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INTRODUCTION

Since the past half century, the globe has 
grown more urbanized, especially in developing 
nations, reaching 56% of the urban population 
in 2021 [World Bank, 2021]. By 2050, cities are 
expected to house 70% of the world’s popula-
tion [UN, 2007]. In 2022, the population of Af-
rican countries exceeded one billion people, with 
around 44% living in metropolitan areas [UN, 
2010, 2022]. According to several previous stud-
ies, this urbanization increase is the main cause of 
many environmental problems such as vegetation 

decrease and agricultural land loss [López et al., 
2001], impervious urban rising [Weng, 2012], 
evapotranspiration decrease [Chai et al., 2022], 
environmental pollution [Liu et al., 2022], urban 
heat island development [Bahi et al., 2016], and 
many others. In Morocco (Northwest of Africa), 
very few published studies [Malah et al., 2022; 
Malah & Bahi, 2022] attempt to develop a com-
posite index to evaluate the ecological quality in 
an urban context by combining indicators from 
different aspects such as environmental, socio-
economic, topographic, etc., especially in Moroc-
can northern cities. Tangier, the main economic 
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city, has recently experienced an economic rise 
in power through the implementation of many 
structuring projects. As a result, the urban eco-
logical quality of these northern cities needs to be 
assessed through accessible techniques to inform 
the general population of how well their living 
environment is maintained.

To evaluate the general ecological state in an 
urban environment, it is necessary to quantify the 
relation between the urban and social features of 
a location [Merschdorf et al., 2020]. Furthermore, 
urban ecological quality is a complicated parame-
ter fluctuating in time and space. It is the result of 
interactions between environmental factors, such 
as greenness, soil moisture, land temperature, etc., 
and human activities that can have a high or low 
weight on life’s quality [Kamp et al., 2003]. In 
an urban context, objective and subjective indica-
tors are frequently used to evaluate the quality of 
life in cities [Pacione, 2003]. The first approach 
consists of quantifiable indicators that describe 
the conditions in which residents live and work 
objectively, while subjective indicators are used 
to explain how people see and assess the world 
around them [Kazemzadeh-Zow et al., 2018].

Assessing the urban ecological quality using 
the objective approach has been the aim of several 
previous studies [Joseph et al., 2014; Assaye et al., 
2017; Musse et al. 2018; Pramanik et al., 2021; 
Sousa et al., 2021; Roy et al., 2022], where the indi-
cators were mainly extracted from satellite images, 
census data or observation measures. Since remote 
sensing data became publicly available providing 
most elements of urban ecological states, particu-
larly in African cities due to the lack of spatial data 
and the difficulty in information access, the objec-
tive methodology to assess the ecological quality 
of Tangier city was selected in this study. 

Therefore, this study aims to propose, for 
the first time in a Moroccan northern city and by 
using only remote sensing data, an efficient ap-
proach to develop a composite index namely the 
Urban Ecological Quality Index (UEQI) for as-
sessing ecological quality in an urban context. 
The years 2002, 2013, and 2023 were selected to 
analyze the spatio-temporal changes in the eco-
logical quality of the study area. To achieve this, 
three types of indicators (environmental, societal, 
and topographic) derived from remote sensing 
products were integrated by a Principal Compo-
nent Analysis (PCA) to compute the UEQI de-
veloped index. This study’s findings attempt to 
identify the parameters affecting the ecological 

quality of the study area, especially where the ar-
eas with poor quality are located within the city.

STUDY AREA

Located in Northwest Morocco (35°45’ 
34.074” N, 5°50’2.234” W) 14 km from the 
southern Spanish coast, Tangier city, the study 
area in this research, is considered the gateway 
to Africa along the Strait of Gibraltar (Fig. 1). As 
the capital of the Tangier-Tétouan-Al Hoceima 
(TTA) region, Tangier consists of four urban dis-
tricts: Tangier Medina (TM), Charf Souani (CS), 
Charf Mghogha (CM), and Beni Makada (BM). 
Furthermore, the city has a Mediterranean cli-
mate, influenced by its proximity to the Atlantic 
Ocean. The seasons are distinct, with mild, rainy 
winters and hot, sunny summers. The average 
annual temperature is 17.5°C and the average 
precipitation ranges from 600 to 1000 mm per 
year [Bouramtane et al., 2021]. Additionally, ac-
cording to the land cover map for the year 2023, 
Tangier is surrounded to the east and west by ur-
ban forest and grassland, which has resulted in 
the city expanding to the south.

Based on the last Moroccan census in 2014, 
the population of Tangier represented 2.78% of 
the Moroccan population. By 2030, Tangier’s 
population is expected to reach 3.42% of the na-
tional population [High Commissioner for Plan-
ning, 2014, 2018]. This population growth can be 
explained by its economic potential mainly due to 
its proximity to Europe and its multiple economic 
zones including two maritime ports, Tangier-City 
and Tangier-Med ports. As a result, Tangier has 
become the second economic hub of Morocco in 
the last decade, just after Casablanca city.

METHODOLOGY

Data pre-processing

This section presents the  methodology ad-
opted (Fig. 2) for developing the UEQI index in 
Tangier city for the years 2002, 2013, and 2023. 
Three types of indicators: environmental, soci-
etal, and topographic (Table 1) were selected in 
this work given their impact on the urban ecologi-
cal quality, according to previous studies [Musse 
et al. 2018; Pramanik et al., 2021; Sousa et al., 
2021]. Seven spectral indexes were chosen as 
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environmental indicators (Table 1): Land Surface 
Temperature (Eq. 1), Modified Normalized Differ-
ence Impervious Surface Index (Eq. 2), Build-up 
Index (Eq. 3), Surface Albedo (Eq. 4), Normalized 
Difference Vegetation Index (Eq. 5), Soil Adjusted 
Vegetation Index (Eq. 6), and Normalized Differ-
ence Moisture Index (Eq. 7). These indicators are 
related to surface temperature, vegetation, soil 
humidity, albedo, and impervious surfaces. The 
spring season was selected for the images to pre-
vent the influence of seasonal variations and dif-
ferences in rainfall during the three years. Landsat 
5 and 8 data were used to extract the environ-
mental indicators. The satellite data was down-
loaded from the United States Geological Survey 

(USGS), with zero cloud cover within the study 
area boundary. Radiometric and atmospheric cor-
rections were applied to the satellite images to 
improve the accuracy of their reflectance calcu-
lations. The societal indicators, which are build-
ing surface [Pesaresi & Politis, 2022a], building 
height [Pesaresi & Politis, 2022b], and residential 
population [Schiavina et al., 2022], were extracted 
from the spatial framework of the Global Human 
Settlement Layer (GHSL), established by the Eu-
ropean Commission. Since GHSL data (available 
since 1975) have a temporal step of 5 years, each 
societal image used for this study (2002, 2013, and 
2023) was calculated based on the average of data 
from the years before and after. In addition, these 

Fig. 1. Location of the study area (north of Morocco)

Fig. 2. Flowchart representing the UEQI process
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Table 1. Indicators selected for the urban environmental quality assessment
 

Indicator Formula No. Description Units References 

Environmental indicator 

Land surface 
temperature 

(LST) 
𝐿𝐿𝐿𝐿𝐿𝐿 = 𝑇𝑇𝐵𝐵

1 + ( 𝜆𝜆 ∗ 𝑇𝑇𝐵𝐵
⍺  ) ∗ 𝑙𝑙𝑙𝑙 (𝜀𝜀)

 Eq. 1 

𝑇𝑇𝐵𝐵 is the brightness 
temperature,  𝜆𝜆 is the 

wavelength of 
emitted radiance, ⍺ = 
1,438 x 10-2 mK, 𝜀𝜀 is 

soil emissivity 

°C 
(Artis & 

Carnahan, 
1982) 

Modified 
normalized 
difference 
impervious 

surface index 
(MNDISI) 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀

=
𝑇𝑇𝑆𝑆 − 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 + 𝜌𝜌𝑁𝑁𝑁𝑁𝑁𝑁 + 𝜌𝜌𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

3
𝑇𝑇𝑆𝑆 + 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 + 𝜌𝜌𝑁𝑁𝑁𝑁𝑁𝑁 + 𝜌𝜌𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

3
 Eq. 2 

𝑇𝑇𝑆𝑆 is the land surface 
temperature, MNDWI 

is the modified 
normalized difference 
water index, 𝜌𝜌 is the 
spectral reflectance 
of the corresponding 

band 

Unitless 
(Xu, 2006; 
Sun et al., 

2017) 

Built-up index 
(BUI) 𝐵𝐵𝐵𝐵𝐵𝐵 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 Eq. 3 

NDBI is the 
normalized difference 
built-up index, NDVI 

is the normalized 
difference vegetation 

Index 

Unitless 

(He et al., 
2010; 

Tucker, 
1979) 

Land surface 
Albedo 

(ALBEDO) 

ALBEDO = α𝑠𝑠ℎ𝑜𝑜𝑜𝑜𝑜𝑜 = 0.365𝜌𝜌2 + 0.13𝜌𝜌4 
+0.373𝜌𝜌5 + 0.085𝜌𝜌6 + 0.072𝜌𝜌7 − 0.0018 Eq. 4 

α𝑠𝑠ℎ𝑜𝑜𝑜𝑜𝑜𝑜 is the total 
short wave Albedo, 𝜌𝜌 

is the spectral 
reflectance of the 

corresponding band 

Unitless (Liang, 
2003) 

Normalized 
difference 

vegetation index 
(NDVI) 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 = 𝜌𝜌𝑁𝑁𝑁𝑁𝑁𝑁 − 𝜌𝜌𝑅𝑅𝑅𝑅𝑅𝑅
𝜌𝜌𝑁𝑁𝑁𝑁𝑁𝑁 + 𝜌𝜌𝑅𝑅𝑅𝑅𝑅𝑅

 Eq. 5 
𝜌𝜌 is the spectral 

reflectance of the 
corresponding band 

Unitless (Tucker, 
1979) 

Soil adjusted 
vegetation index 

(SAVI) 
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = ( 𝜌𝜌𝑁𝑁𝑁𝑁𝑁𝑁 − 𝜌𝜌𝑅𝑅𝑅𝑅𝑅𝑅

𝜌𝜌𝑁𝑁𝑁𝑁𝑁𝑁 + 𝜌𝜌𝑅𝑅𝑅𝑅𝑅𝑅 + 𝐿𝐿) ∗ (1 + 𝐿𝐿) Eq. 6 

𝜌𝜌 is the spectral 
reflectance of the 

corresponding band, 
L is a brightness 
correction factor 

Unitless (Huete, 
1988) 

Normalized 
difference 

moisture index 
(NDMI) 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 = 𝜌𝜌𝑁𝑁𝑁𝑁𝑁𝑁 − 𝜌𝜌𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 
𝜌𝜌𝑁𝑁𝑁𝑁𝑁𝑁 + 𝜌𝜌𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆1

 Eq. 7 
𝜌𝜌 is the spectral 

reflectance of the 
corresponding band 

Unitless (Gao, 1996) 

Societal indicator 

Building surface 
(BUILD_S) - - 

Spatial distribution of 
the built-up surfaces, 
expressed as number 

of square meters 

m² 
(Pesaresi & 

Politis, 
2022b) 

Building height 
(BUILD_H) - - Spatial distribution of 

the building heights m 
(Pesaresi & 

Politis, 
2022a) 

Residential 
population 

(POP) 
- - Number of 

inhabitants per cell 
Inhabitant 

per cell 
(Schiavina 

et al., 2022) 

Topographic indicator 

Elevation - - Elevation of the pixel m (Davies  
et al., 2008) 

Slope - - 

Measure of 
steepness or the 

degree of inclination 
of a feature relative 

to the horizontal 
plane 

Degree 
(Carrión-

Mero et al., 
2021) 

indicators were resampled to a 30m resolution to 
be adapted to the spatial resolution of the other 
parameters. Elevation and slope, the topographic 
indicators, were extracted from the NASA Shuttle 
Radar Topographic Mission (SRTM) - Digital El-
evation Model (DEM), with a resolution of 30m 
[Farr & Kobrick, 2000].

Urban ecological quality index

To combine all the indicators into a single in-
dex, Principal Components Analysis were used 
as a weighting technique that reduces correlated 
input variables to uncorrelated components based 
on the total variance they explain [Lo, 1997]. 
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Before proceeding with PCA, Pearson’s correla-
tion was determined to investigate the correlations 
between the twelve indicators. For UEQI devel-
opment, only principal components with eigenval-
ues greater than 1 were kept [Kaiser, 1960; Lo, 
1997]. Additionally, the data suitability was ex-
amined using the communality of each indicator 
and two statistics measures such as Kaiser Meyer 
Olkin (KMO) and Bartlett’s tests [Nardo et al., 
2005]. Furthermore, the indicator’s loadings in 
the retained components were used to interpret the 
relationships between the indicators and the com-
ponents. Once the most explicative components 
were selected, the UEQI Index was calculated us-
ing the score and the variance of each component 
using the following equation [Li, 2007] (8):  
	 𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 = ∑ 𝑓𝑓𝑖𝑖𝑤𝑤𝑖𝑖

𝑛𝑛
𝑖𝑖=1    (8) 

 
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀’𝑠𝑠 𝐼𝐼 = 

𝑛𝑛 ∗ ∑ ∑ 𝑊𝑊𝑖𝑖𝑖𝑖
𝑛𝑛
𝑗𝑗=1

𝑛𝑛
𝑖𝑖=1  (𝑥𝑥𝑖𝑖 −  𝑥̅𝑥)(𝑥𝑥𝑗𝑗 − 𝑥̅𝑥)

(∑ ∑ 𝑊𝑊𝑖𝑖𝑖𝑖
𝑛𝑛
𝑗𝑗=1

𝑛𝑛
𝑖𝑖=1 ) ∗ ∑ (𝑥𝑥𝑖𝑖 −  𝑥𝑥)²𝑛𝑛

𝑖𝑖=1
 

 
(9) 

 
𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀’𝑠𝑠 𝐼𝐼 = 

(𝑥𝑥𝑖𝑖− 𝑥̅𝑥) ∗ ∑ 𝑊𝑊𝑖𝑖𝑖𝑖 (𝑥𝑥𝑗𝑗−𝑥̅𝑥)𝑛𝑛
𝑗𝑗=1

∑ (𝑥𝑥𝑖𝑖− 𝑥𝑥)²𝑛𝑛
𝑖𝑖=1

                

       
(10) 

 
 

𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈2002 = ((58.06 ∗ PC 1) + 
(12.25 ∗ PC 2 ∗ (−1)) + (10.82 ∗ PC 3))/100 

 
(11) 

 
 

𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈2013 = ((58.52 ∗ PC 1 ∗ (−1)) + 
(12.73 ∗ PC 2 ∗ (−1)) + (9.75 ∗ PC 3))/100 

 
(12) 

 
 

𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈2023 = ((56.76 ∗ PC 1) + (15.42 ∗ PC 2) 
+(8.96 ∗ PC 3 ∗ (−1))/100 

 
(13) 

 

	 (8)

where: n – the total number of extracted com-
ponents, fi – the component’s score, and 
wi – the variance percentage explained 
by component i. UEQI values were then 
normalized and classified into five classes 
to improve the readability of the results 
between the three years studied. 

Spatial autocorrelation analysis of the UEQI

To examine the possible correlation between 
the ecological quality of a feature and its enclos-
ing area, the spatial autocorrelation analysis of 
the UEQI model can be used to characterize geo-
graphically the distribution of the index in our 
study area [Martin, 1996]. For this purpose, Glob-
al Moran’s I (Eq. 9) and Local Moran’s I (Eq. 10) 
test statistics were used in this research. Global 
Moran’s I value ranges from -1 to 1; values clos-
er to 1 indicate a strong positive autocorrelation 
of the index. Local Moran’s I maps identify the 
spatial cluster dependency between variables and 
their surroundings. Both indices are calculated as 
follows [Anselin, 1995]: 

	

𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 = ∑ 𝑓𝑓𝑖𝑖𝑤𝑤𝑖𝑖
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(12.73 ∗ PC 2 ∗ (−1)) + (9.75 ∗ PC 3))/100 
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𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈2023 = ((56.76 ∗ PC 1) + (15.42 ∗ PC 2) 
+(8.96 ∗ PC 3 ∗ (−1))/100 
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where: n – the total number of spatial elements, xi 
and xj – the UEQI values of the elements i 
and j, 𝑥̅𝑥  

 
 – the average value of UEQI in the 

study area; Wij – the spatial weight between 

the elements i and j (equal to 0 for elements 
that are not adjacent, and 1 otherwise).

RESULTS

Initial data exploration

A spatial distribution was conducted to sum-
marize the indicators used in this study for the 
years 2002 and 2023 (Fig. 3). Since their range 
values are different, all the data were normal-
ized on the same scale [0,1] enabling compari-
son between them. In 2002, the spatial distribu-
tion of environmental indicators demonstrated 
a visible distinction between the superficial and 
vegetal zones of Tangier city. This is due to the 
greater concentration of impermeable surfaces 
in the city’s center. The NDVI and the SAVI dis-
play high vegetation cover values in the forest of 
northwest Tangier and the surrounding agricultur-
al areas. Despite this, the southeast and southwest 
of the study area experience higher thermal val-
ues due to the presence of significant mineralized 
and impermeable surfaces, such as industrial and 
airport zones, which are resistant to the Mediter-
ranean climate’s precipitation in that region. 

However, in 2023, the expansion of the build-
ing and impermeable surfaces caused a decrease 
in the vegetation values in the south of the city. 
Beni Makada district, the southern district of 
Tangier, was the most affected by this diminution 
of green space. Regarding the soil temperature, 
the thermal values increased mainly in the south-
ern part of the four districts, whereas in 2002 the 
values were fresher during the same season. 

The geographical dispersion of societal data 
shows that built-up zones are located in the ur-
ban area of the city with the main concentration 
in the industrial zone of Mghogha, which is home 
to multi-sectoral companies. Also, the high-rise 
buildings north of the city, which increased in 
2023, correspond to malls, hotels, or business 
centers along the coast of Tangier Bay. During 
both years, the population density remained con-
centrated in the north of the Beni Makada district, 
where the type of habitat is mainly traditional 
houses. The topography of Tangier city is domi-
nated by large areas of hills, with an altitude of 
less than 350 m, creating a valley with a small 
depth. In addition, the slope gradient varies in the 
range of 0 ~ 50°, where the high values are lo-
cated on the northwest side of the city.
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Statistical exploration

To assess the urban ecological quality of 
Tangier city for 2002, 2013, and 2023 using 
Principal Component Analysis, a statistical ex-
ploration of the indicators was performed using 
a Pearson correlation analysis to examine their in-
terdependence. Taking 2023 as an example (Fig. 
4), the results show that the Pearson correlation 
coefficients (r) indicate a strong positive correla-
tion between LST and MNDISI, ALBEDO, and 
BUI (respectively r= 0.736, 0.798, and 0.827). 
However, these indicators and the vegetative in-
dices (NDVI, SAVI, and NDMI), are negatively 
correlated, with r values that range from -0.995 
to -0.726. The presence of impervious surfaces, 
added to the lack of greenness, increases the 

surface temperature in urban cities. Furthermore, 
the analysis indicates that topographic indicators 
are positively correlated with vegetation indices, 
and are negatively correlated with artificial and 
thermal indices. The influence of topographic 
characteristics impacts the variability of LST val-
ues, depending on the terrain elevation; in high 
altitudes where the vegetal cover is dense thermal 
values are low, unlike low altitudes in the city’s 
center, where thermal values are higher.

Principal component analysis 

Before running PCA, the normalized values 
of all the indicators (environmental, societal, and 
topographic) were used to examine their suitabil-
ity for the component analysis using KMO and 

Fig. 3. Spatial distribution of the indicators (environmental, societal, and 
topographic) for the years 2002 and 2023 in Tangier city
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Bartlett’s sphericity tests. The data is considered 
appropriate for PCA only with a KMO value of 
more than 0.50 and a significant level of Bartlett’s 
test of less than 0.1. In this study, KMO values 
were 0.814, 0.807, and 0.826 respectively for 
2002, 2013, and 2023. Furthermore, the signifi-
cant level of Bartlett’s test was 0.000 for the 3 
years. These results confirmed the suitability of 
the indicators for a PCA application in this study 
[Joseph et al., 2014]. The communality of the se-
lected indicators was then used to evaluate their 
capacities in the component analysis. Indicators 
with a communality of less than 0.50 should not 
be included in the analysis since they are not well 
representative in the statistical analysis [Iwaniak 
et al., 2018]. In this study, all the chosen indica-
tors for both years had a communality larger than 
0.5. In the PCA technique, only components with 
eigenvalues higher than 1 should be taken into 
account [Kaiser, 1960]. In this work, PCA pro-
duced three principal components for each year 
with eigenvalues greater than 1 (Fig. 5), with a to-
tal variance percentage of 81.137%, 81.01%, and 
81.135% respectively for 2002, 2013, and 2023.

The results show that, in 2002, the first com-
ponent had strong positive loadings with vegeta-
tion indicators, and negative loadings with ther-
mal, impervious surface, and societal indicators 
(Fig. 5). This component increases with green 
areas and decreases with the building density 
and impermeable surfaces. The second com-
ponent, called the topographic component, has 
strong and positive scores with topographic in-
dicators (elevation and slope), and low or nega-
tive scores with the other indicators. The third 

component is correlated with societal indicators, 
with factor loadings higher than 0.5. In 2013, 
the first component showed a positive correla-
tion with the societal variables and impervious 
surfaces, while it had a negative correlation with 
indicators associated with topographic aspects 
and vegetation density. The second and third 
components of 2013 had similar loadings than in 
2002. The first component in 2023 shows a posi-
tive correlation with greenness and topographic 
indicators and a negative correlation with built-
up and artificial areas. The second component 
is positively linked to societal indicators, while 
the third component had positive loadings with 
topographic parameters.

Urban ecological quality index

All the principal components computed in the 
above section were combined into one synthetic 
index by year. The UEQI was calculated using 
the variance percentage of these components in 
the PCA results for 2002 (Eq. 11), 2013 (Eq. 12), 
and 2023 (Eq. 13) [Li, 2007]. While the load-
ings of the vegetation indicators (NDVI, SAVI, 
and NDMI) were negative in a component, those 
components were multiplied by (-1) to invert the 
scores of these indicators. Thus, the UEQI index 
was calculated as follows:

	

𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 = ∑ 𝑓𝑓𝑖𝑖𝑤𝑤𝑖𝑖
𝑛𝑛
𝑖𝑖=1    (8) 

 
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀’𝑠𝑠 𝐼𝐼 = 

𝑛𝑛 ∗ ∑ ∑ 𝑊𝑊𝑖𝑖𝑖𝑖
𝑛𝑛
𝑗𝑗=1

𝑛𝑛
𝑖𝑖=1  (𝑥𝑥𝑖𝑖 −  𝑥̅𝑥)(𝑥𝑥𝑗𝑗 − 𝑥̅𝑥)

(∑ ∑ 𝑊𝑊𝑖𝑖𝑖𝑖
𝑛𝑛
𝑗𝑗=1

𝑛𝑛
𝑖𝑖=1 ) ∗ ∑ (𝑥𝑥𝑖𝑖 −  𝑥𝑥)²𝑛𝑛

𝑖𝑖=1
 

 
(9) 

 
𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀’𝑠𝑠 𝐼𝐼 = 

(𝑥𝑥𝑖𝑖− 𝑥̅𝑥) ∗ ∑ 𝑊𝑊𝑖𝑖𝑖𝑖 (𝑥𝑥𝑗𝑗−𝑥̅𝑥)𝑛𝑛
𝑗𝑗=1

∑ (𝑥𝑥𝑖𝑖− 𝑥𝑥)²𝑛𝑛
𝑖𝑖=1

                

       
(10) 

 
 

𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈2002 = ((58.06 ∗ PC 1) + 
(12.25 ∗ PC 2 ∗ (−1)) + (10.82 ∗ PC 3))/100 

 
(11) 

 
 

𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈2013 = ((58.52 ∗ PC 1 ∗ (−1)) + 
(12.73 ∗ PC 2 ∗ (−1)) + (9.75 ∗ PC 3))/100 

 
(12) 

 
 

𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈2023 = ((56.76 ∗ PC 1) + (15.42 ∗ PC 2) 
+(8.96 ∗ PC 3 ∗ (−1))/100 

 
(13) 

 

	(11)

	

𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 = ∑ 𝑓𝑓𝑖𝑖𝑤𝑤𝑖𝑖
𝑛𝑛
𝑖𝑖=1    (8) 

 
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀’𝑠𝑠 𝐼𝐼 = 

𝑛𝑛 ∗ ∑ ∑ 𝑊𝑊𝑖𝑖𝑖𝑖
𝑛𝑛
𝑗𝑗=1

𝑛𝑛
𝑖𝑖=1  (𝑥𝑥𝑖𝑖 −  𝑥̅𝑥)(𝑥𝑥𝑗𝑗 − 𝑥̅𝑥)

(∑ ∑ 𝑊𝑊𝑖𝑖𝑖𝑖
𝑛𝑛
𝑗𝑗=1

𝑛𝑛
𝑖𝑖=1 ) ∗ ∑ (𝑥𝑥𝑖𝑖 −  𝑥𝑥)²𝑛𝑛

𝑖𝑖=1
 

 
(9) 

 
𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀’𝑠𝑠 𝐼𝐼 = 

(𝑥𝑥𝑖𝑖− 𝑥̅𝑥) ∗ ∑ 𝑊𝑊𝑖𝑖𝑖𝑖 (𝑥𝑥𝑗𝑗−𝑥̅𝑥)𝑛𝑛
𝑗𝑗=1

∑ (𝑥𝑥𝑖𝑖− 𝑥𝑥)²𝑛𝑛
𝑖𝑖=1

                

       
(10) 

 
 

𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈2002 = ((58.06 ∗ PC 1) + 
(12.25 ∗ PC 2 ∗ (−1)) + (10.82 ∗ PC 3))/100 

 
(11) 

 
 

𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈2013 = ((58.52 ∗ PC 1 ∗ (−1)) + 
(12.73 ∗ PC 2 ∗ (−1)) + (9.75 ∗ PC 3))/100 

 
(12) 

 
 

𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈2023 = ((56.76 ∗ PC 1) + (15.42 ∗ PC 2) 
+(8.96 ∗ PC 3 ∗ (−1))/100 

 
(13) 

 

	(12)

Fig. 4. Pearson correlation matrix among indicators for 2023
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For a better representation of UEQI results, 
the values were normalized [0,1] and then reclas-
sified using 5 classes: poor (UEQI values 0.0 to 
0.2), fair (0.2 to 0.4), moderate (0.4 to 0.6), good 
(0.6 to 0.8), and excellent (0.8 to 1). According 
to the UEQI results (Fig. 6), the poor ecological 
quality of the study was mainly located in the 
north and center of Tangier city, for 2002 and 
2013. The northeastern part of TM district, which 

is near economic and tourism activity around 
Tangier bay, the northwestern part of CM district, 
where the population density is more concentrat-
ed, and the CS district, maintain a poor environ-
mental quality for both years. Only agricultural 
lands and forest zones surrounding the city kept 
a good UEQI value. However, 2023 is character-
ized by the decrease of UEQI values in agricul-
ture and vegetation areas, which have been direct-
ly impacted by the various drought episodes that 
Morocco has experienced in the last decade. In 
general, these findings show that the UEQI values 

Fig. 5. Principal component analysis results in Tangier city (a. 2002, b. 2013 and c. 2023)

Fig. 6. Spatial distribution of the UEQI in Tangier city for 2002, 2013, and 2023
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became poorer approaching Tangier’s center, 
where there are more artificial areas, low vegeta-
tion cover, and high building density. UEQI val-
ues became better in the east, west, and extreme 
south sides when the areas are characterized by 
high vegetation, high altitude, less impermeable 
surfaces, and low population density. 

Spatial autocorrelation analysis of the UEQI

To conduct a spatial autocorrelation analysis 
of the UEQI results for 2002, 2013, and 2023, a 
100×100 m unit grid was created to cover the three 
images. A total of 16794 grid cells were generated 
to extract the values of UEQI and all the other 
indicators, using the centroid of each grid cell. 
The same grid cell was used for the three years 
to ensure a temporal and spatial consistency of 
results. In this study, the Global Moran’s index 
of UEQI results was 0.804, 0.784, and 0.761 re-
spectively for 2002, 2013, and 2023, indicating a 

strong spatial auto-correlation of UEQI values in 
Tangier city (Fig. 7). The Global Moran’s scatter-
plot confirms these findings and shows that there 
is no random distribution of the UEQI values in 
the study area for the three studied years.

Positive and negative spatial clustering of 
UEQI values were mapped using Local Moran’s I 
cluster maps (Fig. 8), and classified according to 
their significance level (Fig. 9). The High–High 
(HH) class means that high UEQI values are spa-
tially surrounded by cells with high UEQI value 
two. The Low–Low (LL) class represents low 
UEQI values that are neighboring to other cells 
with low UEQI values. The High–Low (HL) and 
Low–High (LH) indicate cells with high value 
bordering cells with low value, and vice versa. 
In 2002 and 2013, the (LL) areas indicating poor 
ecological quality were concentrated in the cen-
ter, the north, and the extreme west part of the 
study area, at significance of 0.05, 0.01, or 0.001. 
In 2023, these (LL) zones spread south of Tangier, 

Fig. 7. Global Moran’s results (scatterplot and index value) of UEQI 
data for 2002, 2013, and 2023 in Tangier city

Fig. 8. Local Moran’s I cluster maps of UEQI results for 2002, 2013, and 2023
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following the expansion of the city. The HH areas 
were scattered in the study area during 2002 and 
2013 but became more concentrated in 2023 to-
wards the northwest and northeast of the city.

Spatial change detection of the 
UEQI during 2002–2023

From 2002 to 2013, the spatial change distri-
bution of UEQI classes in Tangier city shows that 
the urban ecological quality has maintained the 
same quality as in 2002 in 50% of the study area, 
improved with scattered enhancements in 36% 
(Fig. 10). This positive ecological development 
is due to the precipitation increases that Morocco 
experienced in this decade. Some classes’ degra-
dation (14% of UEQI values) is located in areas 
that have experienced urban expansion during 
this decade. However, from 2013 to 2023, UEQI 
values experienced the greatest degradation, with 
more than 52% of degraded UEQI, mainly in ag-
ricultural and vegetation areas, due to the recent 
droughts that caused the rising of surface temper-
ature and the lack of greenness areas, but also by 

the demographic evolution that spread south of 
the city. Those findings explain also the spatial 
changes of the UEQI from 2002 to 2023.

DISCUSSION 

Assessing the urban ecological quality in 
Tangier city, using only remote sensing data, was 
the main objective of this research. Appropriate 
and available environmental, societal, and topo-
graphic indicators were selected to retrieve the 
ecological quality of the study area, for the years 
2002, 2013, and 2023. PCA technique was used 
to compute the UEQI index, which identified the 
major components that depict several aspects of 
urban ecological quality (green spaces, popula-
tion density, building surfaces, etc.). The UEQI 
obtained shows that statistical techniques, such 
as PCA, can be considered good alternatives for 
ecological assessment. 

The findings of this research showed that 
building density and green zones are factors in-
fluencing urban ecological quality in Tangier 

Fig. 9. Significance map of UEQI results for 2002, 2013 and 2023

Fig. 10. Spatial change detection of the UEQI in Tangier city for 2002, 2013, and 2023
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city. The lack of green vegetation, the presence 
of impermeable surfaces, and the high population 
density increase the energy consumption of build-
ings, impacting the environment negatively. Giv-
en the geographical position of the city which is 
surrounded by high altitudes to the east and west, 
the city will develop towards the south, mainly 
in the BM district. To ensure environmental and 
ecological urbanization in Tangier city, planning 
measures should be taken in the projected ur-
ban areas by involving urban parks [Azyat et al., 
2018], and urban and peri-urban agriculture [Fe-
ola et al. 2020] for their environmental benefits.

In existing areas, the urban ecological meth-
odology proposed can allow stakeholders to iden-
tify the essential actions to be taken in areas with 
poor environmental quality. The outcomes find-
ings of this research can also help environmen-
tal organizations to identify districts and areas in 
Tangier city that need further prospection through 
measures in situ to improve their environmental 
quality. Moreover, given the demographic pro-
jections of the region, authorities and decision-
makers should highlight that relocation of the 
population in poor ecological quality areas, and 
adoption of supporting legislation might serve as 
a preventative measure in areas with significant 
socioeconomic vulnerability, to ensure urban re-
silience and environmental sustainability. In ad-
dition, the development of Tangier’s urbanization 
should be adapted to the climate change impacts, 
by the implementation of more green cities to im-
prove the urbanized region’s ecological quality, 
such as the Chrafate Green City project, located 
18 km southeast of Tangier, which supports the 
industrial policy of the TTA region for sustainable 
territorial development. The methodology pre-
sented, which is mainly based on remote sensing 
data, can be applied to other Moroccan (Mediter-
ranean rim) or African cities, where the assess-
ment of the urban quality of life is essential to 
ensure urban sustainable development.
The outcomes of this study are consistent with 
the findings of other investigations (especially in 
other continents). Sousa et al. (2021) highlight 
the importance of urban afforestation activities 
in improving the urban environmental quality 
in a highly urbanized Brazilian city. Roy et 
al. (2022) consider that developing an urban 
environmental quality using remote sensing 
data can serve as a basis for future research and 
decision-making in India about one of the most 
important SDGs principles: the development of 

sustainable cities. In addition, Pramanik et al. 
(2021) suggest that the UEQI developed might 
be used to determine potential local interventions 
to improve the ecological quality of citizens. 
According to Musse et al. (2018), despite the lack 
of data in Latin American cities concerning the 
urban ecological environment, remote sensing 
images are considered an excellent data source 
for analyzing the urban environment quality, 
since the variables studied can be analyzed and 
studied through many spatial and temporal scales. 
In the African context (Assaye et al., 2017), a 
more sustainable future may be achieved by 
cities with good urban environmental quality. To 
aim for this urban sustainability in the European 
environment, Pawel et al. (2019) recommend 
the analysis of land cover’s possible effects on 
the urban environmental quality of life in Polish 
cities, which can be useful in urban greening.
The city’s urban environmental quality might 
be impacted by a variety of factors. For this 
reason, to enhance the consistency of the model 
proposed, this research can be improved by 
including demographic and socio-economic data 
from the next Moroccan census of the population 
planned for 2024, to better comprehend 
how socioeconomic factors influence urban 
sustainability whether in Tangier or another 
Moroccan city. Furthermore, this research can 
be improved by analyzing the other seasons and 
by including more ecological indicators, such as 
urban air quality, land use/ land cover, urban heat 
island, and rainfall data, which can be extracted 
from different satellite imagery.

CONCLUSIONS

Assessing ecological quality in a city using 
traditional methods is time-consuming, costly, and 
inefficient. The use of PCA analysis, combined 
with remote sensing data, has revolutionized the 
extraction of environmental quality indicators in 
urban areas. In the present study, the ecological 
quality of Tangier city was assessed through a 
combined index, using only remote sensing data, 
for the years 2002, 2013, and 2023. Three types 
of indicators were selected for assessing the 
urban ecological quality: environmental, societal, 
and topographic indicators. All these parameters 
were normalized on the same scale [0,1] before 
PCA analysis. Only components with eigenvalues 
greater than 1 were kept for this work. The UEQI 
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Index was then calculated using the score and 
the variance of each selected component for the 
three years. To assess the overall spatial pattern of 
the UEQI, the Global Moran’s index varied from 
0.761 to 0.804 for the years, suggesting a strong 
positive spatial auto-correlation of the UEQI 
results. Furthermore, Local Moran’s I cluster maps 
show that, on the one hand, poor ecological areas 
were concentrated in Tangier’s center in 2002 and 
then spread south of the city in 2023. On the other 
hand, green areas, which were highly concentrated 
around the city in 2002, became highly clustered 
only in the northwest and northeast of the study 
area in 2023. In addition, the results show that 
in 2002, 2013, and 2013, the vegetation cover 
and the building density were the main reasons 
for the poor ecological quality of areas located in 
the center of Tangier city. Agricultural land and 
green areas were directly affected by the recent 
droughts periods that Morocco has experienced 
in recent years. The methodology developed 
could be replicated for African cities with similar 
conditions and characteristics since this work 
provides an integrated approach to interpreting 
the relationships between all the parameters 
through spatial visualization of the UEQI. These 
findings are critical for environmental planners 
to take the required actions in Tangier’s areas 
with poor ecological quality to improve people’s 
quality of life. 
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