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Abstract. In recent decades the global effects of climate change have requested 
for a more sustainable approach in thinking and planning of our cities, making 
them more inclusive, safe and resilient. In terms of consumption of natural re-
sources and pollution, cities are seen as entities with most significant impact to 
the natural environment. Strategic policies focused on tackling the challenges in-
duced by climate change suggest in fact the necessity to start from the manage-
ment and operating models of the cities themselves. This study illustrates an ini-
tial evaluation of parameters for purposes of urban generation studies using opti-
cal multi-spectral satellite imagery from Landsat-5, Landsat-8 and Sentinel-2 
missions. The changes in land occupation and urban density are the first aspects 
chosen to be examined for the period 1985-2020. The focus was given on possi-
ble modifications occurred in occasion of Milano Expo 2015. The paper firstly 
explores the known best band combination for observation of urban fabric. Sug-
gestions derived have then been calibrated with reference to ground truth data, 
while the image pairs over the 35 years span were then build with selected bands. 
Finally, all image pairs have been processed for Principal Component Analysis 
in order to identify possible “hot-spots” of significant changes. The results found 
on the image pair 2006 – 2015 have been explored in detail and checked upon 
official orthophotos. Monitoring of changes in urban fabric using multispectral 
optical imagery can provide valuable insights for further evaluation of single ur-
ban generation interventions. Such contributions could be considered in the pro-
cesses of urban planning policies in a more systematic manner. 

Keywords: Earth Observation, Geospatial Open Data, Landsat, Copernicus pro-
gramme, PCA, urban planning, Milan 

1 Introduction 

In recent decades the global effects of climate change have requested for a more sus-
tainable approach in thinking and planning of our cities and human settlements, making 
them more inclusive, safe and resilient as openly addressed by the Sustainable Devel-
opment Goals (SDGs) number 11 of the United Nations (UN) [1]. In terms of consump-
tion of natural resources and pollution, cities are seen as entities with most significant 
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impact to the natural environment. Strategic policies focused on tackling the challenges 
induced by climate change suggest in fact the necessity to start from the management 
and operating models of the cities themselves [2]. Some studies have already investi-
gated the relationship between land cover and the air temperature of a specific area 
using Earth Observation (EO) information. More specifically, in [3] Local Climate 
Zone (LCZ) maps depicting land cover compositions were built for the city of Milan. 

The study here presented focuses on a broader issue i.e. issue of the change in urban 
fabric of Milan over a longer period of time (decades) as an initial input to the evalua-
tion of parameters for purposes of urban generation studies. This paper, based on the 
use of Full Open and Free (FOF) optical multi-spectral satellite imagery, attempts to 
answer two questions:  

1) What is the best combination of multispectral bands that will allow statistical 
analysis (such as PCA) to highlight highest changes in the urban fabric over 
time? 

2) What are the areas where significant changes in urban fabric have occurred in 
the last 35 years and that are visible from freely available satellite imagery? 

Firstly, the best band combination for observation of urban growth based on data 
provider suggestions have been explored [4]. In particular the paper has investigated 
pseudo-composite combinations considering short-wave infrared, near-infrared and red 
bands. The results were then calibrated with reference to ground truth data such as the-
matic map of land destination (DUSAF), an open tested layer of Topographic Database 
of Lombardy Region (TBD Regione Lombardia). 

Successively, the changes in land occupation and urban density have been examined 
in the period 1985-2020, with focus on possible modifications in urban fabric occurred 
in occasion and after the event of Milano Expo 2015. The pairs of images were built on 
different thresholds over the 35 years (circa one decade period) using only three se-
lected bands. Finally, four image pairs have been processed for Principal Component 
Analysis (PCA) in order to identify possible “hot-spots” of significant changes in the 
indicated period. The PCA is a technique used to identify common spatial patterns and 
it has been used on Landsat data in different application regarding cities such as urban 
growth [5], urban climate and spatial distribution of heat [6], as well as typology of 
changes in urban fabric over time [7]. 

Satellite imagery was chosen for this analysis having in mind possible needs of pub-
lic authorities and/or experts in the urban regeneration field: (i) the sensors have high 
re-pass period (in case of Landsat and Sentinel circa 14-16 days) hence the imagery can 
possibly be used systematically and over different periods of the year (e.g. for detection 
of presence/absence of green areas in the urban structure); (ii) satellite imagery is highly 
compatible with common GIS software (both commercial and open source), hence re-
sults derived are comparable with geospatial data commonly used by public authorities 
such as technical territorial, urban or cadastral maps. In fact, this last characteristics 
was extremely important in both calibration of imagery and verification of the results. 

Experts identify presence of green areas, accessibility, pollution, temperature and 
other as important parameters for evaluation of urban regeneration interventions in both 
short-term experiments and long-term strategic vision [8]. The possibility to explore 
and structure such changes of urban environment over almost half a century using freely 
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available information, places the satellite imagery in high ranking position. The future 
implications of this work can be further explored for purposes of urban regeneration 
studies. 

2 Data and specific band combination selection for the analysis 
of changes in urban texture in Milan 

2.1 Study Area 

The city of Milan occupies a strategic geographical position in central Europe. Milan 
has undergone significant urbanization during the years of “economic boom” after the 
second world war (WWII), expanding into predominantly agricultural lands at the out-
skirts of the city. In the last few decades, the changes have affected mainly the already 
dense urban fabric. The population of the city of Milan accounts for 1.4MIL inhabitants 
on an area of about 180 km2. 
 
2.2 Data selection over time period 1985 – 2020  

The first feature that was going to be inspected was the change in urban fabric in past 
35 years, especially in occasion of a major event that has regarded Milano’s structure – 
Milano Expo 2015. Another factor that was considered is that the maple is the most 
represented spices in municipal area of Milan. Since maple trees undergo the process 
of  leaf-fall in months of October and November, this period was evaluated as the best 
for observation of changes (choice towards lowering any interference with possible 
changes over time in urban fabric). In terms of time slots, the following year pairs have 
been chosen for inspection 1985 – 1995; 1995 – 2005; 2005 – 2015; 2015 – 2019 (latest 
data available for the chosen period). 

Table 1. Satellite imagery chosen for Milano case study 

Year 
(date-month) 

Satellite 
(Sensor) 

Spatial resolution (m) 
 

(VIS and 
VNIR) 

Panchromatic 

23 October 1985 Landsat 5 TM 30 NA 
29 October 1993 Landsat 5 TM 30 NA 
2 November  2006 Landsat 5 TM 30 NA 
27 November 2015 Landsat_8 OLI_TIRS 30 15 
23 December 2019 Sentinel 2A 10 NA 

 
Given that in autumn months, the area of Milan could be subjected to precipitations or 
cloudy weather, an additional criteria of cloud cover was added and set to less than 5% 
for the scene of interest. Table 1 shows the final selection of images used in this paper.  
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Table 2. Bands' wavelength and spatial resolution in Landsat 5, Landsat 8 and Sentinel 2A 

Landsat 5 (USGS) 
 

Landsat 8 (USGS) Sentinel-2A (ESA) 

Spectral 
bands 

Wavelength 
(μm) 

Spatial  
Resolution 

(m) 

Spectral 
bands 

Wavelength 
(μm) 

Spatial  
Resolution  

(m) 

Spectral 
bands 

Wavelength 
(μm) 

Spatial  
Resolution  

(m) 
   Band 1 

AEROSOL 
0.43-0.45 30 Band 1 

AEROSOL 
442.7 60 

Band 1  
BLUE 

0.45-0.52 30 Band 2  
BLUE 

0.45-0.51 30 Band 2 
BLUE 

492.4 10 

Band 2 
GREEN 

0.52-0.60 30 Band 3 
GREEN 

0.53-0.59 30 Band 3 
GREEN 

559.8 10 

Band 3 
RED 

0.63-0.69 30 Band 4 
RED 

0.64-0.67 30 Band 4 
RED 

664.6 10 

      Band 5 
Veg Red-Age 

704.1 20 

      Band 6 
Veg Red-Age 

740.5 20 

Band 4 
NIR 0.76-0.90 30 

   Band 7 
Veg Red-Age 

782.8 20 

Band 5 
NIR 0.85-0.88 30 

Band 8 
NIR 

832.8 10 

Band 8A 
Veg Red-Age 

864.7 20 

      Band 9 
NIR 

945.1 60 

   Band 9 
CIRRUS 

1.36-1.38 30 Band 10 
MIR 

1373.5 60 

Band 5 
SWIR 

1.55-1.75 30 Band 6 
SWIR-1 

1.57-1.65 30 Band 11 
MIR 

1613.7 20 

Band 7 
SWIR 

2.08-2.35 30 Band 7 
SWIR-2 

2.11-2.29 30 Band 12 
MIR 

2202.4 20 

Band 6 
TIR 

10.40-12.50 
 

120 (30) 
Band 10 
TIRS 1 

10.6-11.19 100    

Band 11 
TIRS 2 

11.50-12.51 100    

   Band 8  
Pancromatic 

0.50-0.68 15    



2.3 Spectral resolution and pseudo-colour band combination of selected 
imagery  

When it comes to visibility of urban features, literature suggests some main pseudo-
composite band combinations that enhance these aspects. Since the main slot of data 
analyzed regarded Landsat data, the following two pseudo composite band combina-
tions (with reference to Landsat 5) were chosen:   

- Combination 1: Red: Band 7; Green: Band 5; Blue: Band 3. 
- Combination 2: Red: Band 7; Green: Band 4; Blue: Band 2, and 

Figure 1 illustrates the two combinations for the city of Milan as seen by Landsat5 
in 1985. 

 

 
Fig. 1. Image of Milan in 1985 Combination 1 LS5 B7-5-3 (left) and Combination 2 LS5 B7-4-
2. CRS:WGS84/UTM zone 32  

In order to follow the correct visualization of these bands across different images 
acquired by different sensors, Table 2 was created by the author. In this table the bands’ 
order in Landsat 5 and 8 has been rearranged in order to match the order of Sentinel 2A 
data in terms of wavelengths. The different band combinations across different sensors 
for two main combinations described  have been summarized in Table 3. Combination 
1 (LS5 B7-5-3) enhances urban features in white and light purple, while Combination 
2 (LS5 B7-4-2) presents urban features in varying shades of magenta.  



 
Table 3. Pseudo-composite band combinations in Landsat 5, Landsat 8 and Sentinel 2A 

COMBINATION 1 
Pseudo-composite for  
Landsat 5 

 
Pseudo-composite for 
Landsat 8 

 
Pseudo-composite 
for S2A 

Red: Band 7 
Green: Band 5 
Blue:  Band 3 

Red: Band 7 
Green: Band 6 
Blue:  Band 4 

Red: Band 12 
Green: Band 11 
Blue:  Band 4 

COMBINATION 2 
Pseudo-composite for 
Landsat 5 

 
Pseudo-composite for  
Landsat 8 

 
Pseudo-composite 
for S2A 

Red: Band 7 
Green: Band 4 
Blue:  Band 2 

Red: Band 7 
Green: Band 5 
Blue:  Band 3 

Red: Band 3 
Green: Band 8 
Blue:  Band 12 

Pseudo composite images have been built for all years chosen in Table 1 and for both 
Combination 1 and 2, hence considering only the three bands chosen for inspection.  

3 Methodology 

The work proposed in this paper was conducted in two distinct phases: (i) in the first 
phase the two literature-recommended band combinations have been examined and 
compared to ground truth data (official map of the soil use destination) in order to 
choose the most suitable band combination for the change detection of the urban fabric 
of Milan; (ii) the second phase focused on a) detection of areas subject to major changes 
using statistical methods and b) verification of the changes on the ground truth data 
(official publicly available orthophotos). 

3.1 Comparison of the band Combination 1 (LS5 B7-5-3) and Combination 2 
(LS5 B7-4-2) 

In order to evaluate the most suitable band combination for inspection over time (multi-
temporal data analysis), it was chosen to examine how the information observed from 
satellite correspond to ground truth data. In this case, two series of information have 
been used as ground truth data [9]:  

- For comparison and satellite imagery calibration: a DUSAF map - Intended Use of 
Agricultural and Forest Soils (Destinazione d’Uso dei Suoli Agricoli e forestali), pro-
duced for Lombardy Region by ERSAF, a regional body for agriculture and forests 
services. This database adopts a legend in accordance with the Corine Land Cover 3rd 
level classification;  

- For results validation: Orthophotos of Lombardy Region produced by means of 
aero-photogrammetry for years 2003, 2007, 2012 and 2015.  

2015 was chosen as the reference year as it was the year of MilanoExpo event and 
of the one of the most updated DUSAF maps available. 2018 DUSAF map (latest up-
date) was not considered as it could already indicate changes occurring after 2015. 
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Preparing DUSAF data for comparison of classified satellite imagery. In order to 
compare selected Combinations to DUSAF ground truth data, the original categories 
had to be re-classified. As shown in Fig.2, the DUSAF legend categories have been 
combined into fewer classes in order to make the distinction between built environment 
(infrastructures and buildings) and green areas more straightforward. The areas for 
these new 5 classes were hence calculated (see Table 4 for details). 
 

 
Fig. 2 Representation of re-classified DUSAF classes: the image emphasizes the difference be-
tween urban build texture (in red) and the infrastructures (grey areas) on one side and on the other 
the green areas (light green) and agricultural areas (dark green). CRS:WGS84/UTM zone 32 N. 

This new re-classified image of DUSAF information has enabled a better comparison 
with satellite imagery and its specific band combination described in the following par-
agraphs.  
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Table 4. Aggregation of DUSAF Legend categories into classes 

Class Colour DUSAF Legend Area calculated 
(sq. km.) 

Class 1 Red 1.1 Urban areas (urban texture – continu-
ous and discontinuous);  

71.63 

Class 2 Grey 1.2 Systems and communication  
networks and 1.3 Extraction areas, aban-
doned areas etc.; 

124.41 

Class 3 Light green 1.4 Green areas (not agriculture); 29.27 
Class 4 Dark green 2. Agricultural areas and 3. Woods; 65.96 
Class 5 Light blue 4. Humid areas and 5.Water bodies. 2.32 

 

Classification of band Combinations 1 and 2. In order to make satellite imagery com-
parable to DUSAF data, it was chosen to classify them also into 5 classes. The super-
vised method was firstly tested but eventually abandoned as it was not possible to read 
spectral signatures of different features and create proper regions of reference with only 
three bands. The three band 2015 LS5 images have been hence classified using Unsu-
pervised classification method and then converted into vector shape files (Fig.3). The 
images were then inserted into a Free and Open Source Software (FOSS) QGIS envi-
ronment for further analysis [10].  The use of open source GIS environment was a ben-
efit to this paper – the environment has been tested for robustness and stability for in-
vestigation of both Landsat and Sentinel-2 satellite imagery. In fact, experts evaluate 
FOSS a mature and reliable technology for geo-data management [11]. 

 
Fig. 3. Classification of the image of Milan (2015) taken by Landsat 8 in (left) Combination 1 
(LS5 B7-5-3) and (right) in Combination 2 (LS5 B7-4-2). Colours of classifications classes have 
been attributed by the author. CRS:WGS84/UTM zone 32 N. 

From the first visual investigation, first three classes seem to indicate built areas with 
no distinction between buildings and streets (Class 1 and 2 from table 4), two other 
classes seemed to indicate better green areas respectively classes 3 and 4 of Table 4, 
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while Class 5 was not represented (it seemed to be incorporated into Class 4). It was 
hence chosen to represent satellite imagery in this manner: Distinguishable classes 1, 2 
and 3 were represented in three shades of red (dark red, red and orange); while Distin-
guishable classes 4 and 5 have been represented in light and dark green.  The areas of 
these five distinguishable classes were hence calculated for both Combination imagery 
and compared to DUSAF classes as shown in Table 5. 

Table 5. Areas of specific classes as calculated within a FOSS GIS environment 

 Area in Comb. 1, 
(LS5 B7-5-3) 

(sq. km) 

Area in Comb. 2, 
(LS5 B7-4-2) 

(sq. km) 

Areas of 
re-grouped DUSAF 

Classes (sq. km) 
Distinguishable 
class 1 (dark red) 24.23 28.76 

 196.04 
(Total for Class 1 and 

Class 2) Distinguishable 
class 2 (red) 48.24 47.28 

Distinguishable 
class 3 (orange) 56.68 49.61 29.27 

Distinguishable 
class 4 (light green) 43.07 39.54 

 68.28 
(Total for Class 4 
and Class 5) Distinguishable 

class 5 (dark green) 10.25 17.28 
 

 
From the first visual inspection, it seemed that Combination 2 i.e. the band combination 
with reference to Landsat 5 bands B7-6-4 (i.e. Landsat 8 B7-5-3) is a more suitable one 
for identification of urban changes. This was further investigated by calculating com-
patibility percentage with DUSAF Classes. For purposes of this comparison, the area  
DUSAF Class 5 Water bodies was incorporated into Class 4 Agriculture areas. Table 5 
shows the areas calculated per specific distinguishable class (in satellite imageries) and 
for re-grouped classes of DUSAF. Given that all products were now vector shape files, 
all calculations have been performed within a FOSS GIS environment. 

Such information enabled to proceed with error calculation of both Combination 1 
and Combination 2. For the built environment the errors observed regarded Urban areas 
only as well Urban areas and communication networks, while for green areas errors 
have been observed for Agricultural areas only as well as for all green areas, compre-
hensive of wet areas and water bodies. Table 6 provides a summary of errors observed 
in both Combination 1 and Combination 2.  

Table 6. Errors observed in Combinations 1 and 2 across specific re-grouped DUSAF Classes  

 Error in Urban 
areas only (Class 
1) (%) 

Error in Urban 
areas and Nnet-
works (Class 1 
and 2) (%) 

Error in  
Agriculture  
areas only  
(Class 4) (%) 

Error in all green 
areas (Classes 3, 
4 and 5) (%) 

Combination 1 
(LS5 B7-5-3) 80.33 -34.11 -19.16 -45.34 

Combination 2 
(LS5 B7-4-2) 75.43 -35.90 -13.85 -41.75 
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Fig. 4. Milan across band Combination 2 (LS5 B7-4-2) respectively of following years: 1985 
(above left), 1993 (above right), 2006 (middle left), 2015 (middle right. LS8 B7.5.3). Sentinel 
2A in 2019 across B12-8-3(low left) and NIR-R-G (low right). CRS:WGS84/UTM zone 32N. 
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From Table 6 it can be observed that pixels attributed Urban area (Class 1) seem to 
be overestimated in both images, with a slightly better result in Combination 2, while 
the comparison with both Classes 1 and 2 gives an underestimation in both combination 
of an order of 30%. Agriculture areas are as well underestimated with pretty good re-
sults in Combination 2 (order of 10%). The high number of underestimation for all 
green areas (column 4 of Table 6) can be explained with the fact that Class 3 features 
are too small to be detected by 30m resolution – hence while calculated in DUSAF 
maps because documented on a specific layer, these are not easily detected neither in 
Combination 1 nor 2. Considering however that agricultural areas account for two 
thirds of all green areas (67%), this last error could be declared as misleading and omit-
ted from the considerations.  

The first visual inspection has been thus confirmed with results presented in Table 6 
leading to the choice of Combination 2 for further investigation i.e. band combination 
B7-4-2 as intended in Landsat 5. Figure 4 shows Milan across Combination 2 in all 
years considered. S2-A image in NIR-RED-GREEN pseudo-combination was inserted 
to facilitate observations. 

  
3.2 Principal Component Analysis of multi-temporal imagery over Milan 

In order to compare images over different time period the following methodology was 
adopted: i) four stack pair of six (6) band images have been created i.e. combination of 
LS5 Bands 7-4-2 (Year 1) and LS8 Bands 7-5-3 (Year 2); ii) statistical method of Prin-
cipal Component Analysis (PCA) has been conducted upon these new images. PCA is 
a frequently employed technique for image analysis and pattern detection applied in 
domains using satellite imagery and image fusion. Given the multi-spectral i.e. multi-
dimensional nature of remotely sensed data, it is very often observed that the measured 
variables have significant level of correlation among them, causing redundancy of in-
formation. PCA is a transformation procedure that organizes the original variables 
(spectral bands) into a new set of variables as a novel linear combination. When the 
linear functions used in the process are not correlated among each, other they are called 
“principal components” (PCs). Such process summarizes the original information into 
fewer dimensions, where the most of the information is contained within first few PCs 
[12]. In this paper a PCA was applied on multi-temporal satellite imagery i.e. on 4 raster 
pairs of specifically selected bands (3 bands combination respectively in 2 different 
years) over five (5) components.  

4 Discussion of the results  

The results of the PCA are illustrated in the Fig. 5. In order to emphasize the first two 
components, the images are show in the combinations as follows R:1, B: 2 and G: 4. 
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Fig. 5. Principal Component Analysis (PCA) over pair images in the following years: 1985-1993 
(above left); 1993-2006 (above right); 2006-2015 (lower left) and 2015-2019 (lower right). All 
images are show in R:1, B: 2 and G: 4 element combination. CRS:WGS84/UTM zone 32N. 

The first visual inspection gives some indications on the changes in urban texture of the 
city of Milan over the last few decades. Excluding the error due to small cloud for-
mation in the 1993 image (appears in the first two images above, coordinate   
513084.46,  5034841.09 UTM/WGS84), it could be observed that in decade 1985-1993 
there are more significant changes in the norther part of the city. Furthermore, it can be 
observed over the period 1993-2006 changes in urban fabric seem to be concentrated 
in the center area while over the period 2015-2019 they seem to be spread out over the 
whole area of Milan. No significant “hot-spots” can be identified in those periods.  

In the period 2006-2015 however, quite a few “hot-spots” can be noticed and they 
have been further investigated.  
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Fig. 6 Principal Component 1-5 observed in pseudo-colour with respective score values. The 
Principal Component Analysis (PCA) over the pair of images 2006-2015 is shown for reference 
at the bottom right corner. CRS:WGS84/UTM zone 32N. 

The image pair 2006-2015 was firstly observed for single PCs, as shown in Fig. 6. The 
hotspots have then been identified over all bands using the following method: (i) a fish-
net of 50 by 50m was built (a distance comparable to city blocks of Milan urban fabric); 
(ii) every raster (PC band) has been inspected in order to obtain a mean value of its 
center; (iii) such vector file was investigated for hotspots using Hot Spots Analysis 
(Getis-Ord Gi*) © ESRI. 

 
Fig. 7 PC1 of 2006-2015 PCA (left) and the result over the same band conducted with Hot 
Spots Analysis (Getis-Ord Gi*) © ESRI (left) 
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Figure 7 illustrates the hotspots analysis of PC1 where the points with high z-score i.e. 
high Standard deviation value (> 2.58) have been highlighted (cyan colour).  
Hotspots validation over Lombardy Region aero-photogrammetric orthophotos. 
An additional step consisted in validating the hotspots using ortohphotos as ground-
truth data. Considering the prior knowledge of the operator in the changes in urban 
fabric, some of the identified hotspots have been selected for further illustration. The 
areas considered were those possibly interested by changes in occasion of Milan Expo 
2015, namely: 1. The area of  ex - City Fair of Milan (Fiera MilanoCity); 2. Porta Nuova 
area (literally New Gate), the new main business district of Milan; 3. Porta Vittoria 
railway stopover (an area located at the south-east between two main Milan “ring-
roads”) and 4. “Darsena” or a dock of Milano system of artificial water canals. The 
paper investigates the four principal locations i.e. coordinates as identified in Table 7.  

Table 7. UTM/WGS84 coordinates of the four “hot-spot” areas identified in PCA over the period 
2006-2015. 

The “hot-spots” identified in the first class of 
Principal Component Analysis (PCA) 

Coordinate X Coordinate Y 

“Hot-spot” 1 – ex-city fair of Milan (Fiera) 512414.52 5035946.00 
“Hot-spot” 2 – Porta Nuova area 514845.00 5036715.00 
“Hot-spot” 3 – Porta Vittoria railway stopover 517155.00 5034120.00 
“Hot-spot” 4 – Darsena (Dock of Milano Canals) 513706.92 5033388.79 

 
All coordinates were hence verified for changes in ortophotos available for different 
years (2003 and 2015 were used in this paper). In Fig.8 it can be observed in details 
how all four areas have undergone changes in terms of demolition/construction and 
urban regeneration activities in the period between 2003 (closest orthophoto available 
before 2006) and 2015. These can be further verified by documentation on contracting 
of major construction sites in the area of Milan. All of the projects, considering the four 
identified locations, have been initiated (or have intensified their activities) as city re-
generation projects in occasion of the world fair held in Milan in 2015.  
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Fig. 8 Four areas identified as “hot-spots” of the first class in PCA, here seen in orthophotos in 
2003 (left) and 2015 (right). Respectively these are a) Ex-City Fair Milan; b) Porta Nuova area 
c) Porta Vittoria railway stopover; d) “Darsena”, a dock of Milan artificial water canals’ system 

5 Conclusions 

The work presented in this paper illustrates how major changes in urban fabric can be 
detected and identified on the multi-temporal multi-spectral optical satellite imagery. 
A specific band combination, referred to as Combination 2 in this paper (LS5 B7-4-2), 
has been calibrated and checked upon an open ground truth official data, DUSAF map. 
Such insight could be of help in detecting changes on a larger batch of images and for 
specific time periods. Furthermore, changes in the urban fabric have been clearly iden-
tified on a separate set of ground truth data of the geomatics discipline – the official 
orthphotos provided as Web Map Services (WMS) by the Lombardy Region Geoportal.  

This kind of crossed use of freely available open geospatial information could pro-
vide suggestions on replicability and experiments to be conducted on other cities in 
Italy or beyond, in view of the urban regeneration parameters evaluation. The aspect of 
“openness”, regarding both data and processing software, and their compatibility with 
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traditionally used cartographic methods, could be an additional asset for EO derived 
products and services to be considered in the processes of urban planning and policy in 
a more systematic manner. 
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