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Abstract

:

This paper looks at the periodic land use/cover (LUC) changes that occurred in Attica, Greece from 1991 to 2016. During this period, land transformations were mostly related to the artificial LUC categories; therefore, the aim was to map LUC with a high thematic resolution aimed at these specific categories, according to their density and continuity. The classification was implemented using the Random Forests (RF) machine learning algorithm and the presented methodological framework involved a high degree of automation. The results revealed that the majority of the expansion of the built-up areas took place at the expense of agricultural land. Moreover, mapping and quantifying the LUC changes revealed three uneven phases of development, which reflect the socioeconomic circumstances of each period. The discontinuous low-density urban fabric started to increase rapidly around 2003, reaching 7% (from 2.5% in 1991), and this trend continued, reaching 12% in 2016. The continuous as well as the discontinuous dense urban fabric, almost doubled throughout the study period. Agricultural areas were dramatically reduced to almost half of what they were in 1991, while forests, scrubs, and other natural areas remained relatively stable, decreasing only by 3% in 25 years.
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1. Introduction


Research efforts related to land use/cover (LUC) change have intensified since the mid-1970s, with the realization that processes taking place on the Earth’s surface directly and indirectly affect the climate and the environment [1]. An important distinction between the concepts of land use and land cover is the fact that the former focuses on economic activities occurring on a given surface of the land, while the latter refers to the physical attributes of the Earth’s surface [2]. Given that the alteration of the Earth’s surface by human activity is substantial and ever growing, any significant changes in land use affect land cover and vice versa [3]. Through a complex mechanism, pertaining to complex theory, changes in land cover affect land use locally, while also contributing to wider-scale processes such as climate change [4], desertification [5], and global environmental change [6]. Moreover, land cover changes hold wide-ranging significance for the structure and function of ecosystems, with equally far-reaching consequences for humans in every aspect.



Field data approaches for assessing LUC change face several limitations as they are resource-demanding in terms of personnel, equipment, and time, they are limited by topographic and climatic conditions and low accessibility to remote areas and are therefore restricted to the local scale. Earth Observation (EO) technologies, along with Geographic Information Systems (GIS), can be combined to successfully provide spatially consistent and detailed LUC information, a prerequisite for monitoring the Earth’s surface effectively [7,8]. To this end, the recent increase in the available EO data [9] can facilitate the growing demand for multi-spectral and multi-temporal information over a wide range of scales and data formats (e.g., [10,11,12]). However, adopting EO techniques and relying on satellite data involves facing a trade-off between spatial scale and cost: very high resolution (VHR) imagery are expensive (e.g., Worldview, IKONOS), which acts as an obstacle to carrying out large-scale and multi-temporal approaches. Low resolution data (e.g., AVHRR, MODIS), on the other hand, are free of charge and in abundance. However, this type of data may be unsuitable for monitoring certain processes and for capturing patterns that usually occur on a finer scale, such as LUC changes.



With the Landsat program running for more than four decades now, medium spatial resolution satellite images have been widely used for monitoring LUC and associated changes [13]. The advantages of using Landsat data are the suitable spatial resolution of 30 m for LUC monitoring, the high temporal resolution due to the low revisit cycle of the satellite and the spectral resolution offered. To add to that, the opening of the Landsat archive in 2008, offering readily available data at no cost, makes it the only feasible option for studies that span decades and cover large extents [14].



Recent technological and methodological advancements have contributed to the availability of LUC datasets at various resolutions. However, their limitations and challenges related to their nomenclature, their accuracy, and their interoperability still remain to be addressed [15,16]. Often, the use of readily available datasets in a range of research applications and land management decision-making is limited by their low thematic resolution, that is, the detail in the definition of LUC categories. Thematic resolution directly determines the amount of detail of geospatial information contained in categorical data produced from ‘hard’ classification, which in turn defines how meaningful and useful a map can be for providing answers to a range of research questions. Several studies have stressed the importance of thematic resolution in different applications, for example in land use modeling [17,18], land-cover pattern analysis [19], species distribution modeling [20], land surface temperature modeling [21], and landscape indices behavior [22,23]. However, although thematic resolution is acknowledged as an important property, in most cases available datasets represent important LUC categories lumped into one or two broad classes, which is rarely the case on the ground [24]. Therefore, the uptake of these datasets by research efforts focusing on areas that face a multitude of LUC transformations is limited. Depending on the study area and the dominant LUC transformations, the discrimination of LUC categories according to their density and continuity is crucial. For example, in areas that have undergone different types of urbanization, in terms of changes that have occurred in the extent but also in the density of the urban fabric, such discrimination can reveal important insights. The same applies to research efforts focusing on LUC transformations in forested areas and/or cropland.



To avoid these limitations, studies that aim to assess LUC changes occurring in a specific area and period of time cannot often rely on existing ‘hard’ classified datasets, such as the CORINE [25] or the GLOBELAND 30 [26]. Temporally consistent and accurate LUC maps need to be produced to satisfy the growing demand for spatially explicit and accurate LUC data. To this aim, several research efforts have focused on introducing increasingly sophisticated approaches, which, at the same time, are less resource-demanding and labor-intensive. A clear trend can be identified in the development of automated (e.g., [27,28,29,30,31]) or semi-automated (e.g., [32,33,34]) LUC classification approaches. A common and important element of these approaches for accomplishing a minimum use intervention is the utilization of existing and readily available LUC data for training the classifier. Under the assumption that changes usually occur only to a small fraction of the land, incorporating accurate but relatively outdated information in the classification process is a reasonable and promising pathway to follow in order to eliminate the remaining gaps in the LUC mapping literature [27,30,32,33,34,35].



Our main aim in this paper is, therefore, to explore the spatiotemporal LUC patterns in the Attica region of Greece, spanning 25 years, that have seen changes originating from different socioeconomic realities. Due to the fact that the area has been subjected to significant artificial land transformations, our specific objectives include the mapping of a high thematic resolution in these categories, discriminating the urban category according to its density and continuity. Change detection techniques in the form of cross-classification and cross-tabulation are also applied to map and quantify the periodic LUC changes. The former allows the mapping of changes, while the latter allows their tabulation. Our approach is able to shed light on the different economic performance realities and land-use planning contexts and choices that Attica faced during the study period. It is also fully transferable to other regions, contains a high degree of automation, and can act as a baseline for the continuous monitoring of LUC using medium-scale EO data.




2. Materials and Methods


2.1. Study Area


The study area is the region of Attica in mainland Greece (total area approximately 3000 km2), the focal point of the rapid socioeconomic transformations that occurred in the country during the last decades. The region includes the City of Athens—the capital of Greece—and adjacent municipalities, forming the Athens conurbation, which is inhabited by approximately 4 million people or ~35% of the total population of Greece. Athens attracted the majority of its population in the postwar years, as part of a major urbanization wave underscored by a persistent increase in housing demand and supply [36]. Since the early 1980s, however, economic growth triggered the residential decentralization of middle-class strata, seeking a better quality of life in areas outside the Athenian conurbation, within a reasonable commuting distance from their jobs [37]. Residential mobility, however, remained confined within the region and took the form of amenity homes (‘exochikó’) located primarily along the seacoast [38]. As a consequence, the landscape of the Athenian urban periphery changed substantially over the years. Urban growth, however, was particularly unregulated, marked by the absence of land use planning checks and controls [39]. The establishment of the regional Master Plan as early as 1985 did not change trends on the ground. Its implementation was postponed and its guidelines were persistently ignored [40]. Instead, development was permitted despite any medium- or long-term negative externalities and environmental costs. Moreover, after successfully attracting national and foreign funds and in the face of hosting the Olympic games of 2004, the demand for construction sites to accommodate commercial, industrial, transportation, and recreational activities further increased the built-up transformation of the urban periphery [41]. However, after a relatively stable period of successive economic growth, the area has recently been exposed to the negative consequences of the global financial crisis (2008), succeeded by the sovereign debt crisis (2010) and a prolonged economic recession [42]. Negative growth rates and economic contraction hampered the housing and construction industries [43]. In the 2010–2014 period, for instance, the number of transactions in the real estate market in the region fell by approximately 78% [44]. Athens also constitutes an interesting study case due to its undulated morphology (Figure 1). The geomorphological features of the region dictate the land availability and determine the accessibility and the optimal conditions for urban construction. The plain of the city of Athens is surrounded by mountains (Egaleo, Parnitha, Penteli, and Hymettus), with elevations ranging from 1 m to 1350 m. These morphological features separate Athens from the other relatively flat districts of Thriasio, Messoghia, and Marathonas, which, together with Athens, make up the only available areas in Attica to host urban construction.




2.2. Data Used


Since the Attica region is fully covered by two consecutive images (path: 183, row: 033–034), a total of 10 Landsat images (Table 1) spanning 25 years (1991–2016) were chosen to achieve full geographical coverage. The acquired images meet certain quality standards, namely, no cloudiness in the study area, acquisition during summer months to avoid phenological variations, and the absence of the scan line corrector problem of Landsat 7 after 2003.




2.3. Image Pre-Processing


To avoid any discrepancies due to the multi-temporal and multi-sensor type of analysis and to efficiently compute spectral indices, all images underwent radiometric as well as atmospheric correction. To do so, the initial digital numbers (DN) were converted to top of atmosphere reflectance using the dark-object subtraction method introduced by Chavez [45]. Then, surface reflectance values were calculated by applying the 6S model [46]. Topographic normalization was also important in order to minimize the topographical effects due to the mountainous nature of the terrain. After computing the illumination angle [47], we applied the C-correction method originally developed by Teillet et al. [48]. Next, the two consecutive calibrated images per year were mosaiced, resulting in five images spanning 25 years (1991, 1999, 2003, 2010, 2016).




2.4. Sampling and Validation


The choice of LUC categories was dictated by our objective to obtain LUC information with a high thematic resolution, especially for the urban types because this LUC category is dominant and exhibited the most pronounced changes in our study area. We opted to follow the classification system adopted by the Urban Atlas [49] database, as it classifies the urban category into five classes differentiated by the degree of imperviousness. This degree is defined by the total fraction of land covered by pavement structures that are covered by impenetrable materials. Therefore, following this nomenclature for our case, the chosen LUC categories were: (i) continuous urban fabric (degree of imperviousness >80%); (ii) discontinuous dense urban fabric (degree of imperviousness 50–80%); (iii) discontinuous medium density urban fabric (degree of imperviousness 30–50%); (iv) discontinuous low density urban fabric (degree of imperviousness 0–30%); (v) industrial, commercial, and transport units; (vi) arable land and permanent crops; (vii) forests, scrubs, and other natural areas; and (viii) other, which included open spaces bare, mines, and inland water bodies.



The LUC categories were distinguished by devising a semi-automated sampling extraction based on a context that combined the no-change areas, prior knowledge, and spectral controlling. More specifically, starting with 2010 and 2016, an extensive sampling was designed based on the visual interpretation of very high spatial resolution data from Google Earth and on existing available reference LUC data. In particular, two LUC datasets at the national scale and 30 m resolution were used as reference data for the semi-automated sampling extraction. The first classifies the urban category into five sub-categories according to density and continuity and in accordance with the classification system of Urban Atlas [50], and the second classifies Greece into 12 broader categories of LUC [32]. For the non-artificial LUC types of croplands, forest, scrubs, other natural areas, and other, additional samples from the Urban Atlas and CORINE datasets [25,49] were also assembled to strengthen the training. A quality control mechanism to remove outliers from the analysis, based on the spectral signatures of the samples, was also applied—excluding from the analysis all outliers per class [30]. For the 1991, 1999, and 2003 images, a backwards automated training strategy was adopted. Given the fact that other high-resolution reference data for these dates do not exist, and that changes usually occur on a fraction of the total area, the use of the unchanged areas as training samples for the past dates is reasonable [27,51]. No-change areas were identified via the visual interpretation of very high spatial resolution data from Google Earth. These no-change areas were then used to semi-automatically generate training samples as input for the subsequent classification of each year. Special attention was paid to avoid taking points close to the boundaries of adjacent LUC categories, ensuring that clear samples of each category were taken and thus eliminating any source of confusion in the model [32]. Seventy percent of the samples were used to train the RF algorithm, while the remaining 30% were kept for the accuracy assessment of the results (Table 2).



RF is known to be efficient with large data handling, to provide a reduced likelihood of over-fitting and that it is suitable for multi-source inputs [32,43,50]. The classification models involved 20 variables in total: besides the six reflective Landsat bands (bands 1–5 and 7 for Landsat 5 TM and Landsat 7 ETM+, bands 2–7 for Landsat 8 OLI), the thermal band was also used as it has been proven to help in the classification process [52]. In addition, the first layer produced by a principal component analysis (PCA) separately for the three visible bands (1, 2, and 3) and the infrared bands (5 and 7), was also incorporated, as it has been shown to increase classification accuracy [32,53]. The Normalized Difference Built-up Index (NDBI) [54] and the Enhanced Built-up and Bareness Index (EBBI) [55] were also incorporated to enhance the discrimination of the urban LUC types. The Enhanced Vegetation Index (EVI) [56], the Normalized Difference Moisture Index (NDMI) [57], the Normalized Difference Bareness Index (NDBaI) [54], and the Normalized Differential Vegetation Index (NDVI) [58] were also included because of their capacity to separate vegetation from bare features during the classification process. The three widely used Tasseled Cap (TC) transformations, namely, the Soil Brightness Index (SBI), the Green Vegetation Index (GVI), and the Moisture Content of Soil/Vegetation (Wetness), were also included in the analysis [59]. Finally, auxiliary relief-related variables of elevation and slope were acquired from the Global Land Survey Digital Elevation Model (GLSDEM) [60] and included in the modeling.




2.5. RF Classification and Accuracy Assessment


All images were classified into eight LUC categories, implementing the RF classification algorithm through the RandomForest package available in R [61]. To set up the models, RF requires two primary parameters to be specified: the number of predictor variables randomly sampled at each decision tree split and the number of classification trees to be built. Four predictor variables were chosen for each tree split, which is equal to the square root of the total number of predictor variables and 500 trees for each run. To deal with the so called ‘salt-n-pepper’ effect of the resulting maps, all isolated patches (defined as areas less than 0.1 ha), were removed by replacing their category value with the mode of their neighborhood pixels, defined by a 3 × 3 window [32,43,50]. Results were plotted against the 30% of the initial samples and the error matrix produced using a cross-tabulation approach [32,43].




2.6. Change Detection


In order to map and quantify the spatiotemporal patterns of LUC changes, we applied change detection techniques in the form of post-classification comparisons. Specifically, cross-classification and cross-tabulation [43,52] were employed in order to quantify LUC changes. This step was deemed important to highlight the changes that occurred during the study period and to temporarily allocate these changes, enabling possible associations with significant events that occurred in the area (e.g., new International Airport, Athens 2004 Olympics) and with different phases of economic realities and performance.





3. Results


Overall accuracies were high and ranged from 90.5% to 93.5%. (Table 3). Regarding the disagreements, confusion between certain classes can be observed between “discontinuous medium density urban fabric” and “discontinuous low density urban fabric”, as well as between “discontinuous low density urban fabric” and “arable land and permanent crops”. These classes are often spectrally and visually similar, resulting in confusion between the spectral signatures.



The LUC maps were tabulated in order to observe the fluctuations in LUC categories throughout the study period. Results revealed that Attica experienced three distinct and uneven periods of LUC change. Figure 2 provides a quantification of the periodic changes that occurred in Attica over the last 25 years. The most significant changes were the urban and industrial expansion, which started to be evident in 1999 and peaked in 2010. In particular, the discontinuous low density urban fabric started to increase rapidly in 2003, reaching 7% (from 2.5% in 1991). This trend continued until 2016, reaching 12%. The continuous as well as the discontinuous dense urban fabric almost doubled throughout the study period, reaching 5.5% and 4.8% in 2016, while in 1991 they were 2.6% and 2.3%, respectively. It is worth noting that, after 2010, the development trends remained positive but started to decline as a consequence of the dramatic decrease in internal and external investment and the collapse in the housing demand and supply equilibrium. All of the artificial areas development took place at the expense of agricultural areas, which accounted for about 40% in 1991 and declined to 23.5% in 2016. The forests, scrubs, and other natural areas category remained relatively stable, decreasing only by 3% in 25 years.



To highlight the observed trajectories of the most prominent changes, a suite of maps portraying the major LUC change was created. Figure 3 depicts the urban expansion as well as the increase in density that occurred during the last 25 years in Attica. Urban sprawl is obvious mostly in the northern and eastern parts of Attica, less so in the west. The majority of sprawl occurred along the waterfront, especially in Messoghia, Marathonas, north Attica, and southeast of Athens. The affluent northern suburbs of Athens also experienced a certain degree of urban growth, but the dominant type of change in this area was the infill that consequently led to a significant increase in density. Also notable is the pattern of uneven development between the three different periods.



Figure 4 depicts the expansion of industrial, commercial, and transport units that occurred over the last 25 years in Attica. The Thriassian plain, located in the west of Athens, as well as Messoghia plain located to the east experienced the largest amount of this type of LUC change.



The urban and industrial expansion that occurred over the last 25 years in Attica has mostly taken place at the expense of agricultural land. Figure 5 depicts the aggregated loss of agricultural land over the study period. As can be seen, almost all surrounding land of the greater Athens metropolitan area experienced agricultural land loss. As in the case of the urban and industrial expansion (Figure 3 and Figure 4), the agricultural land loss is more evident in the Thriassian plain, west Attica, north Attica, Marathonas, the Messoghia plain, and southeast of Athens. The vast majority of this loss occurred during the period of 1991–2010. Figure 6 depicts the LUC changes related to the forests, scrubs, and other natural areas, which experienced a relatively slight decrease.




4. Discussion


LUC Change in Attica


The majority of LUC changes took place during the 1999–2010 period, while in the following years (until 2016) urban growth in the area was notably curtailed. Regarding urban form, the types of sprawl noted in the region are varied, including leap-frog development, suburban growth, as well as strip and scattered development, a fact that is attributed to the loose spatial planning framework, facilitating unregulated urban expansion. Land use zoning schemes in Attica, for instance, were instituted in a scattered fashion in the 1996–2003 period, dividing the area into sections and avoiding a coherent approach. Still, as one in four local authorities lacked a detailed land use plan, the belated and haphazard introduction of zoning did not affect developments on the ground. Zoning did not inform the (missing) municipal land use plans. Construction rights, therefore, were only limited by the size of the plot to be developed [62]. The impact of unregulated urban growth was particularly apparent in the Thriassian and Messoghia plains due to the tendency of middle-class Athenians to move to areas with lower density [63,64].



During the 1991–1999 period, the Thriassian plain in the northwest faced a notable industrial expansion, while in the following years (1999–2010) the construction of the new international airport in Messoghia dominated developments eastwards. These two areas attracted urban growth due to two main advantages. First, the establishment of new transportation networks in the area during the 1990s, the Athens ring road and the suburban railway, enhanced their connectivity with the city of Athens, the region’s main economic center. Additionally, the availability of low-cost and morphologically suitable land facilitated construction activities. These two areas, however, have different attributes. The Thriassian plain is mainly occupied by industrial facilities such as oil refineries, steel mills, military bases, and transshipment hubs. The Messoghia plain, on the other hand, is occupied by residential and commercial areas, as well as by large physical infrastructure facilities, such as Olympics-related venues.



Land use change from agricultural to urban uses occurred primarily in the 1991–2010 period. Urban development in a specific location is associated in the literature with an increase in the market value of nearby land, a trait which explains why residential, industrial, and commercial uses tend to dominate over less profitable land in the bid for space [65]. As agricultural land was available at a relatively lower cost than other land uses, land speculation was encouraged and land use change was facilitated by the weak presence of spatial planning controls. Changes took place in the urban periphery, especially in areas adjacent to existing urban agglomerations. Losses of agricultural land can be seen in many areas in the region, including the northern suburbs of Athens, the periphery of Hymettus mountain, and Cape Sounio. In these parts, land use change is also associated with deliberately caused wildfires, directly related to land speculation [66].



The results of this paper highlight the relevance of economic circumstances in shaping LUC change [40,41]. In particular, as demonstrated by the LUC change detection, the built-up expansion rates in Attica are highly correlated with economic development fluctuations. In the 1999–2009 period, high economic development rates accompanied by significant investments in physical infrastructure networks expedited the expansion of built-up land in the region. Conversely, during economic austerity and recession (2010–2016), investments in real estate and transactions in the respective market were notably held back. It should be stressed though that LUC changes in the region and, in particular, the type and intensity of urban expansion, was also influenced by the underdeveloped traits of the land use planning apparatus. Reflecting on the above can serve as a basis to project the observed trends to future decades, sketching distinct and alternative LUC change scenarios for Attica [43,67].



The RF algorithm was proven to be robust in the face of the complex task that involved the accomplishment of a very high thematic resolution to disaggregate the urban-related LUC categories and their temporal trajectories. Additionally, the algorithm successfully handled the large amount of input data, both in the form of the training samples as well as the various predictor variables that were incorporated in the models. The discrimination of LUC categories according to their density and continuity was an important step, because it provided unique insights into the LUC system. If this step had not been undertaken and a more conventional nomenclature of LUC classes had been adopted, the majority of changes would have been ignored, e.g., the changes in density observed in the northern suburbs of Athens, where the extent remained relatively constant while the density increased dramatically.



EO coupled with geoinformatics is a sound approach for accurately and cost-effectively extracting spatiotemporal information related to LUC. The open-access Landsat archive is particularly suitable for detecting large-scale historical LUC changes, since it constitutes the longest record of the Earth’s surface. The only compromise related to the use of Landsat data in urban LUC studies is the spatial resolution of 30-m pixels. Satellite sensors record the emitted energy of objects and each satellite image is therefore a file of spectral signatures, translated by users as information about the objects. Each pixel represents the spectral characteristics of all objects found in a 900-m2 area. Apparently, this translates to information loss and could be crucial to such urban studies. However, the ratio involving price, spatial resolution, and size is almost inversely proportional and for this reason it must be taken into account that the level of detail, the available budget, and the purpose of study are complementary.



The temporal resolution was also an important aspect of the analysis. The inclusion of five distinct epochs in the analysis provided clearer insights into the spatiotemporal dynamics of LUC and played a key role in the identification of three distinct periods of uneven development. Using fewer time steps, as is the case in numerous approaches, would have impeded this. The use of more steps would have increased computational times significantly without any clear benefits, as the propagation of errors would have been even greater [68].



The semi-automated sampling techniques demonstrated in this paper were proven to offer a sound approach for overcoming the need for exhaustive methodologies in order to train classification algorithms. Arduous training methods tend to prevent many researchers from carrying out LUC mapping exercises in high temporal resolution. Given that changes usually occur in a small fraction of land and especially at borders between LUC types, extracting information as training from already available datasets, utilizing unchanged areas as a training source, was considered a reasonable option. In this way, the potential error that would likely propagate, thus undermining the whole process, would be due to the incompatibility between datasets and scales. To overcome this, we relocated and/or removed training points away from the boundaries between adjacent categories. However, this strategy entails a certain degree of bias towards more homogenous areas.



Regarding the RF classification process, the amount of training samples can be crucial for producing accurate classifications. The modeling also benefits from the inclusion of a number of samples that is proportional to the area covered by each LUC category. It was found that the classification accuracy increases with the size of the training data but the distribution of the samples, with a good range of intra-class variability, is of equal importance [69].





5. Conclusions


This paper presented a methodological framework for the accurate detection of LUC changes that occurred in the Attica region of Greece over a 25-year period. We demonstrated an operational, cost-effective, and fully transferable approach that is able to map LUC in a high thematic resolution, considering not only the prominent changes between major LUC categories, but also changes in density and continuity. The use of high thematic resolution was able to reveal patterns and aspects of LUC change that would have been ignored if a more conventional categorization of LUC types had been adopted. The presented approach comes with a high degree of automation in the process, is fully transferable, and can act as a baseline for the continuous monitoring of LUC using medium-scale EO data.
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Figure 1. Location and topography of the Attica region. 
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Figure 2. Summary of statistics based on the five classified maps and percentage of LUC categories. 
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Figure 3. Urban trajectories observed between 1991 and 2016 (includes all urban fabric categories). 
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Figure 4. Industrial expansion observed between 1991 and 2016. 






Figure 4. Industrial expansion observed between 1991 and 2016.



[image: Remotesensing 10 01034 g004]







[image: Remotesensing 10 01034 g005 550] 





Figure 5. Changes in agricultural land observed between 1991 and 2016. 
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Figure 6. Changes in forests and natural areas observed between 1991 and 2016. 






Figure 6. Changes in forests and natural areas observed between 1991 and 2016.



[image: Remotesensing 10 01034 g006]







[image: Table] 





Table 1. The characteristics of the satellite images used as the primary data to perform the change detection analysis.
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	Date
	Sensor
	Satellite
	Resolution (m)
	Path/Row





	17 September 1991
	Thematic Mapper (TM)
	Landsat 4
	30
	183/034



	29 June 1991
	Thematic Mapper (TM)
	Landsat 4
	30
	183/033



	22 August 1999
	Enhanced Thematic Mapper Plus (ETM+)
	Landsat 7
	30
	183/034



	22 August 1999
	Enhanced Thematic Mapper Plus (ETM+)
	Landsat 7
	30
	183/033



	12 October 2003
	Thematic Mapper (TM)
	Landsat 5
	30
	183/034



	12 October 2003
	Thematic Mapper (TM)
	Landsat 5
	30
	183/033



	12 August 2010
	Thematic Mapper (TM)
	Landsat 5
	30
	183/034



	12 August 2010
	Thematic Mapper (TM)
	Landsat 5
	30
	183/033



	29 September 2016
	Operational Land Imager (OLI)
	Landsat 8
	30
	183/034



	29 September 2016
	Operational Land Imager (OLI)
	Landsat 8
	30
	183/033
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Table 2. Training and validation samples used for classification modeling.
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LUC Categories

	
Training






	

	
1991

	
1999

	
2003

	
2010

	
2016




	
Continuous urban fabric

	
1798

	
2321

	
2622

	
4095

	
5707




	
Discontinuous dense urban fabric

	
969

	
1401

	
1808

	
2329

	
3159




	
Discontinuous medium density urban fabric

	
1021

	
1286

	
1446

	
1888

	
2617




	
Discontinuous low density urban fabric

	
502

	
895

	
1175

	
2331

	
3221




	
Industrial, commercial, and transport units

	
473

	
685

	
991

	
1245

	
1717




	
Arable land and permanent crops

	
2009

	
2119

	
2409

	
2009

	
2776




	
Forests, scrubs, and other natural areas

	
1449

	
1463

	
1559

	
1568

	
1974




	
Other (open spaces, bare land, mines, inland water)

	
453

	
460

	
475

	
525

	
574




	
Total

	
8674

	
10,630

	
12,485

	
15,990

	
21,745




	

	
Validation




	
Total

	
3637

	
4319

	
5419

	
6919

	
9399
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Table 3. Error matrix—resulting map per year against reference samples. U.A: User’s Accuracy; P.A: Producer’s Accuracy; O.A: Overall Accuracy. 1: Continuous urban fabric. 2: Discontinuous dense urban fabric. 3: Discontinuous medium density urban fabric. 4: Discontinuous low density urban fabric. 5: Industrial, commercial, and transport units. 6: Arable land and permanent crops. 7: Forests, scrubs, and other natural areas. 8: Other (open spaces, bare land, mines, inland water).
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1991

	

	
1999

	




	
Result

	
Result




	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
P.A

	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
P.A




	
Reference

	
1

	
681

	
11

	
3

	

	
9

	

	

	

	
97%

	
1012

	
28

	
6

	

	
8

	

	

	

	
96%




	
2

	
14

	
631

	
28

	

	
12

	
2

	
2

	
2

	
91%

	
58

	
1174

	
22

	

	
18

	
2

	
6

	
14

	
91%




	
3

	
31

	
51

	
1710

	
58

	
4

	
6

	
6

	
4

	
91%

	
32

	
67

	
1833

	
15

	
15

	
6

	
3

	
11

	
92%




	
4

	
8

	
20

	
104

	
1288

	
12

	
20

	
10

	
8

	
88%

	

	
28

	
90

	
1426

	
36

	
24

	
12

	
4

	
88%




	

	
5

	

	
10

	
15

	
10

	
515

	
15

	
5

	
10

	
89%

	
25

	
20

	
15

	
5

	
859

	
15

	

	
10

	
91%




	

	
6

	
12

	
13

	
40

	
148

	
24

	
6576

	
168

	
28

	
94%

	
6

	
46

	
48

	
196

	
26

	
4946

	
120

	
26

	
91%




	

	
7

	

	
8

	
6

	
42

	
11

	
109

	
2337

	
11

	
93%

	

	
21

	
63

	
22

	
16

	
188

	
2427

	
19

	
88%




	

	
8

	

	

	
1

	
7

	
10

	
16

	
11

	
258

	
85%

	

	

	
10

	
24

	
14

	
28

	
14

	
456

	
84%




	

	
U.A

	
91%

	
85%

	
90%

	
83%

	
86%

	
98%

	
92%

	
80%

	

	
89%

	
85%

	
88%

	
84%

	
87%

	
95%

	
94%

	
84%

	




	

	
O.A

	
92.2%

	

	

	

	

	

	

	

	

	
90.5%

	

	

	

	

	

	

	

	




	

	
2003

	

	
2010

	




	
Result

	
Result




	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
P.A

	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
P.A




	
Reference

	
1

	
1323

	
42

	
10

	

	
19

	

	

	
1

	
95%

	
1838

	
51

	
21

	

	
14

	

	
1

	

	
95%




	
2

	
56

	
1658

	
52

	
4

	
20

	
8

	
6

	
4

	
92%

	
72

	
2241

	
42

	
10

	
36

	
4

	
8

	
12

	
92%




	
3

	
30

	
35

	
2276

	
30

	
38

	
3

	
12

	
16

	
93%

	
21

	
46

	
2299

	
63

	
31

	
15

	
21

	
9

	
92%




	
4

	

	
48

	
86

	
2682

	
56

	
64

	
24

	
12

	
90%

	

	
48

	
91

	
3246

	
76

	
42

	
40

	
10

	
91%




	

	
5

	
25

	
20

	
15

	
20

	
1165

	
30

	
10

	
10

	
90%

	
33

	
20

	
40

	
21

	
1798

	
25

	

	
7

	
92%




	

	
6

	

	
32

	
46

	
228

	
38

	
4128

	
60

	
16

	
91%

	

	
6

	
18

	
162

	
54

	
4091

	
64

	
12

	
93%




	

	
7

	

	
7

	
21

	
61

	
21

	
224

	
2860

	
24

	
89%

	

	
14

	

	
48

	
28

	
207

	
3528

	
14

	
92%




	

	
8

	

	

	
8

	
6

	
14

	
20

	
19

	
443

	
87%

	

	
8

	

	
16

	
11

	
14

	
20

	
490

	
88%




	

	
U.A

	
92%

	
90%

	
91%

	
88%

	
85%

	
92%

	
96%

	
84%

	

	
94%

	
92%

	
92%

	
91%

	
88%

	
93%

	
96%

	
88%

	




	

	
O.A

	
90.7%

	

	

	

	

	

	

	

	

	
92.3%

	

	

	

	

	

	

	

	




	

	
2016

	

	




	
Result




	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
P.A




	
Reference

	
1

	
2683

	
59

	
19

	

	
24

	

	
2

	
2

	
96%




	
2

	
80

	
3252

	
76

	
18

	
42

	
22

	
10

	
8

	
93%




	
3

	
24

	
61

	
2964

	
101

	
35

	
17

	
36

	
20

	
91%




	
4

	
4

	
32

	
92

	
5446

	
78

	
112

	
44

	
1

	
94%




	

	
5

	
55

	
30

	
30

	
30

	
2325

	
105

	

	
17

	
90%




	

	
6

	

	
6

	
12

	
36

	
30

	
4866

	
66

	
26

	
97%




	

	
7

	

	
14

	

	
35

	
28

	
182

	
4823

	
22

	
94%




	

	
8

	

	

	

	
16

	
16

	
34

	
24

	
616

	
87%




	

	
U.A

	
94%

	
94%

	
93%

	
96%

	
90%

	
91%

	
96%

	
87%

	




	

	
O.A

	
93.5%
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