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ABSTRACT 

 

By 2050, Most of the world’s population will live in cities, this demographic explosion will lead to significant urban development at 

the expanse of natural land which may harm the environmental quality. Consequently, assessing and modeling the urban 

environmental quality (UEQ) is requisite for efficient urban sprawl control and better city planning and management. The present 

study proposes a methodology to model and assess the environment of the urban system by developing the urban environmental 

quality index (UEQI) based on remote sensing data. Five environmental indicators were derived from the Landsat OLI image 

namely, Modified Normalized Difference Impervious Surface Index (MNDISI), Modified Normalized Difference, Water Index 

(MNDWI), Normalized difference vegetation Index (NDVI), Normalized difference built-up Index (NDBI) and Soil adjusted 

vegetation index (SAVI). Using the Principal Component Analysis (PCA) the urban environmental quality index was computed for 

the 17 communes of Casablanca city. The UEQI values were spatially mapped under three classes (good, moderate, and poor). The 

results obtained from the analysis showed a significant difference in the term of UEQI values among the communes. In addition, the 

environmental quality is inadequate in communes with fewer green spaces and more impervious surfaces. The outcomes of this work 

can serve as an efficient tool to determine the most critical interventions to be made by the authority for current and future urban 

planning and land/resource management. 

 

 

1. INTRODUCTION 

The Urbanization is one of the most serious challenges and 

critical processes (Bettencourt & West, 2010; Chadchan & 

Shankar, 2009). In 2018, 55.3 percent of the world’s population 

lived in urban areas, a proportion that is expected to increase to 

60 percent by 2030 (United Nations, Department of Economic 

and Social Affairs, 2018). Currently, over 50 percent of the 

population lives in urban areas in Africa. In Morocco, 60 

percent of the population resides in urban areas, as opposed to 

35 percent in 1970 and by 2050, nearly three-quarters of the 

population will be living in cities (Lall et al., 2019).  

   

This urban revolution has induced great effects on the socio-

economic sustainability of communities and serious 

environmental problems (Luan & Li, 2021; Yuan, 2008) 

including the increases in impervious surfaces, energy demands, 

urban heat islands, water and air pollution, the treatment of solid 

waste, and the loss of natural vegetation, open spaces and 

wildlife habitat (Ann et al., 2008; Bahi et al., 2016; Cao et al., 

2016; Forman & Wu, 2016; Santana et al., 2018; Senanayake et 

al., 2013). Thus, the city authorities and planners will need to 

incorporate new policies that endorse sustainable development 

and smart growth in anticipation of the urban disadvantages to 

improve urban environmental quality.  

   

Urban environmental quality is a complex and variable 

parameter that is used to describe the interaction that exists 

between different factors which are positively or negatively 

impact the quality of the environment (Elariane et al., 2013; 

Faisal & Shaker, 2017). It is challenging to model and predict 

the interaction of diverse factors because these variables have 

different units. Recently, remotely sensed imagery is an 

effective data source for modeling urban environmental quality 

(UEQ) because the imagery can provide continuous Earth 

observation images of the urban environment at different 

spatial, spectral, and temporal resolutions (Du et al., 2014; 

Javanbakht et al., 2021). Assessing the UEQ is an effective tool 

in urban planning and management since it provides more 

specific information about urban conditions, it may also be a 

powerful tool for informing the public about the quality of the 

environment in which they live. In this research, we focused on 

the assessment of urban environmental quality using 

environmental variables obtained from remote sensing imagery 

by developing a new synthetic index. 

 

2. STUDY AREA 

In this research, the city of Casablanca has been selected as the 

study area (Figure 1). It is located in the center-west of Morocco 

on the Atlantic coast, about 80 Km south of the Moroccan 

administrative capital (Rabat). Spread on the Atlantic coast for 

nearly 14 Km, Casablanca is influenced by moderate air 

temperatures compared to other Moroccan and subtropical cities 

(Zerhouny et al., 2018). Casablanca is the main economic, 

financial, and urban center of the country and it is the largest 

city in Morocco with an area of 386.14 Km², it contains nearly 

12.6% of the Moroccan population (High Commissioner for 

Planning, 2014). In terms of demographic evolution, the city of 

Casablanca is considered the most dynamic city in Morocco. 

From an administrative prospect, the city includes 17 

communes and each commune has been identified by an ID to 

assist the representation of the study area. 
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3. MATERIAL AND METHODS 

In this research the overall methodology followed is represented 

in Figure 2. For our work, two data sources were used: 1) 

Vector map of commune limits, provided by the urban agency 

of Casablanca, For the municipality administration, the city is 

divided into 17 communes, which are identified by the numbers 

1–17. Table 1 represents the 5 factors used in this study. 

Landsat 8 satellite imagery, by the United States Geological 

Survey (USGS). 2). Landsat 8 satellite imagery, by the United 

States Geological Survey (USGS). 

  

 

 

Figure 1. Location of the study area. (Bahi et al., 2016). 

 

 
 

 

 

Figure 2. Flowchart representing the research design process. 

 

 

 

The radiometric calibration was performed for the Landsat 8 

image by converting the digital numbers to the top of 

atmosphere spectral radiance and reflectance (Bahi et al., 2016; 

Czapla-Myers et al., 2015). In the view of the equations listed in 

Table 1, the five environmental indicators Modified Normalized 

Difference Impervious Surface Index (MNDISI) Modified 

Normalized Difference Water Index (MNDWI) Normalized 

difference vegetation index (NDVI) Normalized difference 

built-up Index (NDBI) Soil adjusted vegetation index (SAVI) 

were attained based on the Python programming language with 

the GDAL libraries and NumPy (Guha et al., 2021; Huete, 

1988; Santana et al., 2018; Wang et al., 2017; Xu, 2007). The 

mean values at the commune level of each indicator were 

calculated using the spatial statistics function based on the 

vector map of commune limits. 

 

Based on the Principal Component Analysis (PCA) the weights 

were derived for the five environmental factors. Before running 

PCA, The Kaiser Meyer Olkin (KMO), Bartlett’s test, and the 

communality of variables were performed to evaluate the 

suitability of the data for the PCA (Iwaniak et al., 2018; Joseph 

et al., 2014). The retained component had an eigenvalue of 

more than 1, this component describes the maximum of the total 

variance (Du et al., 2014). The weights of the indicators on the 

retained component were used in the interpretation and to 

develop a new synthetic index using the percentage of variance 

(Krishnan & Firoz, 2020). 

Table 1. The five environmental indicators used to assess 

UEQI, Modified Normalized Difference Impervious Surface 

Index (MNDISI). Normalized difference built-up index (NDBI). 

Soil Adjusted Vegetation Index (SAVI). Normalized Difference 

Vegetation Index (NDVI). Modified Normalized Difference 

Water Index (MNDWI). 

 

4. RESULTS AND DISCUSSIONS 

4.1 Environmental variables    

In this study, 5 environmental variables were selected to derive 

the synthetic index of urban environment quality. Regarding 

these indicators, the impervious surfaces and NDBI are high, 

while the green spaces are less, as indicate by the NDVI and 

SAVI. It can easily be seen in figure 3 the lowest value of 

NDVI and the highest value of the impervious surfaces and 

NDBI at the North and East parts of the city, in the zone of the 

Casablanca port (commune 10), and in the industrial areas of 

the city (commune 3, 11 and 12) the same case for the 

communes 1, 2 and 5 in the downtown. However, the values of 

NDVI are high in the eastern part of the city in parks and villa 

zones (commune 9 and 15). 

 

The Pearson correlation was calculated to give a preliminary 

analysis of the relationships among the 5 indicators. Table 2 

represents the correlation matrix. The MNDISI and NDBI have 

Environmental 

Indicators  
Formula  

MNDISI 
= [TS − (MNDWI + NIR + SWIR1)/3] /  
     [TS + (MNDWI + NIR + SWIR1)/3] 

MNDWI = (Green - SWIR1) / (Green + SWIR1) 

NDVI = (NIR - RED) / (NIR + RED) 

NDBI = (SWIR - NIR) / (SWIR + NIR) 

SAVI = [(NIR - RED) / (NIR + RED + L)] * (1 + L) 
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a strong positive correlation, also there is a high to moderate 

positive correlation among NDVI and SAVI, and MNDWI 

while they are negatively correlated with MNDISI and NDBI. 

  

 

Figure 3. MNDISI NDVI and NDBI. 

 

 

 

Table 2. The Pearson correlation matrix. 

4.2 Principal component analysis and UEQI   

As mentioned above, the five environmental indicators were 

derived using remote sensing and calculating the mean value of 

each environmental indicator per commune. In order to combine 

the five indicators into a single index the PCA was used as 

weighting technique. To assess the suitability of these indicators 

for the principal component analysis the Kaiser Meyer Olkin 

(KMO), Bartlett’s test was used (Table 3). The data can be 

acceptable for PCA if the KMO is more than 0.5 and the 

significant level of Bartlett’s test is less than 0.1 (Liang & 

Weng, 2011). The result of KMO was 0.617 and the significant 

level of Bartlett’s Sphericity was 0.000, which confirmed the 

suitability of principal component analysis application for our 

study. 

Based on the correlation matrix, the principal component 

analysis produced one component with an eigenvalue more than 

1 by using the Kaiser criteria (Schreiber, 2021). According to 

(Iwaniak et al., 2018) the number of PCs may be described by 

cumulative variance, exceeding a threshold value depending on 

the specificity of data analyzed. Usually, the sufficient threshold 

value of cumulative variance is at least 70% and in some cases 

80%. In our study, the retained component represented 79.028 

% of the variance (Table 4).    

 

Table 3. Results of the KMO and Bartlett´s test. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 4. Rotated component matrix. 

 

Table 4 shows the component loadings for each indicator after 

rotation. This component has strong positive loadings 

(Correlation) with NDVI and SAVI variables indices to 

vegetation and very strong negative loadings with NDBI and 

MNDISI variables linked to impervious surfaces vegetation. 

This component increases with rising of green areas and 

decreases with the existence of impervious surfaces (buildings, 

roads, parking lot…). The larger score of the component 

indicates better environmental quality. 

  MNDISI NDBI SAVI NDVI MNDWI 

MNDISI 1 .921** -.833** -.813** -.663** 

NDBI .921** 1 -.972** -.967** -,440 

SAVI -.833** -.972** 1 .998** ,218 

NDVI -.813** -.967** .998** 1 ,205 

MNDWI -.663** -,440 ,218 ,205 1 

Modified Normalized Difference Impervious Surface Index (MNDISI). 

Normalized difference built-up index (NDBI). Soil Adjusted Vegetation Index 

(SAVI). Normalized Difference Vegetation Index (NDVI). Modified Normalized 

Difference Water Index (MNDWI). 

**. Correlation is significant at the 0.01 level (2-tailed). 

*. Correlation is significant at the 0.05 level (2-tailed). 

KMO ,617 

Bartlett's Test of Sphericity 

Approximate χ2 217,091 

Degrees of freedom 10 

Significance ,000 

Variable Component 

NDBI -,996 

SAVI ,953 

MNDISI -,953 

NDVI ,946 

MNDWI ,499 

Eigenvalue 3,951 

Variance (%) 79,028 
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Table 5. Component scores for communes. 

 

The urban environmental quality index was created using the 

model presented below. In addition to the component score for 

each commune (Table 5), some authors (Du et al., 2014; 

Krishnan & Firoz, 2020; Santana et al., 2018) recommend using 

the percentage of variance obtained in the analysis as a 

component weight (1). 

 

 

 (1) 

 

UEQI = (variance explains by component *component 

score) /100 

 
Figure 4. The Urban Environment Quality Index of the 17 

communes of Casablanca city. 

 

 

The result of the urban environmental quality index per 

commune is presented in Figure 4. The UEQI was normalized 

between 0 and 1 first. To represent the choropleth map of the 

UEQI, some authors (De Deus et al., 2013; Krishnan & Firoz, 

2020; Nelson et al., 2015; Santana et al., 2018; Shao et al., 

2016; Zou & Yoshino, 2017) recommend using equal intervals 

to assist in the interpretation of the results. To express the urban 

environmental quality three classes were chosen: poor (UEQI 

values between 0 – 0.33), moderate (0.34 – 0.67), and good 

(0.68 – 1). The spatial distribution of the urban environmental 

quality index shows that the poor class is corresponding to 

communes located in the central and the North (communes 1, 2, 

3, 4, 5, 7, 8, 10, 11, and 12), these communes considered as the 

most crowded areas as they have the highest housing and 

population density in Casablanca between 424 and 350 

inhabitants per hectare, with the existence of the industrial 

zones (communes 8, 10 and 11) and commercial areas 

(communes 5 and 7). In contrast, the impervious surfaces are 

low in the West side of the city in parks and villa zones at the 

communes 9, 15, and 17, these communes are classed as good 

which have low housing density less than 115 inhabitants per 

hectare and larger green spaces, particularly commune 9, this 

commune has a very good urban design (parks and villa zones), 

and a high socioeconomic level. 

 

5. CONCLUSION 

In summary, this research has presented a methodology to 

assess the Urban Environmental Quality (UEQ) at commune 

level in Casablanca city, based on the integration of five 

environmental indicators derived from remote sensing. Since 

UEQ is a multidisciplinary and complex subject, there are 

numerous methods to assess the environmental quality in urban 

areas. This study gives a methodological approach, to interpret 

the relationships between different environmental indicators 

through the spatial distribution of the urban environmental 

quality index. The results showed that the environment quality 

is inadequate in more than half of the study area communes 

which constitute only 25% of the urban territory. In contrast, 

only 3 communes have good environmental quality, these 

communes represent more than 44% of the urban areas, which 

indicates that the urban design is an essential factor in the urban 

environmental quality. The method introduced in this work can 

replicate for cities with similar conditions, which provides 

important information for urban planners for better urban 

planning and management. 
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