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Abstract
Land consumption is the permanent or reversible 
transformation of non-artificial into artificial land cover, that 
leads to urban sprawl and densification, as well as the loss of 
the soil resource. The impervious cover of the land surface 
causes land degradation, as it contributes to increasing 
environmental and territorial risks. Mapping and monitoring 
the urban growth is therefore essential for sustainable 
development. Earth observation remote sensing is a powerful 
way to provide continuous information on land cover changes. 
Among various satellite datasets, the multi-decadal archive of 
Landsat images is particularly suitable for many urban change 
detection studies. The aim of this thesis is to extract land 
consumption information from open Landsat satellite imagery 
by applying different algorithms, also with some innovative 
elements, in the Google Earth Engine (GEE) cloud environment. 
The first change detection method implied the development 
and application of a novel index-based image classification 
approach, involving multiple decision rules, from Landsat 8 
data. The “post-classification comparison” between binary 
“Urban/Non-urban” maps, followed by the “image 
differencing” between multi-date land surface albedo maps, 
was successfully tested for the study area of Bitritto and 
subsequently applied to the Bari territory (2015-2023), with 
very good results. The second change detection method 
consisted in the implementation of the Continuous Change 
Detection and Classification algorithm in GEE, involving a stack 
of multitemporal cloud-free Landsat images to identify 
temporal spectral behavior, pixel-by-pixel. The multitemporal 
“Urban/Non-urban” maps, produced using per-pixel model 
coefficients as input variables for Random Forest 
classifications, subsequently underwent “post-classification 
comparison” and allowed to retrieve urban growth 
information, with very satisfactory results, for all the capitals of 
Italian regions (2006-2023). 
Both methods slightly underestimated the changes that really 
occurred, due to the “mixed pixels” issue and the filtering 
techniques, while GEE allowed relatively rapid processing of 
remote sensing data.
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EXTENDED ABSTRACT (eng) 

 

Land consumption is the permanent or reversible transformation of non-

artificial into artificial land cover, linked to settlements and infrastructural dy-

namics, that leads to urban sprawl and densification, as well as the loss of the 

soil resource. The permanent covering of the soil with impervious materials (de-

fined as “soil sealing”) is a major cause of land degradation, as it compromises 

soil ecosystem services and contributes to increasing environmental and territo-

rial risks. 

Mapping and monitoring of urban growth aims at identifying the amount and 

location of land cover changes, in order to develop and analyze different strate-

gies for sustainable development. Earth observation remote sensing is a power-

ful way to provide continuous information on land cover changes at different 

geographical scales of analysis, offering unique advantages in terms of spatio-

temporal coverage and cost. Among various satellite datasets, the multi-

decadal archive of medium-resolution Landsat images is considered particularly 

suitable for many urban change detection studies. 

Several techniques have been developed and implemented over the years to 

detect changes occurred on the Earth’s surface from remotely sensed satellite 

data. Nevertheless, the opening of the Landsat archive in 2008 allowed the 

formulation of new approaches (such as the “Continuous Change Detection and 

Classification” algorithm) that use a stack of all available images over a given 

study area. 

However, such approaches require huge amount of data storage and computa-

tions. To overcome this issue, cloud-based platforms (e.g., Google Earth Engine) 



  

are actually very used for research purposes since they allow access to multiple 

image processing algorithms and numerous public satellite datasets. 

The objective of this thesis is to extract land consumption information from 

open Landsat satellite imagery by applying different algorithms, also with some 

innovative elements, in the Google Earth Engine cloud environment, where ap-

propriate JavaScript codes were written and implemented. 

The first change detection method used implied the development and applica-

tion of a novel index-based image classification method, involving multiple deci-

sion rules, to retrieve multitemporal “Urban/Non-urban” maps from Landsat 8 

data. These maps underwent a “post-classification comparison”, pixel-by-pixel, 

followed by an “image differencing” between multi-date land surface albedo 

maps and a neighborhood filtering technique. This approach, successfully tested 

for the study area of Bitritto (a town proximal to the municipality of Bari, the 

capital city of Apulia Region in southern Italy), was subsequently applied to ob-

tain urban growth map for the Bari territory, from 2015 to 2023. The results 

were satisfactory since high accuracies were found for the change maps for 

both Bitritto and Bari case studies. Further analysis consisted in quantifying the 

absolute, relative and annual average land loss (i.e., urban growth metrics) for 

the Bari area. 

The second change detection method consisted in the implementation of the 

Continuous Change Detection and Classification algorithm, involving a stack of 

multitemporal cloud-free Landsat images to identify temporal spectral behavior 

on a pixel-by-pixel basis, obtained by comparing satellite observations with ob-

servation-fitted model predictions. This approach allowed to extract multitem-

poral “Urban/Non-urban” maps using per-pixel model coefficients as input vari-

ables for Random Forest classifications. The maps underwent “post-

classification comparison” and a mode filtering technique; then, urban growth 

maps and metrics were retrieved, with very satisfactory result, for Bari (2015-

2023) and for all the twenty capitals of Italian regions (2006-2023). Further 

analysis, concerning the study area of Bari, consisted in overlapping the urban 



growth map (2006-2023) with the map of hydraulically hazardous areas (delimi-

tated by the Basin Authority for the hydro-geological asset plan of the Apulia 

Region) in order to verify the effectiveness of land planning in avoiding urban 

sprawl and densification in protected areas and the consequent increase of hy-

dro-geological risk.  

Both the change detection approaches slightly underestimated the changes that 

really occurred, due to the 30 m geometric resolution of the Landsat images 

(causing the “mixed pixels issue, which limited the ability of the methods to de-

tect small changes), and the filtering techniques. 

Lastly, the Google Earth Engine platform, free-to-use for research purposes, al-

lowed relatively rapid processing of remote sensing data, particularly with re-

spect to the Continuous Change Detection and Classification method, which re-

quires high computational resources. 

 

Keywords: Remote sensing, open satellite data, urban growth, 

land cover change, soil sealing, cloud computing. 

 



  

 

 



 

 

 

 

EXTENDED ABSTRACT (ita) 

 

Il consumo di suolo rappresenta la trasformazione, permanente o rever-

sibile, della copertura del suolo da non artificiale ad artificiale, legata a dinami-

che insediative ed infrastrutturali, che comporta l’espansione e la densificazione 

urbana, così come la perdita della risorsa suolo. La copertura permanente del 

suolo con materiali impermeabili (definita “soil sealing”) è una delle cause prin-

cipali di degradazione del suolo, poiché ne compromette i servizi ecosistemici e 

contribuisce ad incrementare fenomeni di rischio ambientale e territoriale. La 

mappatura e il monitoraggio della crescita urbana mira ad individuare la quanti-

tà e la localizzazione dei cambiamenti di copertura del suolo, al fine di sviluppa-

re ed analizzare differenti strategie per lo sviluppo sostenibile. Il telerilevamen-

to per l’osservazione della Terra è un potente strumento per fornire continue 

informazioni sui cambiamenti di copertura del suolo a differenti scale geografi-

che di analisi, offrendo vantaggi unici in termini di copertura spazio-temporale e 

costi. Tra vari datasets satellitari, l’archivio multi-decennale di immagini Landsat 

a media risoluzione è considerato particolarmente adatto per molti studi di 

change detection a scala urbana.  

Diverse tecniche sono state sviluppate e implementate negli anni per individua-

re i cambiamenti avvenuti sulla superficie terrestre da immagini satellitari teleri-

levate. Tuttavia, l’apertura dell’archivio Landsat nel 2008 ha permesso lo svilup-

po di nuovi approcci (come l’algoritmo di “Continuous Change Detection and 

Classification”) che usano uno stack di tutte le immagini disponibili su una data 

area. Tuttavia, tali approcci richiedono un’enorme quantità di archiviazione dati 

e di calcolo. Al fine di superare questo problema, piattaforme cloud (come Goo-



  

gle Earth Engine) sono oggi molto utilizzate per scopi di ricerca poiché permet-

tono l’accesso a diversi algoritmi di processamento delle immagini e numerosi 

datasets satellitari pubblici.  

L’obiettivo del presente lavoro di tesi è di estrarre informazioni sul consumo di 

suolo mediante utilizzo di immagini satellitari open Landsat applicando differen-

ti algoritmi, anche con alcuni elementi innovativi, in ambiente cloud Google 

Earth Engine, dove appropriati codici JavaScript sono stati sviluppati e imple-

mentati. 

Il primo metodo di change detection utilizzato ha implicato lo sviluppo e 

l’applicazione di un nuovo metodo di classificazione delle immagini index-based, 

che utilizza multiple regole decisionali al fine di ricavare mappe “Urban/Non-

urban” multi-temporali da dati Landsat 8. Queste mappe sono state sottoposte 

a “post-classification comparison”, pixel per pixel, seguito da “image differen-

cing” tra mappe di albedo superficiale multi-temporali e da una tecnica di fil-

traggio di vicinanza. Questo approccio, testato con successo sull’area di studio 

di Bitritto (un paese prossimo al Comune di Bari, il capoluogo della Regione Pu-

glia, nel sud Italia), è stato in seguito applicato al fine di ottenere la mappa di 

crescita urbana per il territorio di Bari, avvenuta tra il 2015 e il 2023. I risultati 

sono stati soddisfacenti poiché sono stati ottenuti alti valori di accuratezza ri-

guardo le mappe di cambiamento su entrambi i casi studio di Bitritto e di Bari. 

Ulteriori analisi hanno riguardato la quantificazione del consumo di suolo in 

termini assoluto, relativo e annuale medio (ovvero le metriche di crescita urba-

na) per l’area di Bari. 

Il secondo metodo di change detection ha riguardato l’implementazione 

dell’algoritmo di Continuous Change Detection and Classification, che usa uno 

stack di immagini multi-temporali prive di nuvole Landsat per individuare il 

comportamento spettrale nel tempo di ogni pixel, ottenuto mediante il con-

fronto tra le osservazioni satellitari e i valori predetti di un modello fittato sulle 

osservazioni. Questo approccio ha permesso di estrarre mappe “Urban/Non-

urban” multi-temporali utilizzando i coefficienti del modello, pixel per pixel, 



come variabili di input per classificazioni Random Forest. Le mappe sono state 

sottoposte a “post-classification comparison” e ad una tecnica di filtraggio mo-

dale; in seguito, le mappe e le metriche di crescita urbana sono state ricavate, 

con risultati abbastanza soddisfacenti, su Bari (2015-2023) e su tutti i venti ca-

poluoghi di regione italiani (2006-2023). Ulteriori analisi, riguardo l'area di stu-

dio di Bari, hanno riguardato la sovrapposizione della mappa di crescita urbana 

(2006-2023) con la mappa delle aree di pericolosità idraulica (delimitate 

dall’Autorità di Bacino per il piano di assetto idro-geologico della Regione Pu-

glia) al fine di verificare l’efficacia della pianificazione territoriale nell’evitare 

l’espansione e la densificazione urbana in aree protette e il conseguente au-

mento del rischio idro-geologico. 

Entrambi i metodi di change detection hanno leggermente sottostimato i cam-

biamenti realmente avvenuti, a causa della risoluzione geometrica di 30 m delle 

immagini Landsat (che comporta il problema dei “pixel misti”, che ha limitato la 

capacità dei metodi di individuare piccoli cambiamenti) e delle tecniche di fil-

traggio. 

Infine, la piattaforma Google Earth Engine, gratuita per fini di ricerca, ha per-

messo una elaborazione relativamente rapida dei dati telerilevati, in particolar 

modo riguardo il metodo di Continuous Change Detection and Classification che 

richiede alte risorse computazionali. 

 

Keywords: Remote sensing, open satellite data, urban growth, 

land cover change, soil sealing, cloud computing. 
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INTRODUCTION 

 

Urbanization is one of the main triggering factors for land use/land cover 

(LU/LC) changes in cities worldwide. Urban growth, i.e. the increase in artificial 

surfaces in urban areas as a result of the construction of new buildings, roads 

and other impervious¹ surfaces, has significant environmental and territorial 

impacts. Soil is an essential, multifunctional and vital ecosystem. It provides 

food, biomass and raw materials; it is a key element of the landscape and cul-

tural heritage; and it plays a fundamental role in maintaining biodiversity, 

providing habitats for many living species. Soil stores, filters and transforms 

many substances, including water, nutrients and carbon. It is therefore highly 

valuable from both an environmental and socio-economic perspective. As a lim-

ited and practically non-renewable resource, soil needs to be protected and 

preserved for future generations. Among other causes of soil degradation (such 

as erosion, pollution and salinization), soil sealing, meaning the permanent cov-

ering of soil with impermeable man-made materials such as concrete and as-

phalt, is one of the most serious issues because of the negative impact it can 

generate on soil ecosystem services [1-5].  

In an urban system, the natural ecosystem component is uniquely intercon-

nected with the social, economic, cultural and political components. Indeed, all 

cities face today the challenge of reconciling economic activity and growth with 

environmental considerations in order to achieve sustainable development.  

Land consumption (Figure 0.1), defined as the conversion of non-artificial cover 

(i.e. agricultural, natural or semi-natural cover) to an artificial cover (buildings, 

infrastructures, mining areas, construction sites, photovoltaic plants or other 

paved areas) of the soil, in a permanent or reversible manner, is a process asso-

ciated with the loss of the soil resource, and is linked to settlement and infra-

structural dynamics resulting from urban sprawl, densification or the conversion 

of land in urban context [3-4].  
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Fig. 0.1 - Example of land consumption in the city of Catania (2020-2022). Source: [4] 

Several factors are driving this process, such as: 

▪ the population growth; 

▪ the demand for a better quality of life and standard of living; 

▪ the demand for greener and more attractive housing outside the city 

center; 

▪ the mass tourism; 

▪ the lack of appreciation of the value of soil as a limited resource [3]. 

As mentioned above, the permanent covering of soil with impervious materials 

(soil sealing) is one of the main causes of land degradation because it compro-

mises the ecosystem functions of soil. In particular, soil sealing has an impact on 

(not exhaustive list [3]): 

▪ soil’s water retention capability: sealing reduces the amount of precipi-

tation that can be absorbed by the soil. Soil-water dynamics depend on 

various mechanisms that control the hydrological balance. Indeed, not 

all the water that reaches a basin infiltrate into the soil. According to a 

conceptual scheme, part of the precipitation runs off the surface and 

part returns to the atmosphere through evapo-transpiration [6-7]. The 

reduced capacity of the soil to absorb water (Figure 0.2) increases runoff 

and the flooding risk. Furthermore, most of the water stored in the soil 

is available to the vegetation; therefore, reduced water retention capac-
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ity increases also the risk of drought, thereby increasing the need for ir-

rigation and exacerbating salinization problems in agriculture; 

 

Fig. 0.2 - Relationship between impervious cover and hydrological balance 

components. Source: [8] 

▪ microclimate in urban environments: sealing reduces the evapo-

transpiration (due to the loss of soil and vegetation) and increases the 

absorption of solar energy (due to asphalt and concrete) in urban areas, 

contributing to the urban heat island effect, which could be particularly 

dangerous for human health during heat waves; the presence of green 

spaces in a city contributes also to temperature regulation and has a 

positive effect on air humidity; 

▪ carbon cycle: the soil removed during construction activities (i.e. the 

topsoil) contains a huge amount of organic carbon, which is partly irre-

trievably lost even if it is reused; 



Carlo Barletta | XXXVII cycle 

16 

 

▪ air pollution: the loss of trees and vegetation (which can trap particles 

and pollutant gases, in addition to influencing wind turbulence) has also 

a negative impact on air quality in urban areas; 

▪ biodiversity: sealing reduces the presence of below-ground micro-

organisms (which are fundamental for breaking down organic matter in 

the soil, recycling nutrients and sequestering and storing carbon) and 

compromises the survival of many above-ground animal species, threat-

ening their habitats; 

▪ landscape: sealing could contribute to landscape degradation, which has 

a negative impact on some economic activities such as tourism [3]. 

Monitoring and evaluating the soil sealing process is very important to under-

stand and tackle the problem of soil degradation. Studies on land consumption 

usually focus on mapping the phenomenon in a geographical context and de-

tecting temporal changes. Detailed visualization and quantification of impervi-

ous surfaces and monitoring of urban expansion provide potentially valuable in-

formation for understanding urban patterns and dynamics, for developing new 

sustainable land management strategies or for evaluating the effectiveness of 

actual policies in addressing the adverse impacts of soil sealing. The monitoring 

of urban growth is mainly aimed at identifying the type, amount and location of 

land transformation [1, 9-11]. 

Ground-based data collection is generally time consuming, labour-intensive and 

costly. In contrast, Earth Observation (EO) remote sensing techniques are well 

suited to continuously acquire information on LU/LC changes at different geo-

graphical scales of analysis (from small areas to national or global scales), offer-

ing unique advantages in terms of spatio-temporal coverage and cost.  

EO remote sensing is a technique that uses sensors, at a certain distance from 

the Earth, to measure the amount of electromagnetic energy coming from an 

area on the land surface, and then uses digital image processing to gather in-

formation from this data. 
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The main challenges that need to be addressed to obtain information on LU/LC 

changes from EO satellite data are: 

▪ the geometric resolution of the sensor should be sufficient to spatially 

differentiate features; 

▪ the spectral and radiometric resolutions of the sensor should allow ob-

jects to be separated thematically; 

▪ the temporal resolution should be sufficient to provide information on 

changes occurred over time [1, 9-14]. 

Change detection is the process of identifying differences in the state of specific 

characteristics of an object or phenomenon by measuring, analyzing and com-

paring it at different times. For LU/LC change detection, the basic premise is 

that LU/LC variations of an area should result in a change in the energy meas-

ured by the sensor (the radiance) and that this change should be greater than 

the radiance change caused by other factors (such as differences in atmospheric 

conditions, in the solar angle or in soil moisture conditions).  

Various procedures have been proposed over the years to perform LU/LC 

change detection analyses from single multi-temporal satellite imagery, includ-

ing “image classification and post-classification comparison”, “image differenc-

ing”, “image ratioing”, “change vector analysis”, “image regression”, and so on 

[15-17]. Among them, “image classification and post-classification comparison”, 

consisting in comparing multi-date LU/LC classified maps on a pixel-by-pixel lev-

el, is a simple, effective, and widely used method but it is prone to error propa-

gation from the independently classified maps [17].  

A wide range of methods have been developed in the literature for LU/LC classi-

fication of satellite images such as supervised, unsupervised, object-based, in-

dex-based, sub-pixel, spectral mixture analysis etc. [1, 9, 18]. Each method has 

its pros. and cons., and the selection of the most suitable classifier depends on 

many factors including algorithm performance, analyst experience, and compu-

tational resources. In general, the classification of remotely sensed images is a 

complex process that involves choosing an appropriate classification scheme, 
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selecting representative training samples (from the field, or using higher resolu-

tion aerial orthophotos and satellite images), preprocessing the images, select-

ing a suitable classifier to extract features, possible post-classification pro-

cessing, and assessing accuracy of the LU/LC maps [19]. 

The “Image differencing” method between multitemporal images, instead, is ef-

fective for rapid and quantitative estimation of changes, but is limited by the 

difficulty of interpreting different types of LU/LC transformations characterized 

by similar reflectance change. However, useful information can be retrieved by 

measuring the temporal shift of spectral indices or biophysical variables (such as 

the land surface albedo) [11, 17, 20-22]. 

Different EO satellite missions provide multi-temporal data that are adapt to es-

timate the amount of artificial surfaces and detect LU/LC and urban growth at 

various spatial and temporal resolutions.  

Nowadays, open data policies allow to freely download and use remotely 

sensed images of the land surface provided by missions such as Landsat (United 

States Geological Survey, USGS / National Aeronautics and Space Administra-

tion, NASA) and Sentinel (European Copernicus Programme). Data in open for-

mat, which are easily accessible by everyone, are high valuable for the role they 

can play in investigating and monitoring natural resources as well as phenome-

na that occurs on the land surface. Open geospatial and EO data can produce, 

indeed, a powerful impact on Earth science and environmental studies since 

they can foster, for example, the development of new methods and services 

based on them [23]. 

For urban change detection analysis, the multispectral Landsat images, that 

have been acquired for more than 50 years (Figure 0.3), result to be reasonably 

adapt for their geometric (30 m), spectral, radiometric and temporal resolution 

[12, 24-27].  

Moreover, the opening of the multi-decadal Landsat archive in 2008 paved the 

way for new opportunities to use satellite imagery for change detection pur-

poses. 
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Fig. 0.3 - Landsat mission: operational life span of each Landsat satellite. Source: [28] 

In recent years, new approaches that exploit all available observations, such as 

Continuous Change Detection and Classification (CCDC) [29], have been pro-

posed in the literature, in addition to conventional methods that rely on single 

multi-temporal images. CCDC employs a per-pixel model fitting approach that 

captures the temporal trend of the surface reflectances for each pixel, allowing 

to detect changes in LU/LC when the fitted model breaks down. By reducing the 

reliance on single observations, which can’t capture intra-annual dynamics, and 

by being able to obtain a LU/LC classified map for every point in time, this 

method has been shown to provide higher accuracy than conventional tech-

niques. However, the CCDC approach is computationally expensive because it 

requires a large amount of data storage [29-31].  

Today, to handle a large volume of EO data, cloud-based processing platforms 

(such as Google Earth Engine, GEE) are becoming increasingly popular. GEE is 

made up of a high-performance computing service linked to an interactive pro-

gramming interface and a multi-petabyte data catalog containing a massive 

number of open satellite data (such as Landsat and Sentinel imagery) [27, 32-

33]. 

The aim of this thesis work is to estimate land consumption from Landsat satel-

lite data by developing and implementing different algorithms, also including 

some innovative elements. For this purpose, two change detection techniques 

have been applied. The first method (described in Chapter 3), developed in this 

research, consists of an integrated approach involving “image classification and 
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post-classification comparison” (including a novel decision-tree and index-based 

classification method for Landsat 8 data) and “image differencing” (between 

multitemporal land surface albedo maps) change detection techniques. The 

second method (explained in Chapter 4) consists of the implementation of the 

CCDC method [29] (which makes use of a cube of multitemporal and cloud-free 

Landsat images).  

The analyses were carried out in the GEE cloud environment, where two appro-

priate JavaScript codes were written. 

The thesis is organized as follows: in Chapter 1 is briefly presented the GEE 

cloud platform and its main functionalities for EO data processing; Chapter 2 

explores the land surface albedo variable and its role for environmental and ter-

ritorial analyses; in Chapter 3 is described the method used to detect land con-

sumption for the areas of Bitritto and Bari (2015-2023), in southern Italy, using 

the novel index-based image classification method, and the “post-classification 

comparison and albedo change analysis” technique; Chapter 4, instead, illus-

trates the CCDC algorithm, which was implemented in GEE (using all available 

Landsat 4, 5, 7, 8 and 9 images) to estimate the land consumption for the area 

of Bari (2015-2023) and for all the twenty Italian regional capital cities (2006-

2023); lastly, in Chapter 5 is reported the discussion of the results, followed by 

the conclusions of the study. 
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1. GOOGLE EARTH ENGINE CLOUD PLATFORM FOR 

EARTH OBSERVATION REMOTE SENSING DATA ANALYSIS  

 

Google Earth Engine is a cloud computing platform launched by Google 

in 2010 that enables parallelized processing of EO and geospatial data using 

Google’s computational infrastructure. Given the massive volume of this kind of 

data (“geo-big data”), acquired from remote sensing sensors, the cloud tech-

nology is today considered the best choice for their storage, processing, analysis 

and visualization. The GEE high-performance computational service is connect-

ed to a continuously updated multi-petabyte catalog (the “Earth Engine data 

catalog”,  https://developers.google.com/earth-engine/datasets/) of free and 

open raw and preprocessed data (such as Landsat and Sentinel images, as well 

as digital elevation models, land cover products, climate, meteorological and 

geophysical datasets) [33-35].  

GEE can be accessed through an internet-based Application Programming Inter-

face (API) with an associated web-based Interactive Development Environment 

(IDE), which supports fast prototyping and visualization of results. The available 

APIs are JavaScript, Python and REST. In particular, the Code Editor 

(https://code.earthengine.google.com/) is the IDE designed for writing, devel-

oping and running even complex scripts written in JavaScript programming lan-

guage. It contains the following five elements (Figure 1.1): 

▪ the search bar (for finding datasets in the GEE data catalog); 

▪ the left panel, including: 

- the “Scripts” tab (for scripts management); 

- the “Docs” tab (with API documentation); 

- the “Asset” tab (for asset management); 

▪ the center panel, including: 

- the JavaScript code editor (for writing the script); 

https://developers.google.com/earth-engine/datasets/
https://code.earthengine.google.com/
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- the “Get Link”, “Save”, “Run”, “Reset”, “Apps” and “Settings” 

buttons; 

▪ the right panel, including: 

- the “Inspector” tab (for interactive map queries); 

- the “Console” tab (for displaying printed text, objects and 

charts); 

- the “Tasks” tab (to handle long-running tasks); 

▪ the “map” panel (for visualizing generated maps) [36]. 

 

Fig. 1.1 – The Earth Engine Code Editor 

Moreover, the API consists of Earth Engine objects representing data types such 

as rasters, vectors, strings and numbers. Each of these objects belongs to a 

specific class (with its own set of available functions). The most common classes 

of objects in GEE are:  

▪ image (a raster data type);  

▪ image collection (a set of images);  

▪ feature (a vector data type); 

▪ feature collection (a set of features); 

▪ reducer (an object which compute statistics or perform aggregations);  

▪ join (an object which combines datasets); 
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▪ array (an object for multidimensional analyses); 

▪ chart (an object for charting properties) [37]. 

The EE objects and their functions can be combined in different ways to create 

customizable scripts. The code, written by the user in the client library, is con-

verted into a JSON request object, which is then sent to the Google’s servers. 

On the server, the data is loaded, the computation is performed, and the result 

is sent back to the client. This process allows very large computations to be pro-

totyped without relying on the computing capabilities of the user’s workstation. 

The Code Editor, which runs in the user’s browser, contains a library of hun-

dreds of built-in algorithms (Table 1.1), ranging from simple mathematical func-

tions to more complex machine learning algorithms, to perform basic or ad-

vanced remote sensing image processing computations. GEE users don’t need 

to download a GEE dataset to process it or install other software to execute 

tasks. The GEE architecture, in fact, allows its users to query directly from the 

GEE library.  

Multiple operations can be performed on a single or a batch of images. For ex-

ample, machine learning algorithms (such as Random Forest, Support Vector 

Machine and Classification and Regression Tree, CART) can be applied for su-

pervised image classification [32-35, 38]. Multi-temporal analysis of image 

stacks can be performed, instead, using functions such as CCDC, Landsat-based 

detection of Trends (LandTrendr) or Exponentially Weighted Moving Average 

Change Detection (EWMACD) [34]. 

Moreover, users can implement many approaches for image processing and 

analysis. Code development in GEE is usually done in a structured way. It starts 

with data acquisition, including satellite images and auxiliary data. For data se-

lection and preparation, the user-friendly interface helps to create filtered da-

tasets, calculate spectral indices or band combinations, and perform statistical 

operations, among other things [39-40]. The user can compose multiple func-

tions in the script according to his needs, building a computational description 

that takes the form of a Directed Acyclic Graph (DAG), that assembles the chain 
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of operations and expresses the complete computation. The DAG is then sent to 

the servers to be evaluated. 

Tab. 1.1 – Summary of common operations available in GEE. Source: [33-34] 

Algorithm Package  Operations 

Machine Learning Supervised classification and regression, unsupervised 

classification, TensorFlow 

Image Visualization, masking, mosaicking, registration, clip-

ping, resampling, reducing resolution, band manipula-

tion, spectral operations, mathematical operations, 

Boolean operations, morphological operations, logical 

operations, edge detection, terrain operations, con-

nected components, texture, convolution, etc. 

Image Collection Filtering, mapping, reducing, composing, mosaicking, 

etc. 

Geometry, Feature, 

Feature Collections 

Filtering, mapping, reducing, measurement operations, 

intersection, union, difference, buffer, spatial interpola-

tion, etc. 

Reducer Image reduction, image collection reduction, statistical 

operations, raster to vector conversion, vector to raster 

conversion, zonal statistics, correlation, regression, etc. 

Array/Matrix  Array construction, product, determinant, transpose, 

inverse, pseudoinverse, etc. 

Charts Time-series charts, histograms, image regions charts, 

time series in image regions, etc. 

GEE is today one of the most used platforms from researchers worldwide ad-

dressing environmental and territorial issues (it is free for academic and non-

commercial purposes). The main applications of research studies conducted in 

the GEE environment regard LU/LC mapping and monitoring, forest mapping, 

drought monitoring, natural hazard management, urban analysis, crop yield es-
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timation, snow mapping, soil condition monitoring, flood mapping, species hab-

itat monitoring, etc. [33]. 

One of the many advantages of GEE is that it stores and analyzes satellite imag-

es in the form of pyramids and tiles. Each image, sliced into tiles (tile size: 

256x256) which conserve its original projection and resolution, has its pyramid 

at different pixel resolutions (each zoom level is created by downsampling the 

previous level by a factor of two) to allow rapid visualization during algorithm 

development. Indeed, Google Earth Engine is designed to provide rapid, interac-

tive exploration and analysis of geospatial data, allowing users to pan and zoom 

the results to investigate a subset of the image at a time. To achieve this, GEE 

uses a lazy computation model that enables it to compute only those parts of 

the output that are needed to fulfill the current query [32, 34]. For example, 

time-series analysis can be performed in an efficient way, since a statistical ag-

gregation can be applied temporally over an entire image stack to compute per-

pixel statistics. This operation is performed using both tiling and aggregations, 

so that each tile is computed in parallel using the lazy computation model and, 

within each tile, the aggregation is performed for each pixel. Furthermore, fast   

filtering and sorting of image collections is provided. As a result, users can select 

their data of interest from millions of images on the basis of various spatial and 

temporal constraints.  

Another advantage of GEE is that a number of pre-processing steps have al-

ready been applied to the datasets available in the GEE catalog (Figure 1.2), 

providing users with corrected data (e.g., the orthorectified and calibrated Top 

of Atmosphere, TOA, and the orthorectified and atmospherically corrected Sur-

face Reflectance, SR, Landsat datasets) alongside the raw data [34].  

Because of the benefits that were mentioned above, GEE is a powerful tool for 

researchers, with more functionalities than a traditional Geographic Infor-

mation System (GIS) software [27]. 
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Fig. 1.2 – The Landsat 8 collection 2 preprocessed and raw data available in the GEE data catalog 

However, GEE does have some limitations. For example, GEE currently has only 

a few image classification and regression algorithms, and the large training da-

tasets required for some machine or deep learning methods cannot be used 

due to computational restrictions, necessitating implementation of these algo-

rithms in external environments. GEE is, in fact, a shared resource, and limits for 

users are imposed. For example, in interactive sessions, the maximum durations 

of requests per user is 270 s, the maximum number of simultaneous requests is 

40, and the maximum number of simultaneous executions for some operations 

is 25 [32].  

Another limitation is that the data generated by the user are stored on the 

servers of a private company (Google), which is not appropriate for govern-

ments or other private companies. Moreover, if it is necessary to download the 

processed data for further analysis in another software environment, the user 

can encounter a time-consuming process due to the huge size of the map and 

the limitations of Internet speed [34]. 
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2.  LAND SURFACE ALBEDO TO SUPPORT TERRITO-

RIAL ANALYSES 

 

2.1. Overview 

The land surface albedo is a key bio-geophysical parameter involved in 

various types of environmental, climatic and territorial studies. Defined as the 

ratio of the surface-reflected flux density (W/m2) to the incoming solar irradi-

ance, it quantifies the ability of a surface to reflect the incident solar radiation. 

More specifically, surface albedo values range from 0 (for the ideal case of a 

“black body”) to 1 (for full reflectivity). Since surface albedo affects the net ra-

diation, its measurement is helpful for studying the energy transfer between 

the Earth’s surface and the atmosphere.  

Monitoring surface albedo, which is considered an essential climate variable 

(ECV) by the Global Climate Observing System (GCOS) [41], is crucial for as-

sessing the impacts of global issues such as climate change and urbanization, 

which are defined in the United Nations (UN) Sustainable Development Goals 

(SDGs) (https://sdgs.un.org/goals) to protect the Earth from global environmen-

tal threats [27, 42-44]. 

Albedo depends on the physical properties (i.e. roughness, density, type, dark-

ness, impurities etc.) and geometry of the material. However, its spatial and 

temporal variability is influenced by atmospheric conditions and the angular 

distribution of the incoming solar radiation (i.e., the change in the solar zenith 

angle Z, during the day), as well as by other factors such as soil moisture, vege-

tation dynamics, snow cover and LU/LC changes. The albedo can also vary with 

the season: for example, a surface covered with snow in winter and with grass 

in spring will have a different albedo.  

https://sdgs.un.org/goals


Land consumption estimation using Landsat satellite data and change detection techniques in 
the Google Earth Engine cloud environment 

29 
 

The surface albedo should not be confused with the planetary albedo (or TOA 

albedo), which is the fraction of solar radiation scattered by the Earth and con-

stituted by both the surface albedo and the atmospheric albedo (Figure 2.1).  

 

 

Fig. 2.1 - Various definitions of albedo. Source: [43] 

Furthermore, another clarification is needed: when the albedo refers to the full 

spectrum (Figure 2.2) of the solar radiation (0.3-3 μm), it is called “broadband” 

albedo. The term “narrowband” albedo, on the other hand, refers to a narrow 

range of wavelengths (i.e., a specific spectral channel of a sensor) [42-46]. 

Regarding the phenomenon of reflection, two main types of surfaces behaviors 

exist (Figure 2.3): 

▪ the specular reflection (in the case of very smooth surfaces); 

▪ the diffuse reflection (in the case of surfaces with a certain roughness). 

In the first case, the outgoing radiance is regulated by the anisotropic model, in 

the second case by the isotropic model. Real surfaces behave in a composite 

manner. The ideal case of a rough surface, used to approximate real situations, 
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is the Lambertian surface, where the reflection is diffuse and the radiance is 

constant for every observed geometry. 

 

Fig. 2.2 - Theoretical black body spectrum and full solar spectrum. Source: [Sonne 

Strahlungsintensitaet.svg, Wikipedia, CC BY-SA 2.0 de] (modified) 

 

 

Fig. 2.3 - Different mechanisms of reflection. Source: [47] (modified) 

The reflectivity of a natural body is related to both the incident geometry and 

the observed geometry of the radiation. The incident geometries of the Sun’s 

radiation most commonly considered in the literature are:  

▪ the natural irradiance; 

▪ the ideal direct radiation; 
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▪ the ideal diffuse radiation. 

There are also three main sub-classifications of the albedo, depending on the 

type of incident solar radiation considered: 

▪ the “black-sky” albedo (the albedo in the absence of diffuse radiation, 

i.e. considering only direct radiation); 

▪ the “white-sky” albedo (the albedo in the absence of direct radiation, i.e. 

considering only isotropic diffuse radiation); 

▪ the “blue-sky” albedo (the albedo in real conditions, i.e. under natural 

irradiance conditions). 

The knowledge of the broadband surface “blue-sky” albedo, i.e. the albedo   

under natural conditions of direct and diffuse solar radiation, is the objective of 

many literature studies. Its estimation for different land cover types is not an 

easy task, as it usually requires knowledge of atmospheric conditions and sur-

face characteristics [13, 43-44, 48].  

In general, the surface albedo varies with natural (soil, vegetation, water, snow 

and ice) and artificial (urban areas such as buildings, roads, etc.) land cover 

types.  

Soil albedo shows different patterns according to different characteristics such 

as soil irregularities, moisture, darkness and colour. For example, soil moisture 

is associated with a reduction in the albedo of bare soil and canopy, as well as 

the presence of a biocrust layer over bare soil also contributes to albedo reduc-

tion. On the other hand, in crop fields, greenhouse cladding materials have 

been found to potentially increase the albedo of the area in which they are in-

stalled. 

The albedo of the vegetation canopy, on the other hand, is related to factors 

such as species, structure, greenness and fractional vegetation cover.  

In addition, water surfaces generally have lower albedos compared to the sur-

rounding landscape, while snow and ice albedos typically vary with type, age, 

density, concentration, roughness and thickness, among other factors. 
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The albedo for urban surfaces depends on the complexity of urban morphology, 

the type and age of the materials, as well as latitude and time. Furthermore, 

complex albedo variations in urban areas are also due to the presence of soil-

vegetation plots [43, 45]. 

Previous literature studies have provided characteristic albedo values for sever-

al LU/LC categories. Taha [49] reported that the albedo of many European ur-

banized areas ranges from 0.15 to 0.20. According to Allen et al. [50], agricul-

tural areas have an albedo between 0.14 and 0.22, while water bodies have an 

albedo between 0.025 and 0.348. Brivio et al. [13] reported that the albedo of 

roads is between 0.10 to 0.28, the albedo of bare soil ranges from 0.05 to 0.31, 

while the albedo of vegetation ranges from 0.14 to 0.45 (depending on the 

phenological stage). 

Albedo variations can be directly related to LU/LC transformations that have oc-

curred over time in urban and/or rural environments, and are thus useful for 

change detection analyses. For instance, substantial increases in albedo can re-

sult from the transition from dense to sparse vegetation, from vegetation to 

bare soil, and from bare soil or vegetation to built-up land [51].  

There are two main methods of calculating the surface albedo: 

▪ The direct measurement; 

▪ The indirect estimation. 

The direct measurement is carried out on the ground using instruments called 

albedometers, which usually consist of two pyranometers (the upper one 

measuring the incoming radiation and the lower one measuring the reflected 

radiation). 

However, the indirect estimation from multispectral images acquired by satel-

lite platforms allows the analysis to be extended from local to regional or global 

scales. The main methods for retrieving broadband surface albedo from satellite 

data are: 

▪ Narrow-to-broadband conversion algorithms; 

▪ Bidirectional reflectance distribution function (BRDF) angular modeling; 
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▪ Direct estimation algorithms; 

▪ Geostationary satellite data algorithms. 

The first two methods are the most commonly used in the literature: the former 

computes the broadband albedo from a linear combination of narrowband al-

bedos (with different weight coefficients) and is suitable when the reflectance is 

assumed to be isotropic (Lambertian surfaces). In this case, the conversion coef-

ficients are calculated from ground measurements or model simulations. The 

latter, instead, relies on multi-angle satellite observations and describes the re-

flectance anisotropy of the surfaces.  

This study focuses only on broadband surface albedo (also referred to in this 

text as “land surface albedo”, “surface albedo” or, merely, “albedo”) and nar-

row-to-broadband conversion methods [43-46, 52]. 

The implementation steps for estimating the broadband albedo using the nar-

row-to-broadband conversion algorithm are illustrated in Figure 2.4. The con-

version coefficients are first derived using spectral reflectance data (measured 

in situ) and solar fluxes simulated by radiative transfer models. The coefficients 

are then applied to the narrowband albedos to obtain the broadband surface 

albedo. 

 

Fig. 2.4 - Flowchart of the narrow-to-broadband conversion algorithm for broadband land 

surface albedo estimation from satellite data. Source: [52] 
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EO remote sensing is an effective way to calculate and monitor surface albedo 

at different geometric and temporal resolutions. Since the end of the 20th 

century, several narrow-to-broadband algorithms have been developed in the 

literature for estimating land surface albedo from Landsat, Advance Very High-

Resolution Radiometer (AVHRR) and Meteosat satellite data. Liang (2000) [53] 

improved these studies and provided simple conversion coefficients from 

various narrowband satellite sensors (including Landsat 5 Thematic Mapper, 

TM) under common atmospheric and surface conditions. The coefficients were 

obtained from extensive radiative transfer model simulations and a spectral 

reflectance library. Tasumi et al. [54] in 2008 suggested a more complex 

strategy to estimate the broadband albedo from Landsat 5 (TM) and 7 

Enhanced Thematic Mapper+ (ETM+) data based on band-to-band atmospheric 

correction through a radiative transfer model. However, several studies 

calculate the albedo from Landsat data by first combining narrowband 

reflectances without atmospheric correction, and then applying the 

atmospheric adjustment based on the method proposed by Zhong and Li in 

1998 [55] and adopted by Bastiaanssen et al. (1998) [56]. In this way, the 

relative contribution of each spectral band to the broadband albedo is 

determined, since the solar radiation spectrum is well known. This approach 

was followed by da Silva et al. (2016) [57], who presented the first algorithm 

developed specifically for Landsat 8 data. This method has been shown to 

produce maps with high level of detail for the various LU/LC types, as well as 

accurate estimates of broadband albedo, although it is more time-consuming 

than other easy-to-use algorithms (such as the Liang approach) due to the need 

to assess the atmospheric transmissivity in order to apply the atmospheric 

correction [27, 43-46, 52, 57]. 

2.2. da Silva et al. algorithm (2016) for Landsat 8 data 

The da Silva et al. algorithm (2016) [57], for land surface albedo estima-

tion using Landsat 8 data, is expressed by the following equation: 



Land consumption estimation using Landsat satellite data and change detection techniques in 
the Google Earth Engine cloud environment 

35 
 

 

    𝛼 =
(𝛼𝑇𝑂𝐴 − 𝛼𝐴𝑇𝑀)

𝜏2
                                                                          (1) 

 

Where αTOA, αATM and τ are the TOA albedo, the path radiance albedo and the 

atmospheric transmissivity, respectively. As reported by [50], αATM ranges from 

0.025 and 0.04. A value of 0.03 is usually chosen, as recommended by [58]. The 

value of τ is, then, estimated by applying the following expression [59]: 

 

τ = 0.35 + 0.627exp  −
0.00146𝑃𝑜
𝐾𝑡 cos 𝑍

− 0.075  
𝑊

cos 𝑍
 

0.4

            (2) 

in which P0, W, Kt and Z are the local atmospheric pressure [kPa], the precipita-

ble water [mm], the air turbidity coefficient and the solar zenith angle [°], re-

spectively.  

The TOA albedo is estimated by linearly combining the TOA reflectances (ri) for 

each Landsat 8 spectral band (from band 2 to band 7), as follows: 

 

αTOA = 𝑝2 ∙ 𝑟2 + 𝑝3 ∙ 𝑟3 + 𝑝4 ∙ 𝑟4 + 𝑝5 ∙ 𝑟5 + 𝑝6 ∙ 𝑟6 + 𝑝7 ∙ 𝑟7                (3) 

Where pi (Table 2.1) are weighting coefficients obtained from the ratio between 

the solar constant of each band and the sum of the solar constants of the bands 

used in the albedo calculation [27, 57, 60]. 

Tab. 2.1 – Weighting coefficients of the da Silva et al. algorithm [57]. 

Weighting coefficients (pi) Value 

p2 0.300 

p3 0.277 

p4 0.233 

p5 0.143 

p6 0.036 

p7 0.012 
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2.3. Application of da Silva et al. algorithm (2016) for estimating al-

bedo from Landsat 8 and 9 data 

In this study, the da Silva et al. algorithm (2016) was applied to Landsat 8 

and 9 images in order to evaluate new Landsat 9 sensor (launched in 2021) ca-

pabilities for measuring albedo and assure continuity in environmental monitor-

ing through the Landsat mission. 

The sensors on board Landsat 8 and Landsat 9 platforms have, in fact, compa-

rable characteristics, such as geometric, temporal, and spectral resolutions. This 

responds to the need to keep satellites monitoring natural resources and pro-

cesses, thereby identifying long-term changes on the Earth’s surface. Nonethe-

less, the Landsat 9 instrument has a higher radiometric resolution (14 bit-

resolution) than Landsat 8 (12 bits).  

The method was assessed using Landsat 8 and 9 images from two cities in 

southern Italy: Palermo (Sicily), and Cagliari (Sardinia). 

2.3.1  Study areas 

The Mediterranean coastal cities of Palermo and Cagliari (Figure 2.5) 

were chosen as study areas because, for these sites, images with comparable 

acquisition data were identified for both the Landsat 8 and Landsat 9 missions. 

Additionally, these zones have comparable geographical, geomorphological, 

and climate characteristics, with hot and dry summers and mild winters [62-63]. 

Palermo is located on the northern coast of Sicily Island on a densely urbanized 

wide plain surrounded by mountains to the south and west. Its elevation is 

about 150 m above sea level (a.s.l.) [64]. Meanwhile, Cagliari is in the southern 

part of Sardinia Island and stretches across various hills (with an elevation of 

around 80–100 m a.s.l.) It is surrounded by wetlands (such as lagoons and 

ponds) to the west, north, and east [65]. 
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Fig. 2.5 – Study areas of Palermo and Cagliari 

2.3.2 Input data and albedo estimation 

The input satellite data was chosen based on two key criteria: less-than-

10% cloud coverage, and the same collecting day and hour. The first criterion 

assured that the clouds had the least influence on the processing output, while 

the second provided equivalent illumination conditions and, therefore, a similar 

performance comparison. This last criterion was satisfied since an underfed 

maneuver was completed between November 11 and 17, 2021 (the Landsat 9 

satellite traveled beneath the Landsat 8 spacecraft [66]). Thus, the images that 

were captured on November 15 and November 13, 2021, for Palermo and Ca-

gliari, respectively, matched both requirements and were selected. Their char-

acteristics are described in Table 2.2. Then, cloud detection and masking were 

performed for every image. 

To estimate the albedos using the da Silva et al. method (2016), TOA images, al-

ready orthorectified and calibrated, were used.  

In equation (2), Po was obtained from measurements at 10:00 on the days of 

the satellite images at the Palermo and Cagliari stations of the Italian National 

Tidegauge network (https://mareografico.it/). W was, instead, retrieved from 

the “National Center for Environmental Prediction/National Center for Atmos-

https://mareografico.it/
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pheric Research (NCEP/NCAR) Reanalysis data, Water Vapor” dataset [61] 

(available in the GEE data catalog), which provides W values at six-hour tem-

poral resolutions (00:00, 6:00, 12:00, and 18:00). The average of the two clos-

est-in-time values of W (6:00 and 12:00) was computed to select a value of W 

that was representative of the Landsat acquisition time (around 10:00) for each 

satellite image (as described in [60]). A Kt value of 1 is commonly used for pure 

air, while a value of 0.5 is used for polluted air [27, 59]. Because the regional au-

thorities detected air pollution levels at both sites that were lower than the le-

gal limits in November 2021, a value of 1 was chosen in this case. Lastly, the 

Sun’s zenith angle (Z) was retrieved from the image metadata. 

Tab. 2.2 – Selected image features for Palermo and Cagliari areas. 

ID Study area Mission Acquisition date 

[dd/mm/yyyy] 

Acquisition 

time 

Cloud 

cover [%] 

1 Palermo Landsat 8 15/11/2021 09:48 0.70 

2 Palermo Landsat 9 15/11/2021 09:46 0.98 

3 Cagliari Landsat 8 13/11/2021 10:00 5.89 

4 Cagliari Landsat 9 13/11/2021 10:05 1.12 

2.3.3 Statistical analysis and outliers’ extraction 

The resultant albedo maps were sampled and statistically investigated in 

order to evaluate the albedo distribution and variability within the study areas 

using base statistics metrics, and then to investigate the Landsat 9 data potenti-

alities in estimating the albedos using algorithms that were optimized for Land-

sat 8 and comparing their results to those that were obtained by processing the 

Landsat 8 images.  

To meet the first objective, the mean (μ), standard deviations (SD), median (m), 

distribution trends, kurtosis (κ), and skewness (sk) were computed. For the sec-

ond one, scatterplots that compared the Landsat 8 and Landsat 9 estimates 

were calculated, along with the correlation coefficient (ρ) and root mean square 

error (RMSE). 
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Since many outliers were present in albedo distributions, the Tukey’s filter [67] 

was applied to detect and analyze them across both territories. According to 

equation (4), an observation is labeled as an outlier when its value exceeds the 

lower (Q1) or upper quartiles (Q3) [67]: 

           (4) 

2.3.4 Results for Palermo and Cagliari 

The albedo maps (Figure 2.6), obtained in this work, highlight the varia-

bility of the albedo within the case study territories.  

In Figure 2.6, the darker regions show lower values, whereas the yellow-orange 

areas have higher values. Table 2.3 presents the statistical metrics that were 

calculated for the entire territories of Palermo and Cagliari.  

Based on the results of da Silva et al.’s technique, the μ value was around 0.2 in 

each map; moreover, the SD in Palermo and Cagliari was around 0.07 for the 

Landsat 8 and Landsat 9 estimations. Furthermore, ρ was quite high in both ar-

eas (reaching 0.97 for Palermo and 0.94 for Cagliari), while the RMSE values 

were low (totaling 0.02 for Palermo and Cagliari). Histograms were created to 

determine how the data was distributed (Figure 2.7). 

These distributions were visually congruent with the previously reported met-

rics values (Table 2.3). Figure 2.8 shows the boxplots of the albedo values, 

which illustrate that many outliers were present in the upper section of the 

graph.  
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Fig. 2.6 – Albedo maps obtained from Palermo Landsat 8 (a) and Landsat 9 (b), and Cagliari 

Landsat 8 (c) and Landsat 9 (d) images using the da Silva et al. algorithm 

 

Tab. 2.3 – Statistical metrics of albedo estimation for Palermo and Cagliari. 

Study area Mission μ ρ SD m RMSE κ sk 

Palermo Landsat 8 0.20 0.97 0.07 0.20 0.02 8.24 0.83 

Landsat 9 0.19 0.07 0.19 8.69 0.87 

Cagliari Landsat 8 0.20 0.94 0.07 0.20 0.02 6.78 1.03 

Landsat 9 0.19 0.07 0.19 5.74 0.93 
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Fig. 2.7 – Histograms of albedo values generated for Palermo Landsat 8 (a) and Landsat 9 (b), 

and Cagliari Landsat 8 (c) and Landsat 9 (d) 

 

 

Fig. 2.8 – Boxplots of albedo values for Palermo (a) and Cagliari (b)  
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Moreover, the scatterplots between the Landsat 8 and Landsat 9 outcomes for 

both case studies are illustrated in Figure 2.9. Most of the spots in Palermo 

(Figure 2.9a) were scattered along the diagram’s bisector line; this indicated 

that many of the albedo values from Landsat 8 and Landsat 9 were linearly cor-

related. However, there were some inaccurate values – particularly in the low-

er-left corner of the image. Cagliari’s pattern (Figure 2.9b) was similar to Paler-

mo’s, but there were more mismatched spots across the plot. This is verified by 

Table 2.3, which indicates that ρ was lower in Cagliari than in Palermo and that 

RMSE was greater in Cagliari than in the corresponding Palermo area. 

 

Fig. 2.9 – Scatterplots between albedo values estimated from Landsat 8 and Landsat 9 data for 

Palermo (a) and Cagliari (b)  

According to the statistical metrics reported in Table 2.3, the Landsat 8 data 

produced slightly higher μ, SD, and m values than the Landsat 9 data did (with a 

difference that was less than 10−2), for both case studies. Moreover, the mean 

albedo values that were determined were quite close to 0.20 for both sites. This 

information, when combined with the SD values, corresponds to those provided 

in previous research publications: Taha [49] indicated that the albedo values in 

urban regions range between 0.10 and 0.20 for several European cities, while 
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Brivio et al. [13] reported that the albedo values in urbanized areas range be-

tween 0.12 and 0.21. 

The ρ values were very high, whereas the RMSE values were low for both study 

areas. This is supported by the scatterplots in Figure 2.9, which indicate an op-

timal correlation of the albedos for both Palermo and Cagliari (despite the fact 

that Cagliari had a higher number of mis-corresponding values). The Palermo 

region has, in fact, a greater correlation and a smaller RMSE between the Land-

sat 8 and Landsat 9 estimations.  

In addition, the scatterplots (Fig. 2.9) and the boxplots (Fig. 2.8) demonstrate 

the presence of multiple outliers in the albedo distributions for both territories. 

To detect and extract them, Tukey’s filter and an outlier analysis were em-

ployed. 

Figure 2.10 represents the location of the outliers, extracted from Landsat 8 and 

Landsat 9 albedo estimations, for Palermo and Cagliari regions. Most of the 

Landsat 8 and 9 observed outliers overlapped in both study areas (Table 2.4). In 

Palermo, overlapping outliers represented more than 89% of the totals; in Ca-

gliari, instead, these accounted for more than 76% of the totals. 
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Fig. 2.10 – Outliers’ positions in Palermo (a) and Cagliari (b)  
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Tab. 2.4 – Percentage of overlapping and non-overlapping outliers for Palermo and Cagliari 

study areas 

Study area Image Overlapping 

outliers [%] 

Non-overlapping 

outliers [%] 

Palermo Landsat 8 89 11 

Landsat 9 91 9 

Cagliari Landsat 8 79 21 

Landsat 9 76 24 

 

As a result of the statistical comparison, it is possible to affirm that the da Silva 

et al. method [57] is appliable to Landsat 9 images with a good approximation, 

even if some radiometric differences (resulting in a few mismatched albedo val-

ues) exist between the Landsat 8 and 9 computations. The comparability of the 

outputs implies that such procedure may be therefore extended to Landsat 9 

data, which can be utilized in the Landsat 8 continuity [27]. 
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3. ESTIMATING LAND CONSUMPTION FROM 

LANDSAT 8 DATA USING POST-CLASSIFICATION AND ALBE-

DO CHANGE ANALYSIS 

 

This chapter describes a change detection method, consisting of a hier-

archical model that integrates a novel index-based classification method and al-

bedo change analysis, developed in this research to extract information on land 

consumption (the “urban growth”) from Landsat 8 (L8) satellite imagery. A cus-

tom JavaScript code was created and implemented in GEE to perform the analy-

sis [11]. 

3.1. Data 

Table 3.1 depicts the main characteristics of the Landsat 8 satellite. Ta-

ble 3.2 shows instead the spectral bands of the Landsat 8 sensors. The instru-

ments on board the Landsat 8 platform (the Operational Land Imager, OLI, and 

Thermal Infrared Sensor, TIRS, sensors) are capable of viewing a swath 185 Km 

wide and collecting images along that swath as the satellite moves through its 

orbit. The orbit is maintained so that it is possible to see the entire surface of 

the Earth once every 16 days [68-70]. 

Tab. 3.1 – Main characteristics of the Landsat 8 satellite. 

Landsat 8 

Launch date February 11, 2013 

Sensors OLI, TIRS 

Altitude 705 Km 

Inclination 98.2° 

Orbit Polar, sun-synchronous 

Scene size 185 Km x 180 Km 

Repeat coverage 16 days 

Radiometric resolution 12-bit 
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Tab. 3.2 – Spectral bands of the Landsat 8 satellite sensors. 

Landsat 8 band Sensor Geometric resolution Wavelength range 

Band 1 – Coastal aerosol OLI 30 m 0.435 – 0.451 μm 

Band 2 – BLUE OLI 30 m 0.452 – 0.512 μm 

Band 3 – GREEN OLI 30 m 0.533 – 0.590 μm 

Band 4 – RED OLI 30 m 0.636 – 0.673 μm 

Band 5 – NIR OLI 30 m 0.851 – 0.879 μm 

Band 6 – SWIR 1 OLI 30 m 1.566 – 1.651 μm 

Band 7 – SWIR 2  OLI 30 m 2.107 – 2.294 μm 

Band 8 – Panchromatic OLI 15 m 0.503 – 0.676 μm 

Band 9 – Cirrus  OLI 30 m 1.363 – 1.384 μm 

Band 10 – TIR 1  TIRS 100 m 10.60 – 11.19 μm 

Band 11 – TIR 2  TIRS 100 m 11.50 – 12.51 μm 

The SR imagery, derived from TOA reflectance data (corrected for the varying 

scattering and absorbing effects of atmospheric gases and aerosols), is required 

to properly monitor land surface changes. The L8 SR data are generated using 

the Land Surface Reflectance Code (LaSRC) (version 1.5.0), which uses atmos-

pheric ancillary data, a digital elevation model and a unique radiative transfer 

model [68, 71]. 

3.2. Development of the method 

The method consists of a combined approach using two widely recog-

nized change detection techniques:  

▪ "image classification and post-classification comparison"; 

▪ "image differencing".  

Synthetically, the proposed methodology consists of four main steps: 

1. first, cloud-free L8 SR images for each reference year undergo an innova-

tive index-based LU/LC classification; 
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2. the resulting classified maps, aggregated into a binary scheme (“Urban” 

and “Non-urban” areas), are then subjected to the “post-classification 

comparison”; 

3. for areas identified as potentially changing from "Non-urban" to "Ur-

ban", further analysis using the "image differencing" method is neces-

sary. This involves comparing two land surface albedo maps derived 

from single multi-temporal winter L8 images; 

4. finally, a neighborhood filter is applied to remove isolated "changed" 

pixels and refine the results. 

This methodological approach integrates both LU/LC classification and change 

detection techniques, providing a comprehensive analysis of urban growth dy-

namics over time [11]. 

3.2.1 Study area 

The territory of the municipality of Bitritto (Figure 3.1), in southern Italy, 

was selected as pilot site to test such a methodology. The analysis was carried 

out in order to extract the urban growth occurred from 2015 to 2023.  

Located in the center of the Apulia region, the study area (approximately 18 

km2) is part of the Metropolitan City of Bari. The area is predominantly flat, and 

its land cover consists largely of agricultural fields or other green spaces and 

relatively minor artificial or built-up land. Nevertheless, like many other areas of 

Apulia, it has experienced significant land consumption over the last few dec-

ades. The climate of Bitritto is Mediterranean, with hot and dry summers, and 

mild winters. The rainfall is mainly concentrated in the autumn and winter peri-

od, while the summers are usually relatively dry, with no precipitation even for 

long periods of time [4, 72-73]. 
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Fig. 3.1 – Study area of Bitritto 

3.2.2. Workflow 

The methodological approach, implemented in the GEE Code Editor by 

writing a proper JavaScript code, is illustrated in Figure 3.2.  

After selecting single cloud-free L8 SR and raw satellite images, acquired in 

summer period (dated 29 August 2015 and 19 August 2023) from the GEE data 

catalog, the LU/LC maps were obtained using a novel classification method (the 

decision tree algorithm illustrated in Figure 3.3). This innovative classification, 

developed in this study, involves a hierarchical method using SwirTirRed 

(STRed) and SwiRed spectral indices, the near infrared (NIR)/shortwave infrared 

band 2 (SWIR2) ratio, and the NIR band. 

The extracted LU/LC classes were then aggregated into binary maps to deline-

ate “Urban” and “Non-urban” areas. Then, the “post-classification comparison” 

method was applied pixel-by pixel.  

Subsequently, the “image differencing” method was applied to the resulting po-

tential “changed” pixels (in particular, for those transitioning from “Non-urban” 
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to “Urban”) to refine the change detection, thus eliminating spurious "changed" 

areas due to misclassifications present in the 2015 and 2023 LU/LC maps. For 

this purpose, two late winter L8 TOA images, acquired on 18 February 2015 and 

24 February 2023, were used to retrieve the land surface albedo maps with the 

da Silva et al. (2016) algorithm [57]. 

 

Fig. 3.2 – Workflow of the “post-classification and albedo change” method. HR: High-resolution 

Therefore, after subtracting the 2015 from the 2023 albedo maps and defining 

an appropriate threshold representing significant changes in LU/LC, this stage 

effectively identified and removed several incorrect "changed" areas.  

Lastly, a connected-neighbors filter to remove isolated pixels was applied to 

improve the final change map [11]. 

3.2.3. The novel index-based classification method for Landsat 8 data 

In general, an appropriate classification system is a prerequisite for a good 

LU/LC classification. It is necessary that such a scheme (which mainly depends 

on the user’s need, sensor resolution and time constraints) is informative, ex-
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haustive and separable. Moreover, a hierarchical model, which combines more 

sub-classes into a higher-level class, is often required [19, 74]. 

The chosen classification scheme for this index-based classification method in-

cludes four main LU/LC categories to be distinguished: “Vegetation”, “Plastic 

greenhouses”, “Urban areas” and “Bare soil”. Index-based approach was pre-

ferred to other methods since it is considered an effective technique for quickly 

extracting LU/LC classes from satellite data, since it exploits land surface fea-

tures capabilities in absorbing, reflecting and transmitting the radiation in dif-

ferent spectral bands of the electromagnetic spectrum [75].  

The proposed method (Figure 3.3) involves the sequential application of three 

binary decision rules including the STRed and SwiRed spectral indices (which 

were introduced for the Landsat Image Classification Algorithm [LICA] [75] in 

2020]), the NIR/SWIR2 ratio and the NIR band. 

 

Fig. 3.3 – Flowchart of the novel decision tree algorithm for the LU/LC classification 
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Therefore, the LU/LC classes were distinguished in the following order:  

1. “Vegetation” (using STRed, SwiRed and NIR band thresholds); 

2. “Plastic greenhouses” (using NIR/SWIR2 ratio and NIR band thresholds); 

3. “Urban areas” and “Bare soil” (using SwiRed thresholds). 

The STRed and SwiRed indices are expressed as follows: 

 

  ,            (1) 

 

              (2) 

 

where SWIR1, Red and TIR1 are Landsat 8 shortwave infrared band 1, red band 

and thermal infrared band 1, respectively [75]. SWIR 1, Red and TIR 1 bands are 

commonly applied in literature for LU/LC classification. Indeed, SWIR 1 band is 

particularly sensitive to the water content in plants and soil, Red band depends 

on the energy absorbed by the chlorophyll, while TIR 1 is linked to the energy 

absorbed and emitted by the surfaces [14, 68]. 

The training stage of the classification allowed to manually select a consistent 

number of training pixels representative of each of the four LU/LC classes on L8 

SR images.  Visualization of high-resolution images, available in Google Earth 

Pro (https://www.google.com/intl/it/earth/about/versions/#earth-pro), was 

very useful to correctly distinguish each category on the ground. As recom-

mended by [13], the training pixels were selected within homogeneous areas 

(to adequately represent the class model), in different zones of the study area 

(to account for the intrinsic variability of the class), and in sufficient numbers (to 

achieve meaningful results). 

Graphical representation of the spectral response patterns for these training 

areas, useful to analyze the spectral separability of each thematic class, were 

https://www.google.com/intl/it/earth/about/versions/#earth-pro
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obtained in the GEE platform. Average spectral signature plots for the four 

LU/LC categories are shown in Figure 3.4. 

 

Fig. 3.4 – Average spectral signature plots obtained from training pixels selected for each LU/LC 

class (Bitritto) 

Moreover, a scatter diagram between STRed and SwiRed indices (Figure 3.5) 

was obtained from the training pixels also to select appropriate thresholds for 

the decision rules. The analysis suggested the selection of SwiRed thresholds 

(adopted in LICA [75] only for the extraction of built-up land) to better separate 

the “Vegetation” class (including both sparse and dense vegetated areas) from 

other categories, in addition to the STRed index (already used in LICA [75] for 

the extraction of vegetation).  

Furthermore, in order to detect the “Plastic greenhouses”, the analysis of Figure 

3.4 suggested that the NIR and SWIR2 bands might be the most suitable to 

identify them with good accuracy, due to the relative reversal of their spectral 

response for these bands compared to those of the other three categories [11, 

14]. The scatter plot between NIR and SWIR2 reflectances confirmed this hy-
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pothesis, as shown in Figure 3.6, where the spectral separability of plastics from 

the other classes is very clear.  

 

Fig. 3.5 – Scatter diagram (STRed/SwiRed) for training pixels of “Vegetation”, “Urban areas”, 

“Bare soil”, and “Plastic greenhouses” classes obtained from L8 SR images for Bitritto 

Hence, thresholds of NIR and NIR/SWIR2 ratio were defined from Landsat 8 SR 

images to separate the “Plastic greenhouses” LU/LC class. 

After distinguishing “Vegetation” and “Plastic greenhouses”, the SwiRed index 

was applied to L8 SR images to extract the “Urban areas” class (inclusive of the 

LICA “Built-up” and “Mining areas” categories [75]). More specifically, the “Ur-

ban areas” class includes land covered by man-made structures (i.e. residential, 

commercial and industrial buildings, transportation networks, other paved are-

as, construction sites etc.), as well as mines and quarries.  

After the extraction of “Urban areas”, the remaining part of the images was 

classified as “Bare soil” [11].  

The resulting classified maps were aggregated into binary classifications consist-

ing only of the classes “Urban areas” and “Non-urban areas” (the latter being 

the result of the aggregation of “Vegetation”, “Plastic greenhouses” and “Bare 

soil”), in order to perform the change detection and the estimation of the urban 

growth (2015-2023). 
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Fig. 3.6 – Scatter diagram (NIR/SWIR2) for training pixels of “Vegetation”, “Urban areas”, “Bare 

soil”, and “Plastic greenhouses” classes obtained from L8 SR images for Bitritto 

3.2.4 Change detection 

After aggregating the 2015 and 2023 LU/LC maps into a binary scheme (“Urban 

areas” and “Non-urban areas”), the two resulting maps (the “Urban/Non-urban 

maps”) were compared pixel-by-pixel. In this manner, the possible outputs 

were “no change” (for the same classification in both the 2015 and 2023 maps) 

or “change” (for pixels classified differently in the 2015 and 2023 maps). 

Once the post-classification comparison was performed, the “image differenc-

ing” step was applied to the resulting “changed” pixels (specifically, for pixels 

changed from “Non-urban” in 2015 to “Urban” in 2023), by computing the dif-

ference image between the two land surface albedo maps, estimated with the 

da Silva et al. (2016) algorithm [57], from single cloud-free L8 TOA winter imag-

es (captured on 18 February 2015 and on 24 February for the reference years 

2015 and 2023, respectively).  

A suitable threshold of albedo change, potentially indicative of meaningful 

LU/LC changes, from “Non-urban” to “Urban”, was established. Late winter im-

agery was preferred over other seasons because changes from bare or sparsely 

vegetated land to built-up areas may be most evident due to the higher mois-
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ture content and green cover (leading to a lower albedo value) of the former in 

this season, as higher rainfall in the autumn/winter period (leading to higher 

soil moisture at the end of winter) is characteristic of the climate of the study 

area [11, 73, 76-81]. Consequently, an increase in albedo, from 2015 to 2023 

images, could be a sign of a land cover conversion from non-artificialized land to 

urbanized land (“Urban growth”) [11, 82-83]. An albedo increase greater than 

0.055 between the 2015 and 2023 maps was set as the threshold for detecting 

urban growth. 

After performing the “image differencing” phase, a connected-neighbors filter 

to eliminate isolated “changed” pixels was implemented in GEE to further clean 

the change map from residual misclassifications, and to produce the “urban 

change map” (2015-2023) depicting two distinct categories: “Urban growth” 

and “No growth” [11]. 

3.2.5 Albedo estimation with da Silva et al. (2016) algorithm 

The land surface albedo maps for the reference years 2015 and 2023 

were obtained by using the da Silva et al. algorithm (2016) [57], as described in 

Chapter 2. 

The value of P0 for the calculation of the atmospheric transmissivity was ob-

tained from the measurement (at 10:00 on the days of the L8 satellite images) 

taken at the Bari station of the Italian National Tidegauge network 

(https://mareografico.it). W was instead provided by the “NCEP/NCAR Reanaly-

sis data, Water Vapor” dataset [61], while Kt was set equal to 1 (pure air). Final-

ly, the value of Z was calculated from the sun elevation angle [°], reported in the 

image metadata.  

3.2.6 Accuracy assessment 

The estimation of the accuracy of a classified map is usually done by 

comparing information from reference sites with information on the map for a 

number of test areas, through the construction of the “error matrix”. The error 

https://mareografico.it/
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matrix is a square array composed of rows and columns that express the labels 

assigned to a given class in the “reference” map relative to the labels assigned 

to a given class in the classified map [84].  

To assess the accuracy of the LU/LC maps, classified with the novel index-based 

method, a multi-temporal dataset of test pixels was generated using the strati-

fied random sampling2 method. A total number of 245 “pure” pixels were cho-

sen, according to the extent of each LU/LC class, in the following proportions: 

140 for “Vegetation”, 55 for “Urban areas”, 30 for “Bare soil” and 20 for “Plastic 

greenhouses”. A visual interpretation of the high-resolution Google Earth imag-

es, chosen as “reference” data, was carried out to assign each sample pixel to 

the correct category, based on its location. The metrics³ calculated from the er-

ror matrix to evaluate the accuracy were overall accuracy (O.A.), producer’s ac-

curacy (P.A.), and user’s accuracy (U.A.) [13, 85-86]. 

In order to assess, instead, the accuracy of the change map, depicting the soil 

consumption that occurred in Bitritto for the period 2015-2023, a dataset of 

100 test pixels, corresponding to “Urban growth” and “No growth” categories, 

was obtained using the stratified random sampling method, after visual inspec-

tion of multitemporal high-resolution Google Earth images. According to the ex-

tent of each class, pixels were selected in the following proportions: 20 for the 

“Urban growth” category, and 80 for the “No growth” class. Even in this case, 

the accuracy metrics calculated were O.A., P.A. and U.A. [11]. 

3.3. Results for Bitritto (2015-2023) 

The LU/LC maps, produced in GEE for the reference years 2015 and 2023 

after implementing the index-based approach described previously, are dis-

played in Figure 3.7. The accuracy metrics obtained for the validation of the 

thematic maps are instead shown in Table 3.4. 
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Fig. 3.7 – LU/LC maps for the years 2015 and 2023 for Bitritto, obtained using the novel index-

based classification method 

Tab. 3.4 – Accuracy metrics for the LU/LC maps (Bitritto). 

 2015 2023 

LU/LC class P.A. [%] U.A. [%] P.A. [%] U.A. [%] 

Vegetation 95 92 93 94 

Urban areas 85 98 84 96 

Bare soil 70 64 73 56 

Plastic greenhouses 100 100 95 100 

O.A. [%] 90 89 

The analysis of the accuracy metrics reveals that the O.A. was quite high for 

both classification maps (around 90%), while “Plastic greenhouses” and “Vege-

tation” were the classes with both O.A. and U.A. greater than 90%. The extrac-

tion of “Urban areas” was well achieved with P.A. accuracies of 85% and 84% 

for 2015 and 2023, respectively, while the U.A. accuracies were very high total-

ing 98% in the 2015 map and 96% for the 2023 classification. Lower accuracies, 

instead, were found for the bare soil extraction (P.A. > 70% and U.A. > 55%). 
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The “Urban/Non-urban maps” for the years 2015 and 2023 obtained after the 

aggregation of the LU/LC classes are reported in Figure 3.8. The visual analysis 

of these classifications suggests that, probably, only minor changes are likely to 

have occurred in the period 2015-2023.  

 

Fig. 3.8 – “Urban/Non-urban” maps for the years 2015 and 2023 for Bitritto, obtained after ag-

gregating the LU/LC maps 

The land surface albedo maps produced in GEE by applying the da Silva et al. 

(2016) algorithm [57] are instead illustrated in Figure 3.9, while the final “urban 

change map” (2015-2023), obtained using the change detection approach de-

scribed above, is shown in Figure 3.10. The accuracy metrics for the change map 

are shown in Table 3.5. 

Table 3.5 shows that the O.A. for the urban change map was high (92%). Re-

garding the estimation of the “Urban growth” (2015-2023), the results were sat-

isfactory results, with a P.A. of 85% and a U.A. of 77%. 
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Fig. 3.9 – Land surface albedo maps for the years 2015 and 2023 for Bitritto area 

 

Fig. 3.10 – Urban change map for the period 2015-2023 for Bitritto area 
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Tab. 3.5 – Accuracy metrics for the urban change map (Bitritto). 

 2015-2023 

Class P.A. [%] U.A. [%] 

Urban growth 85 77 

No growth 94 96 

O.A. [%] 92 

Furthermore, the analysis of the map confirms that the land consumption for 

the Bitritto territory is moderate for the period 2015-2023. However, there are 

still a few mis-changed areas in the map, probably related to the problem of 

“mixed” pixels (which is common in the classification of medium-resolution im-

ages [18, 87], such as Landsat data) or to the low spectral confusion that per-

sists between certain classes (in particular “Urban areas” and “Bare soil”) [11]. 

The results are promising, regardless of the applicability of this algorithm also to 

other study areas in the Apulia region, in order to automatically extract infor-

mation on land consumption occurring at the local scale and to rapidly monitor 

urban development, thanks to the relative simplicity and practicality of this 

method. 

3.4. Application of the method for Bari (2015-2023) 

The change detection method developed in this research study (Figure 

3.2) for the Bitritto site, consisting of the integration of the post-classification 

comparison and the land surface albedo change analysis (described in para-

graph 3.2), was subsequently applied to the territory of the municipality of Bari 

in order to extract information on the land consumption occurred at the urban 

scale between 2015 and 2023.  

The same input data (L8 raw and SR images acquired on 29 August 2015 

and 19 August 2023 for the LU/LC classification, and L8 TOA images collected on 

18 February 2015 and 24 February 2023 for the albedo estimation) as those 

used for the Bitritto case study were chosen because they cover the entire terri-

tory of Bari. 
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3.4.1 Study area 

Bari (Figure 3.11) is a Mediterranean coastal city and the capital city of 

the Apulia region, in southern Italy. 

Its territory covers an area of about 116 km2, characterized by a flat topogra-

phy. Surface water bodies are almost absent, although erosive karstic grooves 

(called “lame”) cross the territory and convey water in case of very heavy rain-

fall. The land cover consists of built-up land with a mosaic of agricultural fields 

in the peri-urban area (which extends into the city along the “lame”), while 

green spaces are scarce. 

 

Fig. 3.11 – Study area of Bari 

In the second half of the mid twentieth century, Bari underwent an urban 

sprawl that led to the expansion of its inner core along preferential directions or 

nuclei.  Like other areas of the Apulia region, Bari has experienced significant 

land consumption in recent decades, with a tendency towards dispersion and 

diffusion in suburban and rural areas [4, 38, 73, 88-89]. 
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3.4.2 Accuracy assessment 

For the accuracy assessment of the change map, obtained for the site of 

Bari after the application of the change detection method, a dataset of 220 test 

pixels, corresponding to “Urban growth” and “No growth” classes, was generat-

ed using the stratified random sampling method, after visual inspection of mul-

titemporal high-resolution Google Earth images. According to the extent of each 

class, pixels were selected in the following proportions: 20 for the “Urban 

growth” category, and 200 for the “No growth” class. The accuracy metrics cal-

culated were O.A., P.A. and U.A. 

3.4.3 Urban growth analysis 

Moreover, in order to quantify and analyze the increase of urban areas, 

occurred in Bari between 2015 and 2023, some metrics (explained in Table 3.6) 

were calculated [2].  

It is important to remind and underline that in this study for “urban areas” is in-

tended the land covered by artificial structures (i.e. residential, commercial and 

industrial buildings, transportation infrastructures, construction sites and other 

paved surfaces), as well as mines and quarries. 

 
Tab. 3.6 – Description of the urban growth metrics calculated for the study area of Bari (2015-
2023). 

Metric Description 

Growth of Urban areas 

(GU2015-2023) [Km2] 

Urban growth from 2015 to 2023 (in Km2) esti-

mated with the change detection method 

 

Rate of Urban Growth 

(RGU2015-2023) [%] 

Rate of Urban growth (in percentage), related to 

urban areas present in the 2015 map 

 

RGU2015-2023 = ((GU2015-2023)/ Urban area2015) *100 
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Average annual Urban 

Growth (AaGU) 

[Km2/year] 

AaGU = (GU2015-2023)/NYEARS 

3.4.4 Results 

The “Urban/Non-urban maps” of Bari produced for the reference years 

2015 and 2023 are shown in Figure 3.12. 

In Figure 3.13 are illustrated the land surface albedo maps calculated with the 

da Silva et al. method [57], while Figure 3.14 shows the urban change maps 

which highlights the soil consumption occurred between 2015 and 2023, as re-

trieved by the application of the change detection method.  

In Table 3.7 are reported the accuracy metrics relative to the urban change map 

(2015-2023). 
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Fig. 3.12 – “Urban/Non-urban” maps produced for the study area of Bari for the reference years 

2015 and 2023 using the novel index-based classification method 
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Fig. 3.13 – Land surface albedo maps produced for the study area of Bari for the reference years 

2015 and 2023 
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Fig. 3.14 – Urban change map estimated for the period 2015-2023 for the study area of Bari 

using the “post-classification and albedo change analysis” method 

Tab. 3.7 – Accuracy metrics for the urban change map (Bari). 

 2015-2023 

Class P.A. [%] U.A. [%] 

Urban growth 80 94 

No growth 99 98 

O.A. [%] 98 

Table 3.7 highlights the very high accuracies were found for the urban change 

map obtained through the application of this change detection method. The 

O.A., in fact, totals 98% while the P.A. and the U.A. for the “Urban growth” cat-

egory are 80% and 94%, respectively. This result confirms the applicability of 

this method for the area of Bari, already highlighted in paragraph 3.3, where it 

was demonstrated that very good results were obtained for the test site of Bi-

tritto, which is a municipality bordering with Bari and having very similar climat-

ic and geomorphological characteristics (they belong indeed to the same geo-

graphical context). Table 3.8 shows the urban growth metrics (explained in Ta-
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ble 3.6) estimated for the study site of Bari, which are useful to quantify the 

land consumption and analyze urban dynamics. 

Tab. 3.8 – Urban growth metrics calculated for Bari (2015-2023) using the post-classification and 

albedo change method. 

Metric Value 

GU2015-2023 [Km2] 1.1 

RGU2015-2023 [%] +2.3 

AaGU [Km2/year] 0.1 

From Table 3.8 it is possible to notice that the soil consumption (the increase of 

urban areas between 2015 and 2023, highlighted in Figure 3.14) estimated with 

the post-classification comparison and albedo change method for Bari is equal 

to 1.1 Km2. The growth of urban areas in this period (8 years), in relation to the 

consumed land in 2015, was found to be +2.3%, with an average annual urban 

growth of around 0.14 Km2 per year. Therefore, as for Bitritto, a moderate land 

consumption was found to be occurred for the city of Bari. However, the visual 

inspection of Figure 3.14 confirms the tendency to a densification of urban land 

with a sparse dispersion and diffusion of impervious surfaces also within subur-

ban and rural areas. 

 

 

 
 

 

 

 

 



Land consumption estimation using Landsat satellite data and change detection techniques in 
the Google Earth Engine cloud environment 

69 
 

4. ESTIMATING LAND CONSUMPTION FROM 
LANDSAT DATA USING CONTINUOUS CHANGE DETECTION 
AND CLASSIFICATION ALGORITHM  

 

This chapter describes the Continuous Change Detection and Classifica-

tion method, implemented in the GEE cloud environment, and used in this work 

to estimate land consumption from Landsat satellite data. The CCDC method 

adopts a per-pixel model fitting approach to capture seasonal and inter-annual 

surface variations from all available satellite observations. The changes are de-

tected for each individual pixel as the fitted model breaks down over time, and 

a classification of the different models allows a LU/LC map to be produced for 

each point in the time series. This approach therefore accounts for the tem-

poral trend of each pixel rather than the spectral signature at a given point in 

time, potentially achieving higher classification accuracies [29, 31]. 

In general, the changes occurring on the land surface fall into three categories: 

1. intra-annual changes; 

2. gradual inter-annual changes; 

3. abrupt changes. 

The intra-annual changes (e.g. changes resulting from vegetation phenology) 

are driven by seasonal patterns of environmental variables (such as tempera-

ture and precipitation), while the gradual inter-annual changes are determined 

by factors such as climate variability or vegetation growth. The abrupt changes, 

on the other hand, are due to phenomena such as deforestation, fires or urban-

ization. All of these categories can be captured by the time series model coeffi-

cients of the CCDC algorithm [26, 29-31]. 

The advantage of using all available satellite observations is that, in this way, it 

is possible to analyze also intra-annual surface dynamics that can’t be detected 

from conventional single-date methods. Moreover, the term “continuous” re-
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fers also to the capability to extract LU/LC maps for any data time within the 

period covered by the images [29]. 

4.1. Data 

In this study, all available SR images from the Landsat 4, 5, 7, 8 and 9 

missions [69, 90-93], acquired from 1 January 1984 to 31 January 2024, and 

with a cloud cover less than 5%, were selected from the GEE data catalog. The 

Landsat bands involved in the CCDC method (Table 4.1) are the BLUE, GREEN, 

RED, NIR, SWIR 1 and SWIR 2 of the TM (Landsat 4 and 5), ETM+ (Landsat 7), OLI 

(Landsat 8) and OLI-2 (Landsat 9) sensors, which have a geometric resolution of 

30 m.  

Tab. 4.1 – Characteristics of the Landsat spectral bands selected in this study for the CCDC 

method. 

Sensor  Band Geometric resolution Wavelength range 

L4 TM 

Band 1 – BLUE 

30 m 

0.45 – 0.52 μm 

Band 2 – GREEN 0.52 – 0.60 μm 

Band 3 – RED 0.63 – 0.69 μm 

Band 4 – NIR  0.76 – 0.90 μm 

Band 5 – SWIR 1 1.55 – 1.75 μm 

Band 7 – SWIR 2 2.08 – 2.35 μm 

L5 TM 

Band 1 – BLUE 

30 m 

0.45 – 0.52 μm 

Band 2 – GREEN 0.52 – 0.60 μm 

Band 3 – RED 0.63 – 0.69 μm 

Band 4 – NIR  0.76 – 0.90 μm 

Band 5 – SWIR 1 1.55 – 1.75 μm 

Band 7 – SWIR 2 2.08 – 2.35 μm 

L7 ETM+ 

Band 1 – BLUE 

30 m 

0.45 – 0.52 μm 

Band 2 – GREEN 0.52 – 0.60 μm 

Band 3 – RED 0.63 – 0.69 μm 
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Band 4 – NIR  0.77 – 0.90 μm 

Band 5 – SWIR 1 1.55 – 1.75 μm 

Band 7 – SWIR 2 2.08 – 2.35 μm 

L8 OLI 

Band 2 – BLUE 

30 m 

0.45 – 0.51 μm 

Band 3 – GREEN 0.53 – 0.59 μm 

Band 4 – RED 0.64 – 0.67 μm 

Band 5 – NIR 0.85 – 0.88 μm 

Band 6 – SWIR 1 1.57 – 1.65 μm 

Band 7 – SWIR 2  2.11 – 2.29 μm 

L9 OLI-2 

Band 2 – BLUE 

30 m 

0.45 – 0.51 μm 

Band 3 – GREEN 0.53 – 0.59 μm 

Band 4 – RED 0.64 – 0.67 μm 

Band 5 – NIR 0.85 – 0.88 μm 

Band 6 – SWIR 1 1.57 – 1.65 μm 

Band 7 – SWIR 2  2.11 – 2.29 μm 

4.2. Method 

Synthetically, the approach followed in this study to estimate urban 

growth using the CCDC algorithm consists of the following steps (Figure 4.1): 

▪ first, after selecting all available SR Landsat images (1984-2024) with 

cloud cover less than 5% and defining the spectral bands to be included 

in the algorithm, the TemporalSegmentation.Ccdc() GEE function is im-

plemented and the CCDC output (consisting of a change multiband ras-

ter) is obtained and stored in GEE; 

▪ from the CCDC output multiband raster, and after defining the time pe-

riod of interest (to perform the change analysis), per-pixel model coeffi-

cients for the involved time segments are extracted and set as input 

predictors for the supervised LU/LC classification; 
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▪ the Random Forest classifier is used to produce multitemporal “Ur-

ban/Non-urban” land cover maps and the “post-classification compari-

son” method is applied pixel-by-pixel; 

▪ a mode filter is applied to refine the results and remove the “salt and 

pepper” noise (typical effect of pixel-based classifications);  

▪ then, the final “urban change map” for the period of interest is obtained. 

 

Fig. 4.1 – Operative workflow followed in this study. HR: High-Resolution 

4.2.1. Study areas 

The analysis was carried out for the study area of Bari (Figure 3.11), which was 

already investigated in Chapter 3. As in the case of the change detection meth-

od described in the previous Chapter, land consumption was also estimated for 



Land consumption estimation using Landsat satellite data and change detection techniques in 
the Google Earth Engine cloud environment 

73 
 

the period 2015-2023, in order to compare the performance of the two meth-

ods. 

Moreover, the study was extended to evaluate also the urban growth for all the 

twenty regional capital cities of Italy (Figure 4.2). In this case, the time period 

investigated was 2006-2023. 

 

Fig. 4.2 – The Regional Italian capital cities 

Table 4.2 shows the area (in Km2) of the municipalities territory, the Worldwide 

Reference System-2 (WRS-2)4 PATH and RAW [94] numbers of the scene chosen 

for each case study, and the total number of images founded. 
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Tab. 4.2 – Area, WRS-2 Path and Row, and number of Landsat images used for each city. 

City Region Area [Km2] Path Row Number 
of images 

Ancona Marche 124.6 190 30 282 

Aosta Valle d’Aosta 21.4 195 28 83 

Bari Puglia 116.3 188 31 335 

Bologna Emilia-Romagna 140.8 192 29 211 

Cagliari Sardegna 84.6 192 33 315 

Campobasso Molise 55.8 189 31 257 

Catanzaro Calabria 111.6 187 33 320 
Firenze Toscana 102.3 192 30 263 

Genova Liguria 240.5 194 29 171 

L’Aquila Abruzzo 472.7 190 31 223 

Milano Lombardia 181.8 194 28 99 
Napoli Campania 118.5 190 32 303 

Palermo Sicilia 160.1 189 34 323 

Perugia Umbria 449.1 191 30 242 

Potenza Basilicata 174.1 188 32 262 
Roma Lazio 1285.6 191 31 323 

Torino Piemonte 130.1 195 29 147 

Trento Trentino Alto-Adige 157.9 192 28 154 

Trieste Friuli Venezia-Giulia 84.9 191 28 102 
Venezia Veneto 415.5 192 28 154 

4.2.2. CCDC algorithm 

The CCDC algorithm consists of three main steps (Figure 4.3): 

1. image preprocessing; 

2. continuous change detection; 

3. continuous LU/LC classification. 
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Fig. 4.3 – Flowchart of the CCDC algorithm followed in this study. HR: High-Resolution 

In this work, the TemporalSegmentation.Ccdc() algorithm (available in the GEE 

library) was used to implement the CCDC method in GEE. 

The first step was to remove small clouds and cloud shadows from the Landsat 

SR image stack. This is necessary because aerosols and smoke can determine 

the detection of ephemeral changes, which can easily be confused with real 

LU/LC changes. For this phase, a time series model was estimated using the Ro-

bust Iteratively Reweighted Least Squares (RIRLS) method [95], then outliers are 

detected and removed from the time series by comparing the model estima-

tions with Landsat observations [29]. The RIRLS fitting model is only estimated 

using observations in the GREEN and SWIR 1 bands, since clouds are brighter in 
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the GREEN band, while cloud shadows are darker in the SWIR 1 band, as report-

ed in [29]. 

Subsequently, the continuous change detection phase identifies breaks in a 

time series regression model, fitted to the Landsat data for each spectral band 

(BLUE, GREEN, RED, NIR, SWIR 1 and SWIR 2), by comparing model predictions 

with satellite observations. For this step, the time series fitting models were ob-

tained from Landsat observations using the Least Absolute Shrinkage and Selec-

tion Operator (LASSO) regression [96] (with the value of the parameter λ set 

equal to 20 to avoid model overfitting and spurious changes detection [31, 97]).  

In its general form, the fitting model is expressed by the following equation 

[31]: 

                   (6) 

 

for {βk-1 < t ≤ βk}, 

 

where: 

 is the predicted value for band i at time t; 

 is the intercept for the band i, which captures the average reflectance; 

 and  are the amplitude and phase for the band i, useful for capturing the 

intra-annual changes; 

  is the slope for the band i, useful for capturing the inter-annual changes; 

T is the number of days in a year (365); 

βk is the kth break point. 

Model fitting starts at the beginning of the time series and moves forward in 

time. More specifically, a pixel is flagged as changing if its value is outside a de-

fined range (predicted value ± 3RMSE) for three successive observations.  

In particular, the following condition has to be satisfied: 
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             (7) 

 

where: 

 is the observed value of band i at time t; 

 is the root mean square error computed for band i; 

j is the number of Landsat bands (7). 

Once a break is found in the time series of a band for a pixel, a new regression 

model is initialized (Figure 4.4). The process then carries on until the end of the 

time series.  

 

Fig. 4.4 – Illustration of the fitting models (related to two time segments) in their general form 

for a pixel when a change occurs. Source: [98] (modified) 

After the second stage, each pixel has its own time series models before and af-

ter each break (i.e. for each time segment). The output of the CCD stage is, in 

fact, a multiband raster (with multidimensional array bands) that contains sev-

eral information including the per-pixel model coefficients for each band, as 

well as the number of time segments, and the start and end dates of each time 

segment. 
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In the third step, classified LU/LC maps can be obtained for a defined point in 

the time series (each pixel has its own model coefficients for the segment cov-

ering the chosen time point) by using the model coefficients as inputs for a su-

pervised classification.  In this study, the Random Forest classifier (with 100 de-

cision trees) was used to obtain LU/LC maps to be compared for the change de-

tection. The per-pixel intercept coefficients of the model for each spectral band 

were selected as input data for the classification. Several training sample pixels 

were selected over the study area, with the aid of high-resolution Google Earth 

satellite images, belonging to two LU/LC categories: “Urban” (which includes all 

artificial surfaces such as buildings, roads, parking lots etc.) and “Non-urban” 

areas (including soil, vegetation and water). 

4.2.3. Random Forest classification 

Random Forest [99] is a machine learning5 ensemble classifier formed by a col-

lection of tree-structured classifiers. Given a sample of training data as input, 

Random Forest uses random subsets of that data through replacement to build 

multiple decision trees.  

More specifically, each tree depends on the values of the random vector (sam-

pled independently), and independently classifies the data, casting a unit vote 

for the most popular class. For each tree built, data is subsampled from the 

original full dataset (bagging technique); the samples not used for training 

(called “out-of-bag” samples) are used for evaluating the classifier’s perfor-

mance, providing an unbiased estimate of the generalization error.  

The user-defined parameters are the number of trees and the number of varia-

bles per split. The generalization error always converges as the number of trees 

increases, so there is no overfitting. Therefore, the number of trees can be as 

large as possible, although beyond a certain value, additional trees won’t im-

prove the classification accuracy.  
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Random Forest is considered one of the best classifiers for LU/LC in urban land-

scapes because of its robustness to noise and outliers and its high accuracy [99-

102]. 

In this study, 100 number of trees and the square root of the number of varia-

bles (as number of variables per split) were set as parameters to perform the 

Random Forest classification with the ee.Classifier.smileRandomForest() func-

tion (available in the GEE library), as suggested by [100]. 

The per-pixel intercept fitted-model coefficients for each spectral band used in 

the CCDC algorithm, and extracted from the dates of interest time segments, 

were selected as predictive variables for the Random Forest classifier and the 

“Urban/Non-urban maps” for the reference years were produced for each study 

site. 

To construct city-specific Random Forest models for the regional capital cities of 

Italy, a consistent number of training sample pixels were selected in each study 

area (totaling 17390 pixels considering all cities), with the help of Google Earth 

high resolution historical images. These pixels were picked up in a sufficient 

number, within homogeneous areas and in different zones [13-14] of each terri-

tory. In the adopted classification scheme, “Urban areas” includes all artificial 

surfaces, while “Non-urban areas” includes soil, vegetation and water. 

4.2.4. Change detection 

After obtaining two binary LU/LC maps (“Urban/Non-urban maps”) for the two 

dates of interest with the Random Forest classification, they were compared 

pixel-by-pixel. In this manner, the possible outputs were “no change” (for the 

same classification in both dates) or “change” (for pixels classified differently in 

the two maps). 

Once the post-classification comparison was performed, for pixels changed 

from “Non-urban” to “Urban” (representing the urban growth) a mode filter to 

refine the change maps from the “salt and pepper” noise was applied and a fi-



Carlo Barletta | XXXVII cycle 

80 

 

nal “urban change map” (depicting two distinct categories: “Urban growth” and 

“No growth”) was produced for each case study.  

The mode filter is a post-classification spatial filtering technique applied to eve-

ry pixel of a map using a moving window (named “kernel”) of a certain size. The 

kernel is moved throughout the original classified map and the categorical value 

(i.e. the label of the LU/LC class) of the center pixel of the window is changed to 

the most frequent class within that window [14, 103]. In this work, a kernel of 

3x3 pixels was chosen to apply the mode filter. 

4.2.5. Accuracy assessment 

For the accuracy assessment of the change map obtained for the site of Bari 

(2015-2023), the same datasets of 220 test pixels, generated with the stratified 

random sampling method and used in Chapter 3 (20 pixels for the “Urban 

Growth” class, and 200 pixels for the “No growth” category), was used. 

For the accuracy assessment of the change maps produced for the Italian re-

gional capital cities (2006-2023), instead, a multitemporal datasets of several 

test pixels (in proportion 1: 11 between “Urban growth” and “No growth” clas-

ses) were chosen for each municipality with the stratified random sampling 

method, after visual inspection of multitemporal high-resolution Google Earth 

images. 

The accuracy metrics calculated were O.A., P.A. and U.A. 

4.2.6. Urban growth analysis 

In order to quantify and analyze the increase of urban areas, occurred in 

Bari between 2015 and 2023, the same metrics reported in Table 3.6 were cal-

culated.  

Regarding the urban growth analysis for the regional capital cities of Italy (2006-

2023), instead, the following metrics (Table 4.3) were computed: 
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Tab. 4.3 – Description of the urban growth metrics calculated for the Italian regional capital cit-
ies (2006-2023). 

Metric Description 

Growth of Urban areas 

(GU2006-2023) [Km2] 

Urban growth from 2006 to 2023 (in Km2) esti-

mated with the CCDC method 

 

Rate of Urban Growth 

(RGU2006-2023) [%] 

Rate of Urban growth (in percentage), related to 

urban areas present in the 2015 map (obtained 

with the CCDC method) 

 

RGU2006-2023 = ((GU2006-2023)/ Urban area2015) *100 

 

Average annual Urban 

Growth (AaGU) 

[Km2/year] 

AaGU = (GU2006-2023)/NYEARS 

4.2.7. Overlay between urban growth map and hydraulic hazard map 

for the Bari territory 

For the study area of Bari, after extracting the urban growth map (2006-

2023) with the CCDC method, it was overlaid with the map of the hydraulically 

hazardous areas, as delimited by the Basin Authority of Apulia Region (updated 

2020) and provided by the Italian National Institute for Environmental Protec-

tion and Research (ISPRA) [104]. This was done in order to verify whether urban 

development has taken place in protected areas according to the current plan-

ning rules.  

Hazard (P), understood as a characteristic of a territory that makes it vulnerable 

to phenomena of instability, and which is defined as the probability of the oc-

currence of a calamitous event with a defined temporal frequency and specific 

intensity, is one of the elements that contribute to the definition of environ-

mental risk (R).  
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More specifically, risk is defined as the magnitude of the expected damage fol-

lowing the occurrence of a given event, in a given time interval and in a given 

area. In addition to hazard, risk is a function of vulnerability (V), which is the ex-

pected degree of loss (ranging from 0 to 1) for a given element depending on 

the intensity of the event, and exposure value (E), which is the number of peo-

ple or the value of natural or economic resources exposed to a given hazard 

[73]. 

With regard to hydraulic hazard, three types of protected areas are defined 

[73]: 

▪ Areas with high hydraulic hazard: areas subjected to flooding due to 

flood events with a return period ≤ 30 years; 

▪ Areas with medium hydraulic hazard: areas subjected to flooding due to 

flood events with a return period of between 30 and 200 years; 

▪ Areas with low hydraulic hazard: areas subjected to flooding due to 

flood events with a return period of between 200 and 500 years. 

4.3. Results for Bari (2015-2023) 

The “Urban/Non-urban” LU/LC maps generated using the CCDC ap-

proach for the area of Bari (2015-2023) are reported in Figure 4.5.  

The urban growth map retrieved after the “post-classification comparison” of 

these maps and the mode filter, as explained before, is shown in Figure 4.6. Ta-

ble 4.4, instead, reports the accuracy metrics of the error matrix relative to the 

urban change map (2015-2023) (Fig. 4.6). 
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Fig. 4.5 – “Urban/Non-urban” maps produced with the CCDC method for the study area of Bari 

for the reference years 2015 and 2023 
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Fig. 4.6 – Urban change map estimated with the CCDC method for the period 2015-2023 for the 

study area of Bari  

Tab. 4.4 – Accuracy metrics for the urban change map (2015-2023) for the area of Bari obtained 

with the CCDC method. 

 2015-2023 

Class P.A. [%] U.A. [%] 

Urban growth 80 100 

No growth 100 98 

O.A. [%] 98 

From Table 4.4 it is possible to notice that very high accuracies characterize the 

urban growth map obtained through the application of the CCDC method. The 

O.A. is very high (totaling 98%) while the P.A. and the U.A. for the “Urban 

growth” category are 80% and 100%, respectively.  

Table 4.5 shows the urban growth metrics estimated for Bari, which quantify 

the land consumption estimated with this method. 
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Tab. 4.5 – Urban growth metrics calculated for Bari (2015-2023) using the CCDC method. 

Metric Value 

GU2015-2023 [Km2] 0.8 

RGU2015-2023 [%] +1.8 

AaGU [Km2/year] 0.1 

From Table 4.5 it is possible to notice that the land consumption from 2015 to 

2023 (Figure 4.6) estimated using the CCDC method for Bari is equal to 0.8 Km2. 

The rate of urban growth in this period (8 years), instead, was found to be 

+1.8%, with an average annual urban growth of 0.1 Km2 per year.  

4.4. Results for the Italian regional capital cities (2006-2023) 

The urban growth maps (2006-2023) for the twenty regional capital cities of 

Italy, produced using the CCDC method in GEE environment, are illustrated in 

Figures from 4.7 to 4.13, in which cities were grouped according to their size. 

 

Fig. 4.7 – Urban change map estimated with the CCDC method for the period 2006-2023 for the 

study area of Roma 
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Fig. 4.8 – Urban change maps estimated with the CCDC method for the period 2006-2023 for 

the study areas of Perugia (a), L’Aquila (b) and Venezia (c) 

 

 

Fig. 4.9 – Urban change maps estimated with the CCDC method for the period 2006-2023 for 

the study areas of Bologna (a) and Torino (b) 
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Fig. 4.10 – Urban change maps estimated with the CCDC method for the period 2006-2023 for 

the study areas of Bari (a), Palermo (b), Potenza (c) and Milano (d) 

 

 

Fig. 4.11 – Urban change maps estimated with the CCDC method for the period 2006-2023 for 

the study areas of Genova (a) and Trento (b) 
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Fig. 4.12 – Urban change maps estimated with the CCDC method for the period 2006-2023 for 

the study areas of Napoli (a), Ancona (b), Catanzaro (c) and Firenze (d) 

 

Fig. 4.13 – Urban change maps estimated with the CCDC method for the period 2006-2023 for 

the study areas of Trieste (a), Aosta (b), Campobasso (c) and Cagliari (d) 
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The accuracy metrics obtained for the maps in Figures from 4.7 to 4.13 are re-

ported in Table 4.6, while the urban growth metrics for each city (2006-2023), 

which allow to analyze the outcomes and the urban expansion dynamics, are in-

stead highlighted in Table 4.7.  

Tab. 4.6 – Accuracy metrics for the urban change maps (2006-2023) obtained for the regional 

capital cities of Italy with the CCDC method. 

City O.A. [%] PA [%] UA [%] 

Urban  
growth 

No 
growth 

Urban  
growth 

No 
growth 

Ancona 96 70 99 82 97 

Aosta 90 43 95 43 95 

Bari 98 84 99 89 99 
Bologna 97 80 99 84 98 

Cagliari 96 70 99 82 97 

Campobasso 96 70 99 82 97 

Catanzaro 97 73 99 85 98 
Firenze 98 85 99 85 99 

Genova 95 60 98 75 96 

L’Aquila 97 80 99 86 98 

Milano 96 67 98 77 97 
Napoli 97 83 98 81 98 

Palermo 98 88 99 85 99 

Perugia 96 70 99 85 97 

Potenza 96 80 98 76 98 
Roma 97 88 98 79 99 

Torino 94 65 97 65 97 

Trento 96 80 98 76 98 

Trieste 94 60 97 67 96 

Venezia 96 73 98 76 98 

From Table 4.6 it is possible to notice that very high accuracies were achieved 

for the change maps. In fact, the O.A. is higher than 94% for 19 out of 20 cases 

(only the map of Aosta exhibits an accuracy of 90%, probably due to the very 

low land consumption occurred for this territory). 
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Tab. 4.7 – Urban growth metrics calculated for the Italian regional capital cities (2006-2023) us-

ing the CCDC method. 

City GU2006-2023 [Km2] RGU2006-2023 [%] AaGU [Km2/year] 

Ancona 0.4 +2.75 < 0.1 

Aosta < 0.1 +0.40 < 0.1 

Bari 2.6 +6.35 0.2 
Bologna 0.8 +2.26 < 0.1 

Cagliari 0.4 +2.09 < 0.1 

Campobasso 0.2 +2.64 < 0.1 

Catanzaro 1.4 +11.38 0.1 

Firenze 0.5 +1.50 < 0.1 

Genova 0.3 +0.78 < 0.1 

L’Aquila 1.6 +8.51 0.1 

Milano 1.9 +2.13 0.1 
Napoli 1.0 +1.34 0.1 

Palermo 1.8 +3.31 0.1 

Perugia 2.0 +6.55 0.1 
Potenza 0.4 +4.26 < 0.1 

Roma 10.1 +4.26 0.6 

Torino 0.6 +0.85 < 0.1 

Trento 0.4 +2.42 < 0.1 
Trieste 0.2 +0.67 < 0.1 

Venezia 2.6 +5.48 0.2 

The highest O.A. (98%) were found for the sites of Bari, Firenze and Palermo. 

The P.A. were also high (always ≥ 95% for the “No growth” category), with a 

value ranging from 65% to 88% for the “Urban growth” class for almost all case 

studies (the highest values of 88% were obtained for Palermo and Roma). On 

the contrary, the lowest values of P.A. for the “Urban growth” class were found 

for Aosta (43%), Trieste (60%) and Torino (65%). The U.A. were quite high, with 

values ≥ 95% for each study areas for the “No growth” category, while for the 

“Urban growth” class, values ≥ 75% were obtained for almost all cities, where 

the highest values characterizing the maps of Bari (89%) and L’Aquila (86%).  
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Table 4.7 shows that, throughout the investigated period, the city with the 

highest land consumption is Roma (around 10 Km2), which is also the largest 

metropolitan area in Italy (Table 4.2). Other municipalities with higher urban 

growth are Bari (2.6 Km2), Venezia (2.6 Km2), Perugia (2.0 Km2) and Milano (1.9 

Km2). On the other hand, the cities with the lowest land take are Aosta (< 0.1 

Km2), Trieste (0.2 Km2), Campobasso (0.2 Km2) and Cagliari (0.4 Km2). 

The average annual growth of artificial areas was found to be ≤ 0.2 Km2/year for 

all cities, with the exception of Rome for which an increase of 0.6 Km2 per year 

was detected. 

From Table 4.7 it is possible to notice that the municipality with the highest rate 

of urban growth is Catanzaro (+11.38%) followed by L’Aquila (+8.51%), Perugia 

(+6.55%) and Bari (+6.35%). Very low rates were detected instead for Aosta 

(+0.40%), Trieste (+0.67%) and Genova (+0.78%). 

4.4.1. Further analysis for Bari 

As reported previously, for the area of Bari the urban growth map (2006-

2023), obtained with the CCDC method, was overlaid with the map of hydraulic 

hazards [104], as delimited by the Basin Authority of the Apulia Region. The re-

sult of this overlay is illustrated in Figure 4.14. 

From this figure, it can be seen that most of the new artificial areas were built 

outside the protected areas. Only one new impervious surface in the eastern 

part of the city seems to overlap with vulnerable areas (in particular with high 

and medium hydraulic hazard areas): it is highlighted in Figure 4.15, where a 

Google Earth high-resolution image was used to inspect this area and assess 

whether it corresponds to a new built-up area. From Figure 4.15 it can be no-

ticed that this site doesn’t correspond to a new building but appears to be a 

temporary working site where reversible land consumption has occurred (it is 

visible the removal of vegetation and compaction of the soil). 
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Fig. 4.14 – Urban growth map (estimated with the CCDC method for the period 2006-2023) 

overlaid with the hydraulic hazard map [104] (updated 2020) for Bari 

 
Fig. 4.15 – Detail of a new artificial surface that overlap with hydraulic hazard areas in Bari 
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5. DISCUSSION 

 

The aim of this study is to estimate land consumption in different urban 

contexts using multiple change detection techniques applied to Landsat satellite 

data. For this purpose, two algorithms have been implemented in the GEE cloud 

platform. The first (explained in Chapter 3), applied to Landsat 8 imagery, in-

volves a post-classification comparison between multidate LU/LC maps (pro-

duced with a novel index-based classification algorithm developed for this re-

search, which adopts LICA’s STRed and SwiRed indices [75], NIR band and 

NIR/SWIR2 ratio) and land surface albedo change analysis. The second (de-

scribed in Chapter 4) is related to the implementation of the CCDC algorithm 

[29], which makes use of all available satellite images and allows to obtain mul-

tidate LU/LC maps by using per-pixel model coefficients as predictive variables 

for a defined classifier (in this study, the “Random Forest” classifier).  

Both methods gave very satisfactory results in terms of the accuracy of the “Ur-

ban growth” maps. The “post-classification and albedo change analysis” meth-

od, proposed for the test area of Bitritto (Apulia region in southern Italy) [11], 

also yielded very good results when applied to the case study of Bari (2015-

2023), the capital city of Apulia region and belonging to the same geographical, 

climatic and geomorphologic context as Bitritto. The application of this ap-

proach allowed to estimate the land consumption map for Bari (2015-2023) 

with a P.A. and a U.A. for the “Urban growth” category of 80% and 94% respec-

tively, and an O.A. of 98%. Furthermore, the urban growth of Bari was quanti-

fied at about 1.1 Km2 (with an average growth of 0.1 Km2 per year), with a 

growth rate of artificial surfaces of +2.3% between 2015 and 2023. 

On the other hand, the CCDC algorithm was used to estimate land consumption 

for Bari (from 2015 to 2023, in order to compare the results with those of the 

first method) and for all twenty Italian regional capitals from 2006 to 2023. 
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The results for Bari (2015-2023) were very promising. Indeed, a P.A. of 80% 

(same results as the first method) and a U.A. of 100% (higher performance 

compared to the first method) were found for the “Urban growth” class, with 

an O.A. of 98%. Moreover, this approach allowed a slightly lower estimation of 

the land consumption occurred (0.8 Km2, and +1.8% of new impervious surfaces 

between 2015 and 2023) compared to the “post-classification comparison and 

albedo change analysis” algorithm, which could be due to the different tech-

nique or the post-classification filter (the isolated pixel filtering in the first 

method and the mode filter in the second).  

However, both approaches underestimated the changes that actually occurred 

for two main reasons: i) the geometric resolution of 30 m of the Landsat image-

ry hampered the ability of the methods to detect minor changes present in 

some areas (e.g. newly built small residential complexes) due to the “mixed pix-

els” issue, typical of pixel-based medium-resolution image classification; ii) the 

filtering technique used to refine the results from noise (the “salt and pepper” 

effect, which is also typical of change detection from two pixel-based LU/LC 

classifications). From the results, it can be inferred that the mode filter used for 

the CCDC method, which replaces the label of the central pixel of the kernel 

with the most frequent class in the same kernel, could have led to an estimate 

of 0.3 Km2 less land loss than the other technique.  

For the Italian regional capitals (2006-2023), the CCDC methods produced accu-

rate results. In particular, the “Urban growth” class in the change maps showed 

P.A. values higher than 65% for most of the study sites, while its U.A. values 

were found to be higher than 75% in many cases. This outcome indicates the 

good applicability of this method for the entire Italian territory.  

In absolute terms, the city of Roma experienced the highest urban growth in 

Italy (estimated about 10 km2 and 0.6 Km2 per year), while Aosta registered the 

lowest growth (less than 0.1 Km2). In particular, the result for Roma is in line 

with other studies [4, 104-106], such as those carried out by ISPRA as part of 
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the Soil4Life project (https://soil4life.eu/) which underlined the highest land 

grab in Rome compared to other Italian cities (about 90 hectares per year). 

In relative terms, instead, the highest rate of land consumption was found in 

the municipality of Catanzaro (about +11% of new urban land areas compared 

to those existing in 2006, partly due to a new quarry in the central-eastern part 

of the territory), followed by L’Aquila (about +8.5%, where new residential are-

as were built after the earthquake in 2009 [107]) and Perugia (about +6.5%, as 

underlined also by ISPRA [4, 108]). The lowest rate (+0.40%) was recorded in 

Aosta.  

With regard to the city of Bari, it resulted one of the Italian cities with the high-

est growth in built-up areas in Italy during the period investigated, as highlight-

ed by other studies [4, 109-110], which underlined its high land consumption 

rate despite the city’s lack of demographic growth and the emerging need for 

urban regeneration (which would increase the number of parks and other green 

areas) in order to counteract the adverse effects of climate change (such as the 

increase in the urban heat island effect and extreme events) and to achieve the 

goals of the UN Agenda 2030 (https://sdgs.un.org/2030agenda). 

Furthermore, concerning the case study of Bari, the overlap between the urban 

growth map (2006-2023) and the map of the hydraulically hazardous areas, 

which were delimited for the Hydro-geological Asset Plan of the Apulia Region 

(adopted for the first time in 2005 [73]), allowed to verify the effectiveness of 

the institution of the protected areas in avoiding the increase of the flood risk. 

Given the possibility of extracting the urban growth maps for different areas in 

a relatively short time, the CCDC method could be considered more flexible and 

faster than the “post-classification and albedo change method”, which requires 

the calculation of multidate albedo maps for the specific region of interest (de-

pending on local variables such as P0, W and Z, which are used to estimate at-

mospheric transmissivity) and has been tested in this study only for the areas of 

Bari and Bitritto (which are in the same geographical context) and using only 

Landsat 8 data. Further analysis is needed to verify the applicability of the 

https://soil4life.eu/
https://sdgs.un.org/2030agenda
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method to other study areas in Italy and using data from other Landsat mis-

sions. In this perspective, it should be underlined that the algorithm of da Silva 

et al. (2016), used for the albedo estimation, was developed specifically for 

Landsat 8 data, which have some differences in the spectral ranges of the dif-

ferent bands compared to previous Landsat missions (see Table 4.1). However, 

the promising results described in Chapter 3 for the case studies of Palermo and 

Cagliari, where the algorithm of da Silva et al. (2016) was applied to retrieve al-

bedo maps also from Landsat 9 images, providing very similar estimates com-

pared to those obtained from Landsat 8 data, suggest that the “post-

classification and albedo change method” could be reasonably applied in the fu-

ture to contribute to urban growth assessment, at least also using Landsat 9 da-

ta. 

It is also important to add that the high accuracies obtained by the two em-

ployed methods, which allowed a detailed mapping of the impervious surfaces 

and a valuable detection of the location of the land consumption for each case 

study, suggest the inclusion of further analyses, to be carried out in the future, 

that could be useful to effectively evaluate the possible consequences of land 

consumption on the environment and territory. In particular, accurate infor-

mation on urban growth may be essential for estimating its negative impacts on 

soil ecosystem services and biodiversity (by calculating metrics such as the “po-

tential impact area”, the "degree of landscape fragmentation" or the "loss of 

agricultural land", among others [4]) or for studies on the potential increase of 

the urban heat island effect (which consists of the difference between the tem-

perature of urban areas and the temperature of surrounding non-urban areas) 

caused by the expansion of urban areas, as Landsat data also provide infor-

mation on land surface temperature (LST) at 30 m resolution [4, 60, 88]. 

The analyses carried out in this study were possible thanks to the GEE cloud en-

vironment, a free-to-use environment for research purposes, where different 

JavaScript codes were written in the Code Editor. GEE allowed the processing of 

satellite data with a reduced operational and computational time compared to 
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traditional desktop software, thanks to the presence of the Landsat archive in 

the GEE data catalog and to the cloud technology, in particular with respect to 

the CCDC method, which involves the processing of a stack of images and re-

quires a large number of computations to be performed. 
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CONCLUSIONS 

 

Mapping and monitoring the growth of impervious areas is a useful way 

to pursue sustainable development and to measure the effectiveness of current 

planning regulations in preventing an increase of environmental risks. EO 

remote sensing techniques play a crucial role in providing continuous 

information on changes in the land surface at large scales.  

The aim of this study was to employ different techniques, including some 

innovative elements, to estimate land consumption occurred in different urban 

contexts using Landsat satellite data and the GEE cloud platform. Both methods 

(the “post-classification comparison and albedo change analysis” and the 

“Continuous Change Detection and Classification”) provided very satisfactory 

results, for each case studies, in terms of the accuracy of the estimated urban 

growth maps and level of detail. Nevertheless, the geometric resolution of the 

Landsat images (30 m) and the filtering techniques, used to refine the maps 

from noise, affected the ability of these approaches to retrieve small changes, 

due to the ”mixed pixels” issue or the removal of some correctly detected 

changes, respectively. Therefore, the results presented in this work, when 

compared with the analysis of high-resolution images or other literature 

studies, slightly underestimate the landscape variations that really occurred 

over time in the investigated areas.  

Furthermore, the mapping and monitoring of urban growth using EO remote 

sensing techniques, when combined with the analysis with other informative 

layers, such as hazard or risk maps, proved to be a valuable tool for the 

evaluation of current sustainable development strategies and environmental 

and territorial risk management. 
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Lastly, the GEE platform allowed for rapid processing of EO big data, paving the 

way for new possibilities in environmental studies requiring high computational 

capacities.   
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NOTES 

 

1.  The impervious surfaces are constructed surfaces such as sidewalks, 

roads, runways, rooftops and parking lots, which are covered by impermeable 

materials such as concrete, asphalt and stone. These materials seal surfaces, 

preventing precipitation and meltwater from infiltrate into the soil (Cfr. Bhatta, 

B., 2010a). 

2.  The stratified random sampling method ensures that a minimum 

number of samples are randomly allocated to each land cover class after the 

classified map has been produced. A “stratum” is obtained by extracting only 

pixels associated with a specific class, and the sample pixels are, then, randomly 

distributed throughout the strata (Cfr. Jensen, J.R., 2015).  

3.  The accuracy metrics of the error matrix are defined as follows: 

overall accuracy is the sum of the correctly classified sample units to the total 

number of sample units in the error matrix. Producer’s accuracy is obtained by 

dividing the total number of correctly classified sample units in a category to 

the total number of sample units in that category as indicated by the reference 

data. User’s accuracy is, instead, obtained by dividing the total number of 

correctly classified sample units in a category to the total number of sample 

units classified as belonging to that category in the map (Cfr. Congalton, J.R. 

and Green, K., 2009). 

4.  The Worldwide Reference System-2 is a global notation system for 

Landsat data. It allows a user to search satellite imagery over any part of the 

world by specifying a nominal scene center, designated by PATH and ROW 

numbers. The WRS-2 PATH number is sequentially assigned to 233 nominal 

satellite orbital tracks, from east to west, while the WRS-2 ROW number is the 

latitudinal center line of an image frame (there are 248 row intervals per 

complete orbit). The combination of a PATH number and a ROW number 
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uniquely identifies a nominal scene center (Cfr. National Aeronautics and Space 

Administration, 2024b). 

5.  Machine Learning is a branch of Artificial Intelligence that consists of 

an empirical approach to both classification and regression of non-linear 

systems that can involve from a few to thousands of variables. Machine 

Learning algorithms learn the behavior of a system from a set of training data 

without any prior knowledge of the nature of the relationships between the 

data. Machine Learning is ideal for solving those problems for which our 

theoretical knowledge is still incomplete, but for which we have a significant 

number of observations and other data at our disposal (Cfr. Lary, D.J., Alavi, 

A.H., Gandomi, A.H. and Walker, A.L., 2016). 
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Figure 2.8 - Boxplots of albedo values for Palermo (a) and Cagliari (b)  

Figure 2.9 - Scatterplots between albedo values estimated from Landsat 8 and 

Landsat 9 data for Palermo (a) and Cagliari (b)  

Figure 2.10 - Outliers’ positions in Palermo (a) and Cagliari (b)  

Figure 3.1 - Study area of Bitritto 

Figure 3.2 - Workflow of the “post-classification and albedo change” method. 

HR: High-resolution 

Figure 3.3 - Flowchart of the novel decision tree algorithm for the LU/LC 

classification 

Figure 3.4 - Average spectral signature plots obtained from training pixels 

selected for each LU/LC class (Bitritto) 

Figure 3.5 - Scatter diagram (STRed/SwiRed) for training pixels of “Vegetation”, 

“Urban areas”, “Bare soil”, and “Plastic greenhouses” classes obtained from L8 

SR images for Bitritto 

Figure 3.6 - Scatter diagram (NIR/SWIR2) for training pixels of “Vegetation”, 

“Urban areas”, “Bare soil”, and “Plastic greenhouses” classes obtained from L8 

SR images for Bitritto 

Figure 3.7 - LU/LC maps for the years 2015 and 2023 for Bitritto, obtained using 

the novel index-based classification method 

Figure 3.8 - “Urban/Non-urban” maps for the years 2015 and 2023 for Bitritto, 

obtained after aggregating the LU/LC maps 

Figure 3.9 - Land surface albedo maps for the years 2015 and 2023 for Bitritto 

area 

Figure 3.10 - Urban change map for the period 2015-2023 for Bitritto area 

Figure 3.11 - Study area of Bari 
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Figure 3.12 - “Urban/Non-urban” maps produced for the study area of Bari for 

the reference years 2015 and 2023 using the novel index-based classification 

method 

Figure 3.13 - Land surface albedo maps produced for the study area of Bari for 

the reference years 2015 and 2023 

Figure 3.14 - Urban change map estimated for the period 2015-2023 for the 

study area of Bari using the “post-classification and albedo change analysis” 

method 

Figure 4.1 – Operative workflow followed in this study. HR: High-Resolution 

Figure 4.2 – The Regional Italian capital cities 

Figure 4.3 – Flowchart of the CCDC algorithm followed in this study. HR: High-

Resolution 

Figure 4.4 – Illustration of the fitting models (related to two time segments) in 

their general form for a pixel when a change occurs. Source: [98] (modified) 

Figure 4.5 – “Urban/Non-urban” maps produced with the CCDC method for the 

study area of Bari for the reference years 2015 and 2023 

Figure 4.6 – Urban change map estimated with the CCDC method for the period 

2015-2023 for the study area of Bari  

Figure 4.7 – Urban change map estimated with the CCDC method for the period 

2006-2023 for the study area of Roma 

Figure 4.8 – Urban change maps estimated with the CCDC method for the 

period 2006-2023 for the study areas of Perugia (a), L’Aquila (b) and Venezia (c) 

Figure 4.9 – Urban change maps estimated with the CCDC method for the 

period 2006-2023 for the study areas of Bologna (a) and Torino (b) 
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Figure 4.10 – Urban change maps estimated with the CCDC method for the 

period 2006-2023 for the study areas of Bari (a), Palermo (b), Potenza (c) and 

Milano (d) 

Figure 4.11 – Urban change maps estimated with the CCDC method for the 

period 2006-2023 for the study areas of Genova (a) and Trento (b) 

Figure 4.12 – Urban change maps estimated with the CCDC method for the 

period 2006-2023 for the study areas of Napoli (a), Ancona (b), Catanzaro (c) 

and Firenze (d) 

Figure 4.13 – Urban change maps estimated with the CCDC method for the 

period 2006-2023 for the study areas of Trieste (a), Aosta (b), Campobasso (c) 

and Cagliari (d) 

Figure 4.14 – Urban growth map (estimated with the CCDC method for the 

period 2006-2023) overlaid with the hydraulic hazard map [104] (updated 2020) 

for Bari 

Figure 4.15 – Detail of a new artificial surface that overlap with hydraulic hazard 

areas in Bari 
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