding

reducing GHG emissions and their e�ects. CDP database is used as the primary

source of information, even as being retrieved from a secondary data set. How-

ever, as pointed by LIEBCHEN e SHEPPERD [35], the pattern of using secondary

data, typically data sets that have been made publicly available through various

repositories, remains the norm.

Figure 3.3: CDP UML model schema.

The process starts with accessing one data source from the public data source's

list built manually through analysing previous works in the area. Then, using the

means provided by the data source host, the databases available from the data source

are downloaded and checked for consistency. After downloading and checking the

databases, the data structure is mapped to build a model to process the data.

The model is built using uni�ed modelling language (UML), proposed by

BOOCH et al. [36], for simpli�cation and standardisation. In Figure 3.3 is shown an

example of a UML schema of the CDP model developed in this work. Implementing

the model using a python �le is also a product of this phase. It will be used in the

data preprocessing phase and the clustering step of the quantitative analysis phase.

5https://data.worldbank.org
6https://cidades.ibge.gov.br/
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3.2 Data exploration

After the databases of emissions-related data have been downloaded, mapped and

initially analysed, the next step in the PIDP is to �nd the data units that can

provide insights on candidates to performance indicators. This schema view of data

exploration step is shown in Figure 3.4.

Figure 3.4: Data exploration general view.

The data to be explored should be analysed with the help of scope �ltering. The

objective of scope �ltering is to �lter the valuable data among the data available

from the databases. As an example, even though the CDP disclosure database has

much information about related areas like transportation, energy and employment

level, the focus of this work is on emissions direct information, as presented in the

sections described in table 3.1. In its third column (points) is represented the number

of questions and sub-questions (tables) potentially used as the source of information.

It indicates the potential of providing useful information on each forms section.

After obtaining a stable set of data from scope �ltering, the process initiates

attempts of error correction. In the context of data exploration, it is considered an

error any inconsistency found in the analysed data: e.g. wrong data type, empty

value in "selection" or "multi-selection" answer type, empty value in "not null"

answer. If the error cannot be recovered using other data from the same record, the

record is discarded.

Other sources of emissions information were used to complete the information

extracted from the CDP database. The GCoM has a database with more than ten

thousand cities in it. This database was used to provide additional data about total

emissions per year (2019), the presence of preparation (planning) to face emissions

26



hazards and mitigation targets. Other indicators like gross domestic product (GDP),

sub-national human development index (SHDI) and smart cities index (SCI) were

also used to support the indicators discovery and validation along the performance

indicators development process.

The data normalisation occurs when these additional data are joined to CDP

data to produce useful information. Finally, the external indicators as GDP and

SHDI are examples of this. The result of the processing is saved in a working �le to

be used as input in the data preprocessing phase.

Table 3.1: CDP disclosure Sections. The column "Points" represents how many
questions and sub-questions could be used to retrieve useful information.

Section Description Points
0:Introduction General information 6
1:Governance and Data Management Data management related information 32
4:City-wide Emissions Emissions produced by the city, its

companies and citizens
86

5:Emissions Reduction Emissions reduction inventory report-
ing

110

7:Emissions Reduction by local govern-
ment

Emissions reduction inventory of gov-
ernment scope

40

3.3 Data preprocessing

The data preprocessing step is responsible for preparing the available data to be

correctly used by the clustering algorithms. The primary source of input data is the

CDP forms database. However, after an initial inspection of the data in the forms,

inconsistencies and errors were found that could jeopardise the clustering process.

According to SHEPPERD et al. [37], the better preprocessing strategy is that

�rst, the problem data should be treated. Some cases of either con�icting feature

values or implausible values should be discarded before data can be used. Therefore,

it was necessary to build a support system to deal with these issues and leverage the

quantitative and qualitative analysis steps. Figure 3.5 shows the data preprocessing

schema with the generated output �les. The generation of the �les, their usages and

which goals they address is detailed in the following sections.

3.3.1 Input data

A working �le provides the input normalised data and additional data �les in CSV

format. Each one of the composed databases has a related model to support the

processing of the underlying information. The models de�ne the �elds, the �elds'

types, and the operations realised over the data. For example, for �elds of type
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Figure 3.5: Data preprocessing view.

"single selection" and "multiselection", the models also checks the values provided.

The same occurs with �elds of "date" and "year" data domains: the ranges are

de�ned to help validate the values informed.

For the CDP database, the classes that implement the concepts of �elds, types,

domains and operations are listed in table 3.2.

Table 3.2: CDP database classes mapping. The mappings show the relation between
the CDP data model and data processing concepts.

Class Mapped concept
Form Data set
FormSection Sub data set
Question Field
QuestionType Field type: null, not null, single-select, multi-select
QuestionDomain Field type: DATE, YEAR, NUMBER, INTEGER, TEXT
Answer Field values
AnswerOption Field values options; case of single-select of multi-select types
City Record

Samples dataload

The samples data-load is the �rst step inside data preprocessing, in which the nor-

malised data working �le is loaded along with the additional information present in

additional data �les. The CDP disclosures are organised in forms in which �elds,

represented by the questions, are subject to the model used to map the questions
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and constrain the answers. Each question and sub-question is represented by a line

in the input data �le. The table 3.3 details the cells presented in the line to process.

Table 3.3: Structure of a line in the input data �le from CDP database in CSV
format.

Cell Description Remarks
Questionnaire Form identi�cation Filtered: Cities 2019
Year Reported to CDP Base year for answers in CDP

database
Filtered: 2019

Account Number Unique identi�cation for city in
CDP database (Sample Id)

Unique Id

Organisation City Name Normalized to include State
Name for clari�cation

Country CDP Region CDP regions de�ned in table 4.6
Parent Section Group of sections
Section Group of answers
Question Number Question unique identi�cation
Question Name Question unique name
Column Number Column unique identi�cation in-

side question
Column 0 indicates direct answer

Column Name Column name to identify tabled
answer

Row Number Row unique identi�cation inside
question

Row 0 indicates direct answer

Row Name Row name to identify tabled an-
swer

Response Answer Answer value
Comments Used to clarify the answer
File Name Complementary information

about external �le
Last update Data time of last update of the

record

Functional data �ltering

Functional data �ltering occurs when �ltering parameters are passed to preprocess-

ing execution module to segregate only the information needed in the context of

a preprocessing con�guration and optimise the drill down during quantitative and

qualitative analyses. The �ltering engine can be used to select a set of questions

and sub-questions, a set of samples (listed using a samples �le) or all samples in

which a �eld type is present. The �ltering engine permits include (I:) or exclude

(E:) operators, acting to compose the �ltering rules to be applied over the data.

Some �ltering examples are shown in table 3.4.

The byproduct of this step is to generate a "�ltered data �le", which is an exact

copy of the �ltered samples. This �le can be used to accelerate the drill-down process

of the investigation of quantitative and qualitative analyses.
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Table 3.4: Filtering examples used during the experimental phase of this work.

Filtering scope Filtering options
Question "0" and its sub-questions I:Question&nbsp;Number=0*
All questions "0,1,4,5,7" and their sub-
questions

I:Question&nbsp;Number=0*,1*,4*,5*,7*

All questions "0,1" and their sub-
questions, excluding �elds with type
YN

E:#FieldType=YN;I:Question&nbsp;Number=0*,1*

All questions reported by cities in sam-
ples.txt �le

"I:#SampleId=@samples.txt

3.3.2 Errors mitigation

The errors mitigation step in the data preprocessing phase of PIDP is responsible

for leveraging defected data in the subsequent phases. The techniques applied in

errors correction depend on the nature of the error: e.g. domain-value matching,

invalid value type, and values out-of-ranges.

One problem identi�ed in the CDP forms data entry is the text representation for

questions with single and multi-selection options. To solve this issue, the CDP model

implements unique codes and associate them with the available options. However,

in some samples, the text informed does not match the text of any option available

to that question. In this situation, the use of techniques to correct the string rep-

resentation based on the number of changes, like Damerau-Levenshtein distance, as

presented by ZHAO e SAHNI [38]. The table 3.5 shows some examples found in

CDP database preprocessing.

Table 3.5: Examples of application of Damerau-Levenshtein distance to answers
correction. The text di�erences are presented in bold.

CDP Id City Name Question Original
Answer

Correct
Answer

1093 Atlanta 1.1a:Please select any commit-
ments to climate adaptation
and/or mitigation your city has
signed and attach evidence

Individual
city
commitment

Individual
city
Commitment

1184 Austin 1.13:What tools does your
city/department use to analyse
its environmental related data?
Select all that apply.

Visualization
/ Analysis
Software -
Tableau ;
Qlik etc

Visualization
/ Analysis
Software -
Tableau ,
Qlik , etc

1184 Austin 5.0a:Please provide details of
your total city-wide base year
emissions reduction (absolute)
target.

Larger � cov-
ers the whole
city and ad-
joining areas

Larger - cov-
ers the whole
city and ad-
joining areas

The invalid value type occurs when a numeric value is expected, and a "null"

or other value type is provided to an answer instead. The mitigation, in this case,

is to convert the text representation to the best number representation, when it
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is possible, and to set the answer to "zero value" and "not answered" when it is

not. The values out-of-range issue is mitigated using statistics tools (e.g.variance)

to check and correct scaling errors. To achieve this, the model used to support the

processing of the database holds the expected min and max (range) values that are

supposed to happen and a "mark" in the question in the model indicating that it

has to be range-checked.

3.3.3 Preprocessing �les generation

The main products of the preprocessing phase are the CSV format output �les with

the processed data. The internal representation of the �les di�ers based on the target

clustering engine that will be used. The textual representation will be used as the

input �le for Hierarchical, K-means and DBSCAN clustering methods. The �le with

binary representation, on the other hand, will be used as input for ClusWiSARD.

Table 3.6: Conversion mechanisms used to transform the input CSV �le into pro-
cessed textual representation �le, also in CSV format. The result of the data pro-
cessing is saved in the correspondent textual processed data �le.

Field type Conversion mechanism
TABLE Conversion of each �eld's value inside table (multi-select) using the correspon-

dent �eld type rule described here. Each value is separated by ":" in a list
representing each row of the table of multi-select �elds.

SELECT Conversion to numeric value represented the text informed in the �eld value. If
the �eld value is not found among the prede�ned answering options, error mit-
igation techniques try to choose the best available option. If it is not possible,
the conversion uses "0" to represent the "not found" answering option.

TEXT Conversion to "0" if �eld is empty or "1" on the contrary.
NUMBER Conversion to the log of the �eld's value to try to narrow to a common scale

to be used with the other questions. The log value is then converted to text
representation.

INTEGER Conversion straight to text representation as-is.
YEAR Conversion of di�erence from base year value to text.
DATE Conversion to ISO data format (ISO 8061) without hyphenation.

During processing, each �eld generates an output in text format, based on the

rules de�ned by the model. The �eld type and speci�cation de�ne the �eld's value

conversion mechanism. The table 3.6 details the conversion mechanisms used. Due

to optimisation, during the preprocessing of the numeric �elds (NUMBER, INTE-

GER and YEAR types), some statistics are collected to be used in the next bi-

narisation step. Another important measure to be taken is the number of bits to

represent an answer. To obtain the best minimum value for the number of bits,

the data preprocessing uses the number of options for an answer, the single and

multi-selection �elds, and the number of digits in the answer for the numeric �elds.

The number obtained is registered as thebinary slot size in the information data
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�le generated by the process. It is used to de�ne the same number of bits applied

to all answers.

Table 3.7: Conversion mechanisms used to transform the processed textual repre-
sentation �le in CSV format into processed binary representation �le, also in CSV
format. The result of the data processing is saved in the correspondent binary rep-
resentation processed data �le.

Field type Conversion mechanism
TABLE Conversion is applied to each value in the list of preprocessed text values ac-

cording to the rules described here. The �nal binary value is a superposition
("OR" operation) of each bit of each binary value of each �eld in the table.

SELECT Conversion to bits-value representation using two technique: bit-mapping and
thermometers. The bit-mapping is used for multi-select �elds and maps the
numeric value of the option chosen as an index to the position in the bit string,
which is �lled by s-bits "1". The number of s-bits is a result from the slot
size divided by the total number of options for the answer. The thermometer
technique adds "1"s bits as to �ll the string (from left to right) until reached
the position of the option. This technique is used when processing single-select
�elds.

TEXT Conversion to full "0"s or "1"s depending on the processed value.
NUMBER Conversion to the thermometer representation of the processed value. The

mechanism is the same as the one applied to SELECT �eld, but using min and
max values computed along the answers to establish thescaleof the thermome-
ter. Thus, the number of bits used is the result of slot size times the �eld value
minus min value divided by the max value minus min value.

INTEGER Conversion to thermometer representation as described in NUMBER �eld.
YEAR Conversion to thermometer representation as described in NUMBER �eld.
DATE Conversion to thermometer representation as described in NUMBER �eld.

Hereafter, the binarisation step occurs when the binary representation �le is gen-

erated based on another conversion mechanism applied over the processed textual

representation �le. It is necessary to guarantee that di�erent clustering methods use

the same clustering information in di�erent formats. During the generation of the

binary �le, the text values are converted into binary (0's and 1's) representation,

based on the �eld type and speci�cation. The table 3.7 details the conversion mech-

anisms used to generate the binary representation of the processed textual data. To

avoid misinterpretation of which �le should be used as input to ClusWiSARD, the

�le with binary representation content receives a.bin extension.

An example depicting the data processing of the city of Rio de Janeiro's data

extracted from CDP forms, present in the CDP forms database �le, is shown in

Figure 3.6.

3.3.4 Additional �les generation

During preprocessing, some additional �les are generated as important byproducts.

The consolidation data �le holds information about the processed numeric values:
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Figure 3.6: Preprocessing generation using Rio de Janeiro (31176) data sample
example.

min, max, mean, and frequency of not empty answers. These values make it possible

to check the distribution behaviour observed using the thermometer technique to

process binary data output. An example of summary data �le is shown in Figure

3.7.

Figure 3.7: Preprocessing consolidation �le output example.

The questions �ltered in the preprocessing are put in a list with question_id

and question_name. At the end of the preprocessing step, a text �le is saved with

the number and description of the question. It is used to facilitate the qualitative

analysis based on the applicability of the questions. For questions which underlying

�eld of type multi-select, the options are also listed to help calibrate the quantita-

tive analysis as needed. The questions of con�guration 0a1a4a5a are listed in the

appendix of this work.

The processing statistics output �le holds quantitative and qualitative informa-

tion about the processing of questions for each city. The table 3.8 shows the details
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of the obtained statistics.

Table 3.8: Preprocessing statistics details collected during the execution of the ex-
periments.

Statistic Detail
SampleId City unique identi�cation
TABLE Count of �elds of type "table" with answer
SELECT Count of multi-select �eld with answer
TEXT Count of �elds of type "text" with answer
NUMBER Count of �elds of type "number" with answer
INTEGER Count of �elds of type "integer" with answer
YEAR Count of �elds of type "year" with answer
DATE Count of �elds of type "date" with answer
CC_R Count of characters in the answer
CC_C Count of characters in the comments
WC_R Count of words in the answer
WC_C Count of words in the comments
WU_R Count of unique words in the answer
WU_C Count of unique words in the comments
WD_R Count of dictionary words in the answer
WD_C Count of dictionary words in the comments

One extraction to exemplify the statistics obtained during preprocessing is shown

in Figure 3.8. The di�erences between the cities are established, even being part of

the same south-east region. For example, despite having the best GDP, São Paulo

is far from being the best information provider.

Figure 3.8: Preprocessing statistics extraction example listing ten cities in Brazil.

3.3.5 Processing Logs

The logging information generated during the preprocessing step is used to check

the overall process and validate the information's reliability. The indication of errors

in the logs interrupts the (next) output generation step, forcing checking what is

causing it. For example, the CDP database has some errors in �eld mapping, domain

values, and rules applied to form �lling. These errors were marked or �xed to

continue the form processing. Another use for general logging is to set up the

proper provisioning for machine power and memory needed in preprocessing and
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the following steps. A logging extraction of the preprocessing phase is listed in the

appendix of this work.

3.4 Quantitative Analysis

Quantitative analysis is based on the results from the clustering methods applied

to the CDP disclosures database. The clustering results are treated and viewed

as an alternative to purely statistical ones. However, the main goal is to search for

similarities and answers that indicate di�erent approaches implemented by the cities

that are grouped in the same cluster. The nuances of the clustering process, the

comparative data generated, and validation techniques are shown in the following

sections.

Figures 3.9 and 3.10 show a general view of this step of the process.

Figure 3.9: Quantitative analysis schema view

3.4.1 Using ClusWiSARD

ClusWiSARD is the primary clustering mechanism used to group the samples (cities)

with similar or related answers. The other clustering mechanisms were used to vali-

date and narrow the quantitative analysis process in pursuing performance indicators

based on the answers. The ClusWiSARD results can be seen as "pictures" taken

from the binary correspondence of the CDP forms' responses and additional data.

The similarities in the answers are registered and used to group the samples into

clusters.
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Figure 3.10: Quantitative analysis schema view (continuation)

Even though cities provide di�erent answers to the same question as expected,

the di�erences in the pictures are more subtle, and it is not easy to extract a pat-

tern among them. The main advantage of ClusWiSARD application to this work

is the generalisation capacity of the method. Even though di�erent, the answers

set tends to generate patterns in the responses used to identify candidates to per-

formance indicators. The Figure 3.11 shows an example of "pictures" processed by

ClusWiSARD.

This step is the generation of two CSV �les: a clusters distribution and the dis-

tribution of a sample. The clusters distribution �le holds information about how

the clusters were consolidated. The number of clusters in which a sample can be

grouped is registered along with the cluster chosen as the best choice (group) for

this sample. This measures how stable is the clustering process given the hyperpa-

rameters informed to the ClusWiSARD algorithm. The Figure 3.12 shows a clusters

and a samples distributions examples.

The ClusWiSARD is executed in "discover" mode when the hyperparameters

threshold and discriminator_limit are set to "auto" value. In this case, a text �le

with the best values for these two hyperparameters and the other hyperparame-

ters used to execute the method is saved from being used in another process of

hierarchical and k-means clustering methods.

3.4.2 Using other clustering methods

Some other clustering methods were used in this work to validate the results of

ClusWiSARD regarding the processing of the available data, as these other methods
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Figure 3.11: Preprocessing binary representation extraction example as "pictures".

use di�erent approaches to identify the groups of data (clusters). Among di�erences

in implementation, ClusWiSARD uses a non-deterministic approach to group sim-

ilar "pictures" from the data, as the other methods use a deterministic one. The

Hierarchical Clustering method uses the aggregation (agglomerative or bottom-up

approach) of similar features of the samples to compose the groups. The maximum

number of groups (clusters) is pre-de�ned, and it is set as the same as the one used

in ClusWiSARD. In addition to it, K-means uses another approach that uses the

Euclidean distance between the �eld values tok centroids (or geometric centres) to

group the samples. Both methods have the results compared to decide the use (or

not) of the DBSCAN method to complete the analysis.

The execution of hierarchical and k-mean clustering methods uses the processed

CSV format data �le as input and the hyperparameters used in the ClusWiSARD

method. The byproducts of this step are the �les with the distributions of the

samples that will be used to compose the prevalence matrix in the further step of

the process.

The result of this step is the generation of the prevalence matrix �le, as shown

in Figure 3.13. The prevalence matrix analysis leads to four possible paths:

ˆ a new preprocessing iteration with a new con�guration: when the analysis of

the prevalence matrix indicates a "dead-end", a new �ltering con�guration is

established and the preprocessing phase is executed again.
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Figure 3.12: Clusters and samples distributions examples.

ˆ a new preprocessing iteration with new �lters and the selected samples gener-

ated by the prevalence matrix analysis: this path is based on the "drill-down"

of the analysis of the set of samples that can hold information to lead to iden-

tify performance indicators candidates, but still have to be veri�ed through

another iteration of the quantitative analysis so far.

ˆ a selected samples set that will be analyzed in the qualitative analysis step:

this path occurs when the analysis of the prevalence matrix indicates that the

con�guration being evaluated has a good chance to produce a performance

indicator candidate. In this case, a selected samples �le is generated to be

used in the qualitative analysis phase.

ˆ a DBSCAN clustering execution with the same hyperparameters as the pre-

vious methods: this happens when the analysis of the relations between

ClusWiSARD, hierarchical clustering and k-Means clustering did not point

to a clear result. In this case, a DBSCAN method is executed to help identify-

ing a more clear path reducing the plausible "noise" in the samples analyzed

so far in this step.

Thus, the validation step in the process is based on comparing the behaviour of

ClusWiSARD with the other clustering methods. The samples in each cluster should

be compared to their corresponding in the other clustering methods, generating a

prevalence matrixP.

This matrix is built using the formula 3.1.
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Figure 3.13: Prevalence matrix example.

Pi;j = (2 � bi;j )=(ci + vj ) (3.1)

where Pi;j is the prevalence index ini; j ; i 2 C ; j 2 V; C is the ClusWiSARD

clusters set;V is the validation clustering mechanism (hierarchical clustering, k-

means or DBSCAN) clusters set;bi;j is the number of samples present both inCi

and Vj ; Ci is a subset of C with samples in clusteri ; Vj is a subset of V with samples

in cluster j ; ci is the number of samples inCi ; vj is the number of samples inVj .

The samples present in the clusters with a higher prevalence index inP are then

selected, and another experiment is executed using the same hyperparameters as

the original experiment. This analysis and veri�cation processes repeat as long as

the mean global prevalence index (mpi) is greater or equal to the prevalence index

of the last experiment.

The mpi is built using the formula 3.2.

mpi =
X

1<i<m
1<j<n

Pi;j =i � j (3.2)

where mpi is the mean prevalence index;Pi;j is the prevalence index ini; j ; m

is the number of clusters identi�ed by ClusWiSARD;n is the number of clusters

identi�ed by the validation clustering mechanism (hierarchical clustering, k-means

or DBSCAN).
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3.5 Qualitative Analysis

Qualitative analysis is based on the visualisation of speci�c values from selected

questions. The main objective is to compare the responses of di�erent cities present

in the same cluster, indicating a convergent approach over the data. Another strat-

egy is to compare di�erent responses from cities in di�erent clusters, indicating a

divergent approach in this case. The following sections detail the techniques involved

in the step of the process.

3.5.1 Using Grounded Theory

Figure 3.14: Qualitative Analysis: Grounded Theory application general view.

This work uses an adaptation over what is proposed by grounded theory to

facilitate analysing responses to the same question from di�erent cities. Here, a

random set of cities is gathered from the cities in a cluster, which was selected as

the most promising from the quantitative analysis step. A set of questions of interest

is chosen, and a matrix is built to allow the visual analysis. According to the results,

another round is performed to select other cities for comparison. This procedure

is performed when the results are inconclusive or show a possible tendency in the

answering process. This tendency composes a theory of answering that should be

con�rmed or denied in the further steps. The next set of cities can be used to
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con�rm the tendency, reinforce the theory, or deny it, resetting the process to look

for another theory based on other tendencies. The analysis continues until more than

50% of the cities are selected. Hereafter, if the tendency pattern remains, the process

involves �nding samples that represent exceptions to the theory (or candidate rule),

using the subsequent (case study) approach.

3.5.2 Using Case Study

Figure 3.15: Qualitative Analysis: Case Study application general view.

The case study approach uses all available questions from a single city selected

from any other than the selected cluster being analysed to check for inconsistencies

that con�rm or discredit a tendency found through the grounded theory approach.

Suppose it is impossible to proceed with the con�rmation or denial of the theory. In

that case, another city is selected from another cluster, and the analysis continues

until all clusters have been visited at least once.

3.6 Emissions Reporting Maturity Model

The emissions reporting maturity model (ERMM) stands for a methodology to se-

lect, process, classify and deliver evaluations of emissions-related processes based on
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the information presented in emissions reports.

The main goal is to help the cities better structure the information related to

emissions so it can e�ectively and e�ciently be used in the policy-making processes

regarding emission reduction. The ERMM describes a six-level evolutionary path

that aims to leverage the quality of the information provided to stakeholders in city

administration along the time, as described in table 3.9.

Table 3.9: Emissions Reporting Maturity Levels summary. The processing contexts
from which the ERM-L can be obtained is described for each level.

ERM Level Contexts from which ERM level is extracted
0:Unavailable Emissions information is not available to be used whatsoever.
1:Initial Emissions information is available, but it is not part of any government plan

or it cannot be validated or trusted.
2:Managed Emissions information has been used to help plan the emissions policies, but

cannot be independently validated.
3:Established Emissions information is part of the government's general plan for the city and

it can be validated using in-house (local) methods.
4:Predictable Emissions information is part of general and departments plans for the city

and it can validated both internally and externally, by an independent auditing
contractor.

5:Optimized Emissions information selecting, processing and using processes are integrated
in cities both short-term general and departments plans and long-term policies
(laws) and the actions resulted from these can be veri�ed independently and has
their e�ectiveness measured. The policies derived from emissions information
can also be replicated to other cities

The model is loosely based on ISO/IEC TS 33061:2021 (Process assessment

model for software life cycle processes) and uses some techniques proposed by the

data management maturity model (DMMM), built by Capability Maturity Model

Integration Institute (CMMII). The general view of the model is shown in Figure

3.16.

Figure 3.16: Emissions reporting maturity model general view.
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Figure 3.17: Emissions reporting maturity model processes view.

Table 3.10: Capabilities analyzed in the context of execution of ERMM over the
cities in CDP database. Each capability is used to evaluate tune the evaluation of
the processes present in ERMM.

Capability Application Example
Reliability how reliable is the information being processed. Automated practices of data

acquisition is an example of reliability level 5.
Usability how useful is the information to the processes. Information acquired from the

available data that may compose a performance indicator is considered most
useful, receiving value 5.

Integration how integrated to other sources and targets is the information. If the informa-
tion is provided or validated with the help of an external source, this capability
is at level 4, at least. If the channel is automated, for example, this raises to 5.

Auditability how auditable is the process and the information is treated by it. The au-
ditability will be as good as the auditing process and resources. For example,
if the information is audited by a known auditing provider with good auditing
results, the level would be set to 5.

Reproducibility how much a process can be reproduced in other scenarios and contexts. As
an example, if the process cannot be reproduced by another city because of
lack of documentation or resources, the level of capability would be set to 0.
On the contrary, if conditions of reproducibility are ful�lled like human and
economic resources available associated with full knowledge of the process and
its pitfalls, the level would be set to 5, in this case.

Each level of ERMM de�nes some goals and processes to address these goals. The

processes and sub-processes are composed of practices and sub-practices to describe

the mechanisms better to achieve established goals. The practices and sub-practices

are evaluated by �ve capabilities listed in table 3.10. The evaluation scale from 0

(incapable) to 5 (most capable). In the way of structuring the emissions reporting

information, these capabilities are veri�ed through the levels. The processes are

also organised in areas to indicate di�erent contexts or areas of application. The

proposed ERMM process schema is shown in Figure 3.17 and the processes, sub-
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processes and capabilities exercised are shown in 3.19.

The capability evaluation matrix (CEM) is used to associate the capabilities to

the practices and sub-practices, de�ning the weights and levels of applying. The

Figure 3.18 shows a template of it.

Figure 3.18: Emissions reporting maturity model evaluation matrix.

The data management context (DMC) of ERMM can be de�ned through a usage

example using the available data in this work. CDP, GCoM and C40 databases can

be used to compose a virtual data model used in ERMM. The practices of modelling

this virtual database are subjects to the capabilities to de�ne a performance indi-

cator related to the owner process. The same occurs with other practices of other

processes, summing the values of the performance indicators up in the execution

chain. On the other side, the level of the ful�lment of the goal(s) associated with a

process is also added to the performance indicator of the process.

The reporting group of processes is composed of construction and publication-

related steps. Reports building concentrates on the generation of the document at
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Figure 3.19: Emissions reporting maturity model processes and capabilities detail
view

the high administration level, using the publication of dashboards with the summary

of emissions reports, and at the administrative/technical level, in which projects for

future laws or mayor's decrees are built.

Another area of interest present in the emissions reduction initiatives viewed so

far is the follow-up emissions policies. This group of processes deals with the ability
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to receive and process feedback information regarding the emissions reports applied

data, which are part of the city's plans to mitigate emissions impacts, to action over

presented challenges and to be a permanent part of the city's general management

plans.

3.7 Performance Indicators for Emissions Report-

ing

Performance indicators for emissions reporting (PIER) can be obtained from both

the correlations of CDP data and external (additional) indicators, and the maturity

model processes developed to address emissions reporting challenges. The lack and

the low-quality information provided in CDP, GCoM, C40 and additional databases

is the seed of the initiative of proposing a set of methods, encapsulated in a maturity

model, to address these issues. The following sections detail both sets of performance

indicators.

3.7.1 Performance Indicators based on Emissions Correla-

tions

Performance indicators (PI) based on emissions correlations indicators (ECI) can

be developed analysing the correlations between available emissions information in

CDP forms database and other databases, indicators and indexes normally used to

measure emissions and their e�ects.

Figure 3.20: Example of correlation that can be used as a performance indicator.
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Although, some correlations can also be established looking at a country being

part of which multilateral organisation. The main di�erence between this work and

others is that the focal point is the cities listed in the CDP database, forming a

minimal baseline to promote the necessary analysis to support those correlations.

An example of a correlation distribution based on CDP data is shown in Figure 3.20.

3.7.2 Performance Indicators based on Emissions Reporting

Maturity Model

Performance indicators (PI) based on the emissions reporting maturity model

(ERMM) can be discovered using qualitative analysis over provided data. The set

of performance indicators associated with the processes implemented by ERMM can

be integrated into key performance indicators, which can better segregate cities into

groups of interest.

Table 3.11: Decision table for ERMM KPI candidates. The aspects evaluated were
used to select the most feasible KPI based on the available data.

KPI Candidate Self-
contained
?

Self-
explain-
able
?

Can be
used
alone ?

CEO
friendly
?

Short-
term
imple-
mented
?

Implemen-
tation
stable ?

ERM Level Yes Yes Yes Yes Yes Yes
ERM Rank Yes No Yes Yes Yes No
Data Management No Yes Yes No Yes Yes
Reporting Issues No No Yes No Yes Yes
Follow Up Issues No Yes Yes No Yes Yes

This work will present a key performance indicator based on the acquired matu-

rity level, as it is congregated to help in the decision-making process. In addition,

some other KPIs were also considered, and the decision table listed in 3.11 helped

to select the most promising KPI.

Although the ERM-Level evaluation is a continuous process, it is stable enough

to indicate the success of the overall initiatives for emissions reporting. Figure 3.21

shows an example of the evaluation spreadsheet for the city of Rio de Janeiro.
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Figure 3.21: Example of emissions reporting maturity level applied to the city of
Rio de Janeiro.
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Chapter 4

Results

This section presents the results of the experiments and how they can corroborate

the performance indicators developed based on the proposed methodology. The

experiments set up and execution is described to illustrate the achievement of the

results.

4.1 Experimental setup

The experiments that support the performance indicators development (PID) were

executed in a controlled environment using a python-based system developed to help

obtain and process the experimental results, statistics and logs. Python was chosen

because of its well-known use in arti�cial intelligence solutions.

All the AI algorithms implementations needed in data exploration and data

processing steps of the performance indicators development process can be found

in python libraries such as wisardpkg (cluswisard) and sklearn (hierarchical cluster,

k-means and dbscan). A general view of the execution schema is shown in Figure

4.1.

The support system operates in three modes:

ˆ preprocessing: used in data preprocessing step and is responsible for transform-

ing the input data from CDP's forms and additional data sets into outputs

�les used in the clustering phase inside the quantitative analysis step. The

running mode executes the clustering algorithms using the CSV and BIN data

�les produced in the data preprocessing step. The data �le type used depends

on the clustering algorithm and its executing parameters.

ˆ running: can be executed multiple times, varying the hyperparameters speci�c

to each algorithm. The information about one execution is registered in both

the general log and auxiliary log �les. For example, for the ClusWiSARD algo-

rithm, one execution can have multiple epochs to help �nd the best values for
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threshold and discriminator-limit hyperparameters. Each experiment's execu-

tion runs inside a renewed and isolated environment, avoiding any interference

between executions.

ˆ and post-processing: used to process additional statistics obtained from a

set of executions, and it can be used to compare the results from di�erent

algorithms.

The hardware and software used to run the experiments are described in the

table 4.1.

Figure 4.1: Experiment execution schema.

Table 4.1: Environment hardware and software details.

Parameter Description and use
Machine Dell T610 Server
CPU Cores 24
RAM 128 GB
Storage 120 GB
OS Ubuntu 18.04.3 LTS
Python Version 3.6.7

4.1.1 Execution support programs

Experiment preprocess

The preprocessing step is executed using the python pro-

gram experiment_preprocess.py with the following parameters:

cluster: <ClusWiSARD|HierarchicalCluster|KMeans|DBSCAN> CSV -d

<dimension> -N <num_samples> -in <input_filename> [-out <output_-

filename>] [-bin] [-csv] [-f <filter>] [-D <datasetId>|<dataset_-

oper>:<dataset_filepath>] [-J <joinfieldId>@<dataset_-

id>:<dataset_fieldId>;<dataset_fields>] [-i <Info>] [-v

None|Plot|Save|Review|Debug] [-o <options>] . The parameter details
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are shown in table 4.2. An execution example of preprocessing for clustering using

ClusWiSARD and CDP debugging database follows:

python3 experiment_preprocess.py cluster: ClusWiSARD

CSV -N 1000000 -d 2 -v Save -i CDP_Preprocess_AllCities_-

Config0a_AllFT -in ./input/2019_Emissions_Cities_Dataset_-

DEBUG.csv -bin -csv -f I:Question&nbsp;Number=0* -o copy_-

dat=./input/cdp/cluster_allcities_0a_AllFT.dat,copy_-

out=./input/cdp/cluster_allcities_0a_AllFT_out.csv,copy_-

stats=./input/cdp/cluster_allcities_0a_AllFT_stats.csv

Table 4.2: Experiment preprocess parameters description.

Parameter Description and use
<ClusWiSARD | Hierar-
chicalCluster | KMeans |
DBSCAN>

main target engine of preprocessing

-d <dimension> number of dimensions of input data set
-N <numSamples> number of samples to process
-in <inputFilename> input data set �le
-out <outputFilename> optional output �lename
-bin command to generate binary output
-csv command to generate text (csv) output
-f <�lter> �lters applied to select samples from input data set
-D data set to be loaded:
<datasetId> data set identi�cation to be referenced internally
<datasetOper> operation to be applied over data set (ex: cluster)
<datasetFilepath> data set �le path
-J join �eld values from di�erent data sets:
<join�eldId> �eld id in data set source of information
<datasetId> source data set
<datasetFieldId> match �eld
<datasetFields> data �elds to be retrieved
-i <Info> mnemonic used to identify the execution in the future
-v verbose level:
None nothing is printed in auxiliary �les nor saved in logs
Plot auxiliary �les are generated but nothing in logs
Save both auxiliary �les and logs are generated
Review logs receive additional information
Debug logs receive debug information
-o <options> options speci�c to each target engine. Examples:
copy_dat=<�lepath> also copy generated output binary (dat) �le to <�lepath>
copy_out=<�lepath> also copy generated output csv �le to <�lepath>
copy_stats=<�lepath> also copy generated statistics �le to <�lepath>
Filter construction: <I|E>:<#SampleId|#FieldType|<FieldName�=<[@]value>;...
<I|E> include/exclude rule
<#SampleId|#FieldType|<FieldName��lter type
#SampleId �lter samples which ids are in the list <value> or in �lename

<@value>
#FieldType �lter samples which �eld type is de�ned by <value> (YN, NUM-

BER, DATE or YEAR)
FieldName �lter samples in which �eld content is equal to <value>
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Experiment run

The python program experiment_run.py is used to run the ex-

periments, using the following command-line syntax from a termi-

nal: cluster: <ClusWiSARD|HierarchicalCluster|KMeans|DBSCAN>

Grp -d <dimension> -N <num_samples> [-e <executions> ] [-D

<datasetId>|<datasetOper>:<datasetFilepath>[,<datasetId>:<datasetFilepath>]]

[-i <Info>] [-v None|Plot|Save|Review|Debug] [-o <options>] . The pa-

rameter details are shown in table 4.3. An execution example using ClusWiSARD

to cluster a data set with midle-east (ME) cities and questions "0" and "1" and its

subquestions:

python3 experiment_run.py cluster: ClusWiSARD Grp -N

1000000 -d 2 -e 10 -v Save -i ClusWiSARD_N100000_ME_0a1a_-

AllFT_e10 -D cluster:./input/cdp/cluster_mecities_0a1a_-

AllFT.dat -o config=me0a1a_AllFT,update_clusters=true,save_-

analytics=true,threshold=auto,discriminatorLimit=auto,sufix=exec_-

params,dump_data=true,configs_log=true

Experiment post-process

The post-processing step is executed using the python programexperiment_-

postprocess.py with the following parameters: -N <num_samples>

-in <input_filename> [-out <output_filename>] [-i <Info>] [-v

None|Plot|Save|Review|Debug] [-o <options>] . The parameter details

are shown in table 4.4. Execution example:

python3 experiment_postprocess.py -N 1000000 -v Save -i CDP_-

Postprocess_AllCities_Config0a_AllFT -in ./input/stats_-

config0a_AllFT.csv -o copy_stats=./input/cdp/cluster_-

allcities_0a_AllFT_stats_postprocess.csv

Execution jobs

The experiments' executions can be run in parallel with the help ofexperiment_-

job.sh utility. The experiments' con�gurations can be organised in text (jobs)

�les and be executed in parallel. The job execution general view is shown in Fig-

ure 4.2. The experiment_job.sh utility cab be controlled using the parameters:

experiment_job.sh <module> <command>

experiment_job.sh <module> <job_id> [ <max_num_procs> ]

52



Table 4.3: Experiment run parameters details.

Parameter Description and use
<ClusWiSARD | Hierar-
chicalCluster | KMeans |
DBSCAN>

main target engine of preprocessing

-d <dimension> number of dimensions of input data set
-N <numSamples> number of samples to process
-e <executions> number of executions (epochs)
-D data set to be loaded:
<datasetId> data set identi�cation to be referenced internally
<datasetOper> operation to be applied over data set (ex: cluster)
<datasetFilepath> data set �le path
-i <Info> mnemonic used to identify the execution in the future
-v verbose level:
None nothing is printed in auxiliary �les nor saved in logs
Plot auxiliary �les are generated but nothing in logs
Save both auxiliary �les and logs are generated
Review logs receive additional information
Debug logs receive debug information
-o <options> options speci�c to each target engine. Examples:
con�g=<con�g_name> con�g identi�cation
update_clus-
ters=<true|false>

update (or not) clusters aggregation logs

save_analyt-
ics=<true|false>

save analytics information

threshold=<auto|value> threshold value for ClusWiSARD hyperparameter or discovery
best value with auto option

discriminatorLimit=<auto|value>threshold value for ClusWiSARD
hyperparameter or discovery best value with auto option

su�x=exec_params add execution params to gererated �les
dump_-
data=<true|false>

dump (or not) data used in clustering

con�gs_log=<true|false> save (or not) the con�guration logs

module: run|preprocess|postprocess

command: pause|resume|finish|kill|update

job_id: job filename present in ./jobs folder, without

_module.job sufix

* update command requires <max_num_procs> to be informed. The parame-

ter details are shown in table 4.4. Execution example:

./experiment_job.sh preprocess cluswisard_allcities 8

4.1.2 Experiments con�gurations

The experiments' con�gurations are a central part of the performance indicator

development process. The variations in the con�gurations are mapped and used

to calibrate the progress in �nding potential candidates for performance indicators.

The questions in CDP form are identi�ed by numbers and the sub-questions by
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Table 4.4: Experiment postprocess parameters details.

Parameter Description and use
-N <numSamples> number of samples to process
-in <inputFilename> input data set �le
-out <outputFilename> optional output �lename
-i <Info> mnemonic used to identify the execution in the future
-v verbose level:
None nothing is printed in auxiliary �les nor saved in logs
Plot auxiliary �les are generated but nothing in logs
Save both auxiliary �les and logs are generated
Review logs receive additional information
Debug logs receive debug information
-o <options> options speci�c to each target engine. Examples:
copy_stats=<�lepath> also copy generated statistics �le to <�lepath>

Figure 4.2: Experiment jobs schema general view.

numbers and letters. The con�guration settings can use wildcards to indicate sub-

questions inclusion (or exclusion) in the �lters. Along with this, the use (or not)

responses computed as just answered/not answered, indicated by �eld type YN,

summed up more possible combinations. Other �lters can narrow results like the

geographic region or extend the analysis with external data.

Con�guration pattern applied in preprocessing step:

<Geo><Questions>_<FieldType>[_<ExtData>]

Geo: ww|br|latam|...

Question: {[01457][ao ],}

Sub-questions: a(all),o(one-level)

ExtData: SHDI|GDP|SHDI&GDP

In the running phase, the con�guration can receive hyper parameters information

as they can vary among di�erent experiments:

54



Table 4.5: Experiment job parameters details.

Parameter Description and use
<module> correspondent step in experiment execution step
run experiment running step
preprocess experiment preprocessing step
postprocess experiment post-processing step
<command> command to be executed
pause pause jobs execution
resume resume jobs execution after been paused
�nish stop jobs execution but wait for experiments to �nish
kill stop jobs execution and force experiments to quit
update update the number of experiments executed in parallel
<job_id> job �le identi�cation
<max_num_procs> max number of experiments in parallel

<Geo><Questions>_<FieldType>[_<ExtData>][_<Algorithm_Specific>]

ClusWiSARD example:

ww0a1a_AllFT_tdauto_dl20

4.1.3 Self-test experiments

The self-test experiments are used to provide execution information about the in-

ternal mechanisms of the support system to help plan the execution of the interest

experiments. The con�guration and data sets are simple to be manually veri�ed

but complete enough to exercise all support system functions that the interest ex-

periments will use. The logs and statistics are checked in debug mode to con�rm

the expected execution. The con�guration used to accomplish it was the 0a_AllFT.

The sequence of execution and checking is shown below:

ˆ python3 experiment_preprocess.py cluster: ClusWiSARD CSV

-N 1000000 -d 2 -v Debug -i CDP_Preprocess_AllCities_-

Config0a_AllFT -in ./input/2019_Emissions_Cities_-

Dataset_DEBUG.csv -bin -csv -f I:Question&nbsp;Number=0*

-o copy_dat=./input/cdp/cluster_allcities_0a_-

AllFT.dat,copy_out=./input/cdp/cluster_allcities_0a_-

AllFT_out.csv,copy_stats=./input/cdp/cluster_allcities_-

0a_AllFT_stats.csv

ˆ python3 experiment_checklogs.py -v Save -i CDP_-

Preprocess_AllCities_Config0a_AllFT

ˆ python3 experiment_run.py cluster:

ClusWiSARD Grp -N 1000000 -d 2 -e 10 -v

Debug -i ClusWiSARD_N100000_0a_AllFT_e10 -D
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cluster:./input/cdp/cluster_allcities_0a_AllFT.dat

-o config=ww0a_AllFT,update_clusters=true,save_-

analytics=true,threshold=auto,discriminatorLimit=auto,sufix=exec_-

params,dump_data=true,configs_log=true

ˆ python3 experiment_checklogs.py -v Save -i CDP_-

Preprocess_AllCities_Config0a_AllFT

ˆ python3 experiment_postprocess.py -N 1000000 -v

Save -i CDP_Postprocess_AllCities_Config0a_AllFT

-in ./input/stats_config0a_AllFT.csv -o copy_-

stats=./input/cdp/cluster_allcities_0a_AllFT_stats_-

postprocess.csv

ˆ python3 experiment_checklogs.py -v Save -i CDP_-

Postprocess_AllCities_Config0a_AllFT

4.1.4 Clustering experiments

The clustering experiments are based on ClusWiSARD to group samples (cities) with

similar or related answers and other clustering mechanisms to validate and narrow

the quantitative analysis process. The experimental results using ClusWiSARD

can be seen as "pictures" taken from the binary correspondence of the CDP forms'

responses. The similarities in the answers are registered and used to group the

samples into clusters.

Figure 4.3: Con�guration distributions.
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The best con�gurations' distributions are those with a higher level of concentra-

tion of samples in the �rst clusters, as it is shown in Figure 4.3.

Figure 4.4: Cluster cumulative distribution.

Trends

Trends are another way to analyse which con�gurations have more chances to

produce performance indicators based on the distributions of the samples and

clusters. The computation of the trends is based on the formula 4.1.

t(c) =
NX

k=1

kSk;i � Sk;j k (4.1)

wherec is the con�guration being analysed;i <> j ; 0 < i ,j < max(clusters); Sk;i is

the k � ist sample in sample list that has clusteri as its main cluster choice;Sk;j is

the k � ist sample in sample list that has clusterj as other clusters choices.

Trend Points

Trend points are the con�gurations that can indicate higher or lower variability

among the analysed con�gurations. The trends and trend points can be seen in the

Figure 4.4.

1. a higher variability among cluster distribution indicates some hindrance in

choosing possible clusters to group a sample. Thus, the con�guration being
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evaluated is not a good candidate to o�er clear answers for performance indi-

cator candidates.

2. a lower variability among cluster distribution indicates some uniformity among

the answers. This uniformity can indicate a better place to focus on the

analysis to �nd performance indicators candidates among CDP questions.

Clustering using all cities

The �rst attempt to discover candidates to performance indicators used all available

emissions data in CDP forms related to all partnered cities. The idea was to select

and process as much available data as possible, varying the con�gurations' param-

eters, �ltering di�erent questions levels and types of �elds. The best con�guration

using all cities' data was WW_0a1a4a5a_AllFT_dl20, as shown in Figure 4.3.

Figure 4.5: Clusters distribution using con�guration ww0a1a4a5a_AllFT.

The cluster distribution of ClusWiSARD method can be seen in Figure 4.5. The

instability level of the distribution is measured by indexes 1 through 8, which repre-

sent the number of clusters chosen along with the ten executions of each ClusWiS-

ARD experiment. Here, 87% of the samples clustered in cluster 1 was also clustered

in 2 other clusters along the clustering process.

The self-test experiments indicate that ten executions are enough to generate

stable sets of clusters for ClusWiSARD using the available data.

After running the ClusWiSARD experiment using the con�guration WW_-

0a1a4a5a_AllFT_dl20, the results were narrowed using the other two methods

(hierarchical clustering and k-means). The prevalence rates are shown in Figure

4.6.
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Figure 4.6: Prevalence rate for con�guration WW_0a1a4a5a_AllFT.

The next step was to check the best prevalence rate found to get the samples to

be processed: 0,72 for cluster 03 in the hierarchical clustering method and cluster 3

in the ClusWiSARD's experiment. The result of the reprocessing is shown in Figure

4.7.

Figure 4.7: Clusters distribution using con�guration swhi3x03 0a1a4a5a_AllFT.

As expected, the distribution is much more equal since the selected samples

share features obtained using the �rst step in the process: clustering and validating

the intersection between ClusWiSARD and other clustering methods. Again, the
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prevalence rate was checked to narrow the results, as shown in Figure 4.8

Figure 4.8: Prevalence rate for con�guration SWHi3x03_0a1a4a5a_AllFT.

The next step was to apply a qualitative analysis over the results to look for

candidates to performance indicators based on the answers provided by the cities

in the selected samples. The qualitative analysis considers both the content of the

answers and how good they represent reality.

A subset of the selected samples (20%) was picked at random to be checked.

Then, the questions were analysed one by one, comparing the answers to each other

and to external data when it is available. The comparison of the answers generates

a quality indicator as described in table 4.9, in which are computed if the answers

exist or not, the variation in their values (if measurable) and how di�erent they are

from other sources. In addition, the availability, di�culty of access and reliability

of other sources are also registered and used to bind the answers.

Clustering using CDP regions

The CDP geographic regions are a categorisation used in CDP forms that can re�ect

the expansion of CDP partnerships with the cities. The regions are listed in 4.6 and

the diversity each region represents a�ected the way the answers were informed.

This diversity can be seen in the results of experiments that use CDP regions as

�ltering in the preprocessing phase, as it is shown in Figure 4.9

The clustering distribution using CDP regions is uneven, indicating the inde-

pendence of the answers from which region a city is classi�ed in the CDP database.

Therefore, CDP regions cannot be used as a reliable bias to help �nd performance
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Table 4.6: CDP codes and regions list.

Region Label Region Name
NORAM North America
EURO Europe
SEASOC Southeast Asia and Oceania
EAS East Asia
AF Africa
LATAM Latin America
SWAS South and West Asia
ME Middle East

Figure 4.9: Clusters distribution by regions using con�guration WW_0a1a4a5a_-
AllFT.

indicators among the answers. However, they can still help measure the level of

quality of the answering process.

Clustering using cities of Brazil

Another alternative approach to �nding candidates for performance indicators was

to use only the cities of Brazil present in the CDP database and compare the patterns

of cluster's distributions. There are 111 cities from di�erent regions in Brazil that

joined the CDP initiative in di�erent periods. Figure 4.10 shows the distribution of

the cities along the clusters is also uneven. It indicates a di�erent pattern than that

observed in the whole database cluster distribution.

According to Instituto Brasileiro de Geogra�a e Estatística (IBGE), Brazil is

one of the few countries with a human development index (HDI) gathered at the

city level. The sub-national human development index (SHDI) database was used

to compare the clustering results of Brazil's cities. The buildup of SHDI follows the

same rule of HDI, but with data provided and restricted do the sub-national level,
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Figure 4.10: Clusters distribution using con�guration BR_0a1a4a5a_AllFT.

like states in a federation or a city, town or local government alike. The result is

shown in Figure 4.11.

Figure 4.11: Clusters distribution using con�guration BR_0a1a4a5a_AllFT.

Clusters 9 and 11 have only high SHDI cities on them, so they were used in the

drill down to select city samples for qualitative analysis in this case. An example

of the analysed samples are in table 4.7. The �rst attempt was to take the �rst

question's values with two parts (columns) (Q_0.1_1:Administrative boundary and

Q_0.1_2:Description of the city) for all samples and compare them. Here, all

values for Q_0.1_1 were chosen "2: City / Municipality" and "1" to indicate that

the "description of the city" was informed.
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Table 4.7: Selected samples from clusters 9 and 11 and which have "high SHDI".
The answers for the Question 0.1 and its sub-questions are shown.

CDP Id City Name Cluster Q_0 
1_1 Q_0 
1_2
50383 Sorocaba 11 2 1
54681 Araçatuba 9 2 1
55380 Cubatão 9 2 1
60267 Guarujá 9 2 1
60292 Jaú 11 2 1
60318 Porto Velho 11 2 1
60349 São Leopoldo 9 2 1

The next attempt was to get another question to check. The question "Q_-

1.0:Does your city incorporate sustainability goals and targets (e.g. GHG reduc-

tions) into the master plan for the city?" was chosen, and the values for the selected

samples were "1: Yes" and "5: Don't Know".

Table 4.8: Selected samples from clusters 9 and 11 adn which have "high SHDI".
The answers for the Question 1.0 and its sub-questions are shown.

CDP Id City Name Cluster Q_1 
0
50383 Sorocaba 11 5
54681 Araçatuba 9 1
55380 Cubatão 9 1
60267 Guarujá 9 1
60292 Jaú 11 5
60318 Porto Velho 11 5
60349 São Leopoldo 9 1

These results show a direct relationship between "a plan for the city that incor-

porates sustainability goals and targets" and cluster 9. However, cluster 11, in this

extraction, remained with samples that "don't know" the answer to the question.

4.2 PIs developed from Emissions Reporting Cor-

relations

Analysing the emissions reporting data correlations are another way to look for per-

formance indicators. After some experiments with broadly used indicators like GDP,

HDI and their variants, and others like OECD, C40, GCoM and SCI memberships,

some results indicate correlations between then and emissions reported by cities.

The cities total emissions clusters distribution is shown in Figure 4.12.

Some of these correlations are already a theme of published studies. Despite the

correlation level that can be obtained using statistical methods like covariance, it is

not in the scope of this work to compare the results obtained with other published
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Figure 4.12: Cities total emissions in 2019 clusters distribution using con�guration
WW_0a1a4a5a_AllFT.

results using only statistics. Instead, this work focuses on the correlations resulting

from using ClusWiSARD method, validated with other clustering methods hierar-

chical clustering and K-means, and analysed with the help of a qualitative view over

the data.

The GHG_Group represents a normal distribution of total emissions registered

and provided by the cities in the database of CDP. The values used as percentiles

of the distribution are shown in table 4.9. The GHG_Group percentiles are uneven

along with the clusters, indicating that di�erent clusters that represent groups of

cities with similar answers, at some level, are subject to di�erent levels of emissions.

Table 4.9: Cities total emissions in 2019 distributions values and percentiles.

Label Percentile Min Value Max Value
TOP5 Up 5% 28,005915 4011,500633
TOP10 Up 10% 13,957336 28,005915
TOP25 Up 25% 3,319459 13,957335
MEAN Mean 0,219558 3,319458
BOT25 Least 25% 0,046210 0,219557
BOT10 Least 10% 0,014927 0,046209
BOT5 Least 5% 0 0,014926

Based on this fact, two hypotheses can be presented: the total emissions of a city

are not related to its level of development and the cities, in general, are incapable

of correctly registering emissions information. The results and analysis that help

answer these hypotheses are detailed in the following sections.
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4.2.1 PI: SHDI x Cities Emissions

The correlations between emissions and human development index (HDI) can be seen

in studies at the country level. Nevertheless, this work aims to use available sub-

national human development index (SHDI) information to investigate the correlation

between this index and cities total emissions. Figure 4.13 shows the SHDI along with

the cluster distribution.

Figure 4.13: SHDI clusters distribution using con�guration WW_0a1a4a5a_AllFT.

The SHDI is distributed along with all clusters, even with di�erent frequencies,

so it cannot be used alone as a performance indicator. Although, when SHDI is

mixed with total emissions, the correlation appears, as shown in Figure 4.14.

Di�erent classes combining both variables can be used to indicate some level

of development of a city in terms of emissions mitigation and reduction. These

trade-o�s can be seen in Figure 4.15, as at least two correlations can be extracted.

The "high" and "very high" SHDI indicators are in the top 5% of cities with more

emissions, indicating that high development is related to more emissions. However,

25% of cities with fewer emissions tend to have SHDI distribution more even along

with the clusters, indicating a more direct relationship between development and

emissions reductions policies.

4.2.2 PI: OECD x Cities Emissions

The organisation for Economic Co-operation and Development (OECD) is a mem-

bership of developed countries that cooperate in economic matters. The cities in

these countries follow the policies and directives negotiated in forums promoted by
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Figure 4.14: Cities total emisisons x SHDI clusters distribution using con�guration
WW_0a1a4a5a_AllFT.

OECD. To some extent, part of these policies is applied as is by the cities. The list

of countries members of OECD is available in the appendix.

The correlation between cities total emissions in 2019 and belonging to a country

being part of OECD is shown in Figure 4.16.

Based on the results shown in Figure 4.17 there is a direct relationship between

being part of OECD countries and high emission rates. As mentioned before in

this work, studies con�rm this correlation at the country level, taking all emissions

produced by the country members of the OECD and comparing them to those in

emerging and developing countries.

Even though the distribution of the cities in the CDP database does not re�ect

what is observed in the real world, the method and results still point to the same

result. The level of economic development of a country can be used as a performance

indicator about how much emissions that country proportionally produces.

4.2.3 PI: GCoM Membership

The Global Covenant of Mayors for Climate & Energy (GCoM) has more than ten

thousand participant cities. It aims to monitor hazardous events related to climate

and energy that occur inside cities' boundaries through mitigation plans and other

additional information. Some of this information is related to emissions (total and
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Figure 4.15: Cities total emisisons x SHDI correlation distribution using con�gura-
tion WW_0a1a4a5a_AllFT.

by sectors) and energy assessment and plans, as explained in table 4.10.

Table 4.10: GCoM database information: �elds and descriptions.

Field Description
GCoM Id Identi�cation of city in GCoM database
City Name City identi�cation
Compliance Year Year that city joined the initiative
Bagdes Indication of the presence of assessments, targets and plans
Emissions Emissions information (total, buildings, transportation

industry, waste and other
Hazards Indication of hazardous events (�ood, �re, chemical, etc)
Action Plan Hyperlink to the mitigation plan
Joint Plan Hyperlink to the joint plan
Adaptation Plan Hyperlink to the an adaptation plan

The GCoM membership cluster distribution is shown in Figure 4.18 and those

GCoM members that have planning actions registered in GCoM database is shown

in 4.19.

During the analysis, the prevalence between GCoM and CDP database was 73%,

indicating that 219 cities reached by CDP partnership are still not part of GCoM

by 2019. This analysis aims to verify the viability of the information provided using

CDP forms to help join other city partnerships and GCoM among them. Considering

the clusters with a prevalence ratio over 90%, clusters 5, 12, 16, 17, 18, 19, and 20

had 59 samples reprocessed. The new clusters distributions can be seen in Figures
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Figure 4.16: Cities total emisisons x OECD clusters distribution using con�guration
WW_0a1a4a5a_AllFT.

4.20.

Analysing the new cluster distribution, the stable clusters (samples distributed

to only one cluster along with ten executions), which was clusters 8, 9, 13, 14, 15,

16 and 17, selected ten samples that were analysed in detail to look for similarities

in the responses to the questions. Starting the qualitative analysis with question

1.0 ("Q_1.0:Does your city incorporate sustainability goals and targets (e.g. GHG

reductions) into the master plan for the city?"), all but one city answered "1: Yes" to

it, as shown in table 4.11. Only Hollywood/FL indicates that the city has produced

the plan ("2: In Progress").

Reinforcing the tendency to the application of sustainability-oriented plans, all

cities responded "1: Yes" to questions "4.0:Does your city have a city-wide emissions

inventory to report?" and "5.5:Does your city have a climate change mitigation or

energy access plan for reducing city-wide GHG emissions?". This indicates that

planning for emissions reductions using energy access plan can be used as a per-

formance indicator when comparing di�erent cities which are partners in emissions

reductions initiatives like GCoM. The results are listed in table 4.11.

However, the data obtained during the implementation of the plans are not

uniform. A reason is that even though these cities were selected by representing

overall performance, their methodology varies based on many aspects not covered

by the questions set. An example of it is the question "4.3:Please give the name

of the primary protocol; standard; or methodology you have used to calculate your

city's city-wide GHG emissions".
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Figure 4.17: Cities total emisisons x OECD correlation distribution using con�gu-
ration WW_0a1a4a5a_AllFT

Table 4.11: Selected samples clusters 8, 9, 13, 14, 15, 16 and 17 which are also present
in GCoM database. The answers to the questions 1.0, 4.0 and 5.0 are shown.

CDP Id City Name Cluster Q_1.0 Q_4.0 Q_5.0
31051 Coventry 9 1 1 1
31177 Salt Lake City 9 1 1 1
32480 Adelaide 13 1 1 1
35993 Singapore 14 1 1 1
43938 Dubai 15 1 1 1
49334 Richmond/VA 8 1 1 1
53959 Fayetteville/AR 8 1 1 1
54082 Hollywood/FL 16 2 1 1
54517 Örebro 17 1 1 1
57616 Lake Forest/IL 8 1 1 1

Most of the cities use "4: U.S. Community Protocol for Accounting and Re-

porting of Greenhouse Gas Emissions (ICLEI)", which indicates the adherence to

United States regulations by cities in the U.S. Options "5:Regional or country-

speci�c methodology" and "6:City speci�c methodology" are also implemented.

However, only two cities used global initiatives protocol like "1:Global Protocol for

Community Greenhouse Gas Emissions Inventories (GPC)". The results are listed

in table 4.12.

Although the planning over energy aspects provided at the city level can be

used as a performance indicator for emissions reduction, the distribution of cities

through CDP regions is uneven as it is the distribution of emissions production.

These can be viewed in Figures 4.21 and 4.22. The region distribution indicates a

higher number of Latin American cities in cluster 1, indicating high participation
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Figure 4.18: GCoM clusters distribution using con�guration WW_0a1a4a5a_-
AllFT.

Table 4.12: Selected samples clusters 8, 9, 13, 14, 15, 16 and 17 which are also
present in GCoM database. The answers to the Question 4.3 are shown.

CDP Id City Name Cluster Q_4 
3
31051 Coventry 9 5
31177 Salt Lake City 9 4
32480 Adelaide 13 1
35993 Singapore 14 3
43938 Dubai 15 6
49334 Richmond/VA 8 4
53959 Fayetteville/AR 8 4
54082 Hollywood/FL 16 4
54517 Örebro 17 5
57616 Lake Forest/IL 8 1

of Brazil's cities in the GCoM database and with similar responses, reinforcing the

hypothesis of di�erent levels of development of tools to face emissions reduction

challenges. However, the GCoM database con�rms the concentration of cities with

high levels of emissions generation. The presence of TOP5, TOP10 and TOP25

groups in cluster 1 is a clear indication of that.

4.2.4 PI: C40 Membership

The C40 is a coalition of cities to share experiences dealing with climate challenges

like emissions produced by the cities. The list of participant cities in the C40

organisation in 2019 is available in the appendix. The cluster distribution of C40

members is shown in Figure 4.23.
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Figure 4.19: GCoM planning clusters distribution using con�guration WW_-
0a1a4a5a_AllFT.

Of 98 cities that participate in the C40 consortium, 76 is also in the CDP initia-

tive. Looking at cluster 8, which 81% of samples are part of C40, and clusters 17,

18, 19 and 20, with 100% C40 members, they were selected and the distribution of

the questions 1.0, 4.0 and 5.0 was veri�ed. The distribution is shown in table 4.13

for comparison.

Table 4.13: Selected samples clusters 8, 17, 18, 19 and 20 which are also in C40 cities
database. The answers frequencies to the questions 1.0, 4.0 and 5.0. are shown.

Question Positive
Answers

Negative
Answers

1.0: Does your city incorporate sustainability goals and targets
(e.g. GHG reductions) into the master planning for the city?

97.37% 2.63%

4.0: Does your city have a city-wide emissions inventory to report 94.74% 5.26%
5.0: Do you have a GHG emissions reduction target in place at
the city-wide level?

80.26% 19.74%

Although quite all C40 cities (97.37%) have sustainability goals in place, almost

20% of them does not have a target of GHG reduction being executed. Considering

that C40 cities have similar SHDI on average (821) as cities in CDP (826), the SHDI

level cannot explain the lack of emissions reduction by part of the C40 cities. The

distribution of clusters along 19 slots indicates instability in deciding which cluster

is the best representative of the data set provided by the city. This behaviour is

shown in Figure 4.24.

On the other side, the cluster distribution by regions has a better segregation as

it is shown in Figure 4.24. The most populated clusters in this case (1, 2 and 3)
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Figure 4.20: GCoM selected samples clusters distribution using con�guration
WW_0a1a4a5a_AllFT.

has only the EURO region in all of them. The other regions are distributed spa-

tially along with the clusters. It reinforces even more di�erences in cities' responses

from di�erent regions, although the e�orts in considering C40 a global initiative to

promote emissions reduction.

The concentration of higher emissions rates is another characteristic of C40 cities.

In both correlation and samples distribution view, as shown in Figures 4.26 and 4.27,

the indication of TOP25, TOP10 and TOP5 emissions is evident and point to the

right choice for picking high emissions cities but have conditions to be organised

around emission reduction goals.

4.2.5 PI: Smart Cities Index Membership

A consortium of international organisations maintains the Smart Cities Index (SCI)

to rank cities in terms of developing connectivity to services provided by the cities.

The list of cities in SCI in 2019 is available in the appendix. The cluster distribution

of SCI members is shown in Figure 4.28.

The SCI 2019 had 111 cities, and 63 of them are part of the CDP initiative. Even

though it is not expected that all SCI cities have any direct goal related to emissions

reduction, selecting the ones that are part of the CDP initiative introduces a bias

that needs to be considered during the analysis. The clusters with SCI minimal

prevalence were 1, 7, 9, 16, 18, 19, and 20, and the frequency of positive answers

is similar to those of C40, although the execution of the actions is better. The

distribution is shown in table 4.14 for comparison.

The distribution of the answers is a little more stable in this case. Still, 10%
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Figure 4.21: GCoM selected samples regions distribution using con�guration WW_-
0a1a4a5a_AllFT.

Table 4.14: Selected samples clusters 1, 7, 9, 16, 18, 19 and 20 which are also in SCI
database. The answers frequencies to the questions 1.0, 4.0 and 5.0 are shown.

Question Positive
Answers

Negative
Answers

1.0: Does your city incorporate sustainability goals and targets
(e.g. GHG reductions) into the master planning for the city?

93.65% 6.35%

4.0: Does your city have a city-wide emissions inventory to report 96.83% 3.17%
5.0: Do you have a GHG emissions reduction target in place at
the city-wide level?

90.84% 9.52%

of the selected cities does not have a GHG emissions reduction target in place. In

table 4.15 is a list of cities that have at least one negative answer. In clusters 1 and

2, we have situations that represent errors during data processing or cities entered;

the value "0" indicates that no information was provided. However, in clusters 4

and 7, there are some indications of "planning and not executing", con�rming some

cities have problems running the last mile and, for this, not getting the full bene�ts

from emissions reduction initiatives.

The average of SHDI for cities in SCI is very high (879) and it is inclined to some

uniformity in answers for at least 90% of them. It can be seen in distributions by

clusters and by regions in Figures 4.29 and 4.30. The GHG emissions distribution

tends to be more elevated in SCI also then average CDP cities, as shown in Figure

4.31.
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Figure 4.22: GCoM selected samples GHG_Group distribution using con�guration
WW_0a1a4a5a_AllFT.

Table 4.15: Selected samples clusters 1, 2, 4, 7 from SCI samples featuring questions
1.0, 4.0 and 5.0 and SHDI.

CDP Id Cluster City Name Country Q_1.0 Q_4.0 Q_5.0 SHDI
31167 7 Lagos Nigeria 1 1 5 673
31171 7 Madrid Spain 4 1 1 928
31180 4 Santiago Chile 1 1 5 845
35885 7 Tel Aviv-Yafo Israel 3 1 5 906
35913 7 Nairobi Kenya 1 3 5 644
51075 1 Shenzhen China 1 4 3 791
54291 1 Chengdu China 1 0 0 716
54306 1 Medan Indonesia 0 3 1 718
54457 1 Hamburg Germany 0 1 4 975
59595 2 Brisbane/CA United States 0 1 1 930
826237 4 Madrid Colombia 1 1 5 767

4.3 KPIs developed from the Emissions Reporting

Maturity Model

4.3.1 KPI: Emissions Reporting Maturity Level

The emissions reporting maturity level (ERM-L) can be used to measure the overall

capability of a city to select, process and deliver information about emissions in

both city-wide and city-administration scopes. The ERM-L can vary from 0 to 5,

as established in the emissions reporting maturity model (ERMM). The processes

de�ned in ERMM were evaluated based on the data provided by the cities to obtain

the ERM-L. The processing results for the 814 cities in the CDP database are
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Figure 4.23: C40 clusters distribution using con�guration WW_0a1a4a5a_AllFT.

presented in the appendix of this work. The table 4.16 shows the ERM-L for some

cities in Brazil. The PI values for the processes are also shown: data modelling, data

acquisition, data processing, data analysis, build, publish, deployment, monitoring.

One of the processes evaluated to obtain the ERM-L is data acquisition. One of

the practices evaluated is the quality of answering from those cities. The distribution

of the quality indicator (IND) is shown in Figure 4.32

Analysing the clusters distribution and quality indicator labels, clusters 5 and 7

do not have any samples in the best 10% in terms of answering quality. It indicates

the uneven balance between the answers provided by the cities and the quality of

the answering process.

4.3.2 KPI: Emissions Reporting Maturity Level by Regions

The �ndings obtained from the execution of the EMM-L process over the cities in

the CDP database indicate di�erences when using the CDP region information as a

�lter. Further experiments executed with other region-based distributions (Country,

e.g.) show similar behaviour in clusters distribution. The region type attributes can

interfere in the level of achievement of the processes and the evaluation of some

capabilities. Thus, to achieve better results with ERMM, it is essential to consider

region alike attributes, even to use them to the obtained results from the method.

The distributions of quality indicator (IND) are shown in Figures 4.33 and 4.34,

clearly indicating the di�erences between the quality of the answers and the CDP

regions, taking into consideration the clusters distribution of the answers from the

cities.
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Figure 4.24: C40 samples clusters distribution using con�guration WW_0a1a4a5a_-
AllFT.

4.4 Other Observations

During the experiments, some analyses demonstrated cities' behaviours that should

be objects in future studies. Among some examples of this are the few cities from

OPEC countries, the di�erences in the distribution of clusters for G7 and G20 cities,

and the economic bias encountered in the metrics used in some cities rank systems.

The results of these analyses are detailed in the following sections.

4.4.1 OPEC cities participation

The organisation of the Petroleum Exporting Countries (OPEC) was founded to

coordinate and unify the petroleum production policies of member countries. Some

experiments presented in this work used global memberships as OPEC to guide

some analyses and validate the results. Only 4 in the 814 cities belong to countries

members of OPEC. The distribution of clusters is shown in Figure 4.35.

The cities are distributed along with the clusters 1, 7, and 20, indicating that even

participating in an organisation like OPEC, these cities answered CDP questions

di�erently.

4.4.2 G20 and G7 comparison

The G7 is the group of the most developed countries (Canada, France, Germany,

Italy, Japan, United Kingdom, United States), representing 30.84% of the CDP
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Figure 4.25: C40 samples regions distribution using con�guration WW_0a1a4a5a_-
AllFT.

database. Adding the group of developed and emerging countries (Argentina, Aus-

tralia, Brazil, China, India, Indonesia, Mexico, Russia, Saudi Arabia, South Africa,

South Korea, Turkey), this rate rises to 65.11%. The cluster distributions are shown

in Figures 4.36 and 4.37. The distributions in some clusters represent the variation

of answers provided by the cities and, for instance, the variation in the levels of

development of the cities.

4.4.3 Ranks de�ned by short-term economic goals

Analysing the additional (external) data used to validate the results from the ex-

periments, some aspects in the questions related to clarity, quality and application,

show some characteristics that indicate short-term economic challenges only. For

example, even in the CDP database, some questions have the option "2: Yes, in 2

years", but we cannot �nd any other question pointing to mid or long-term goals.
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Figure 4.26: C40 samples GHG_Group distribution using con�guration WW_-
0a1a4a5a_AllFT.

Figure 4.27: GHGxC40 correlation using con�guration WW_0a1a4a5a_AllFT.
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Figure 4.28: SCI clusters distribution using con�guration WW_0a1a4a5a_AllFT.

Figure 4.29: SCI samples clusters distribution using con�guration WW_0a1a4a5a_-
AllFT.
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Figure 4.30: SCI samples regions distribution using con�guration WW_0a1a4a5a_-
AllFT.

Figure 4.31: SCI samples GHG_Group distribution using con�guration WW_-
0a1a4a5a_AllFT.
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Table 4.16: ERM-L method execution for Brazil cities.

CDP Id City Name ERM-L D
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31156 Curitiba 1 1 110 0 1 0 0 1 1
31176 Rio de Janeiro 3 1 111 1 4 1 0 1 1
31184 São Paulo 2 1 101 1 1 1 0 1 1
35848 Belo Horizonte 1 1 100 0 2 1 0 1 1
35865 Fortaleza 1 1 100 0 1 1 0 1 1
35872 Recife 0 0 100 0 2 0 0 1 1
35880 Porto Alegre 2 1 100 1 1 0 0 1 0
35897 Campinas 3 1 100 1 2 0 0 1 1
36041 Belém 0 1 000 1 1 0 0 1 0
42120 Salvador 1 1 110 0 1 1 0 1 1
42123 Goiânia 2 1 100 1 1 1 0 1 0
Note: ERM-L values can vary from 0 to 5. The range values for the

performance indicators are: Data Modeling (0-1); Data Acquisition
(0-1) in each sub-item; Data Processing (0-1); Data Analysis (0-5);
Report Building (0-1); Report Publishing (0-1); Deployment (0-1);
Monitoring (0-1)

Figure 4.32: Quality indicator distribution using con�guration WW_0a1a4a5a_-
AllFT.
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Figure 4.33: Quality indicator distribution using con�guration WW_0a1a4a5a_-
AllFT for regions NORAM, LATAM, EURO, SEASOC.

Figure 4.34: Quality indicator distribution using con�guration WW_0a1a4a5a_-
AllFT for regions AF, SWAS, EAS, ME.
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Figure 4.35: OPEC clusters distribution using con�guration WW_0a1a4a5a_-
AllFT.

Figure 4.36: G7 clusters distribution using con�guration WW_0a1a4a5a_AllFT.
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Figure 4.37: G20 clusters distribution using con�guration WW_0a1a4a5a_AllFT.
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Chapter 5

Conclusion and future works

This session shows the main �ndings of this study and their impacts. Emissions

reporting empowerment is one of the highlights of this work to help leverage the

overall capacity of the cities to deal with emissions reduction issues and challenges.

For example, the analysed cities struggle to convert emissions reporting information

into actionable processes to enforce emissions reduction policies. This work points to

the lack of reliable information or e�cient means to correctly inform emissions facts

along the decision chain as the leading cause. It also occurs when comparing the

data from databases provided by cities consortia and memberships like GCoM and

C40 with the disclosure data provided by the cities in the CDP database. Another

issue is the absence of patterns for exchanging information about emissions-related

data among the major databases, such as electronic data interchange (EDI).

The performance indicators development process (PIDP), which is an important

contribution of this work, searches for PIs among the analysed data. For example,

some correlations of the emissions reporting data and external indicators and indexes

can establish the basis for PIs. However, the search for PIs looking into patterns for

the answers provided by the cities failed. The main reason was the lack of quality

in the data made available. Therefore, a qualitative analysis was made based on the

data produced by the clustering iterations. These analyses indicated a gap between

the responses provided by the cities and the related indicators used to show emissions

levels, impacts, and mitigation policies. It happened due to the low-reliability level

of the information found within the sample data analysed.

However, the analyses promoted in the scope of PIDP over the data could ex-

pose the ine�ciencies found in the emissions reporting processes. For example,

consistency errors in the forms and between the information reported and external

sources were constantly found in the majority of the cities. The motives for this are

not established, but based on the diversity of the cities analysed that showed these

di�culties, the lack of standardisation and e�ectiveness of the emissions reporting

processes can explain that.
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Thus, this work proposes the emissions reporting maturity model (ERRM) as

the main contribution. This model can be used to leverage the emissions reporting

processes e�ciency and, by doing this, to achieve better results in the emissions

reduction policies implementation. In this case, the PIDP results can be used to

guide the survey of the processes subject to the ERMM: a city that aims to build an

ERMM should apply a survey over the processes owned by the areas that deal with

emissions. In this processes survey, the main goal is to identify processes impacted

by or executed by emissions reduction initiatives. The survey maps processes, re-

lated goals of each process and the practices exercised by them. Thus, performance

indicators are de�ned to gauge the impact of the implementation of these processes.

Nevertheless, it is expected of a maturity model to have improvements over time,

mainly because its e�ectiveness is tightly related to its application.

The �ndings of this work also suggest the need to investigate if the reporting

issues associated with the emissions policies in the cities apply to other areas of

interest: energy, transportation, employment are some areas that can bene�t from

a reporting maturity model. The ERMM is �exible enough to embrace these other

areas and their challenges. The mapped processes, goals, practices and capabilities

can transcend the challenges speci�c to each area of interest.

Another possible future contribution is to use the ERMM to help design an

AI-based helper system toward e-government full implementation. The ERMM can

map the processes that use "Internet of things" (IoT) to provide reliable information

about emissions. Furthermore, the ERMM can use AI to search for patterns, best

performance cases, successfully applied policies and social and economic return over

investment (ROI). Finally, the evolutive aspect of ERMM is an advantage to the

cities to adopt and share expertise in emissions reduction policies.
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