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Abstract

:

The impact of the pandemic caused by COVID-19 on urban pollution in our cities is a proven fact, although its mechanisms are not known in great detail. The change in urban mobility patterns due to the restrictions imposed on the population during lockdown is a phenomenon that can be parameterized and studied from the perspective of spatial analysis. This study proposes an analysis of the guiding parameters of these changes from the perspective of spatial analysis. To do so, the case study of the city of Cartagena, a medium-sized city in Spain, has been analyzed throughout the period of mobility restrictions due to COVID-19. By means of a geostatistical analysis, changes in urban mobility patterns and the modal distribution of transport have been correlated with the evolution of environmental air quality indicators in the city. The results show that despite the positive effect of the pandemic in its beginnings on the environmental impact of urban mobility, the changes generated in the behavior patterns of current mobility users favor the most polluting modes of travel in cities.
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1. Introduction


Air pollution in cities and rural areas around the world causes seven million premature deaths each year, with more than 400,000 in Europe alone [1,2]. In this context, transport accounts for 25% of greenhouse gases of the planet, with 70% of these gases produced by urban mobility in the form of cars, buses, vans, etc. [3,4].



It is true that urban pollution is not only due to issues arising from mobility and transport [5], as it is also linked to other activities, such as industry or the evolution of climatological variables, as has been detected in some cities [6,7]. Some of its causes, such as in the case of suspended solids, are not even anthropogenic, but can even come from natural elements [8].



However, most experts agree that pollution from urban mobility is currently the greatest challenge in relation to the future of air quality in cities [9,10] and its analysis through the indicator PM 2.5 the most effective way for its investigation [11,12,13]. In this context, it is important to bear in mind that we are facing a phenomenon of growing importance for some time in large cities around the world [14], which in the case of Europe is now also beginning to spread to medium-sized cities [15,16,17]. This argument is clearly supported by the seasonality in the values of the air quality measurement stations in many cities, in which periodic hourly and weekly behavior is reproduced with patterns very similar to those of traffic congestion [18].



In the last two years, the pandemic caused by the SARS-CoV-2 virus has brought about a very profound change in our society’s way of life at all levels. One of the aspects on which the pandemic has had a greater impact has been the field of urban mobility, due to the restrictions imposed in many countries. This has caused a temporary transformation of mobility patterns in cities, the impact of which is only partially known. At a general level, the first studies on the matter highlighted that, during the time of the greatest restrictions on mobility in cities, pollution levels fell by 50% in developed countries [19,20].



Nevertheless, these first figures are only part of the phenomenon, since the subsequent changes caused by the pandemic in the behavior patterns of urban mobility are not limited to the transitory impact of the initial reduction of polluting gases caused by people remaining at home due to lockdown. The capacity restrictions in public transport, the greater use of private vehicles because of the psychological effect of the possibility of contagion, or the change in the lifestyle habits of users throughout this past and present period have had effects that should also be analyzed from a broader perspective at the environmental level.



However, this issue is far from simple to analyze as it implies knowledge of the details of COVID-19 pandemic impact in the areas related to the behavior patterns of urban mobility and application to the field of environmental impact. In such a context, numerous studies have already appeared using different methodological approaches. A traditional approach involves the use of surveys combined with the analysis of air quality indicators [21,22,23]. An interesting variant within that approach is the growing use of apps to know the trends of user mobility through the use of information technologies [24]. It is also common to find mathematical models that allow to correlate global indicators of transport use with statistically inferred environmental conditions [25,26,27]. A more sophisticated approach to predict future polluting scenarios that has been used recently is to incorporate the spatial dimension by analyzing heat islands in cities [28]. Within this field, the use of sustainability indices is a tool that is being increasingly used to correlate urban mobility and environmental impact in cities [29,30,31]. This type of spatial analysis by means of indicators is typically very useful, albeit with significant shortcomings when, for example, analyzing the changing modal distribution of urban mobility [32,33]. In this sense, several mathematical and statistical models can be incorporated to improve per region analysis and perform comparative studies [34].



However, the complexity of the pandemic requires approaching the analysis of its impacts from a perspective more adapted to the boundary conditions that have occurred than that offered by traditional analyses. In this sense, spatial analysis using geostatistical tools can be of great help to understand, in the first place, what change has occurred in the behavior patterns of urban mobility during the pandemic, and subsequently, to correlate that change with the effects that it has on mobility-related behavioral habits of individuals at an environmental level in cities.



To address this, we have studied the urban mobility patterns in the city of Cartagena (southeast Spain) during the pandemic from the perspective of spatial statistical analysis. Urban mobility patterns reflecting behavioral motifs in the city before and during the pandemic have been contrasted by means of GIS spatial analysis indicators. These patterns have also been statistically correlated at the spatial level in the city using geostatistical analysis tools to infer the region-specific evolution of the different environmental impacts caused by the pandemic.




2. Methodology


2.1. Area of Study and Data Source


The study area is located in Cartagena, a medium-sized city in the southeast of Spain. Assessment of this phenomenon in a city of this category is not a random decision. Cartagena is a city that, due to its size, allows access to a critical mass of data on key pertinent variables, thus enabling robust statistical analysis without having to address the difficulty of handling large numbers of variables and data that would surely be involved in the context of a similar analysis in major European or American capital cities [35].



The city has several public transport alternatives such as urban and intercity buses (90,000 trips per day), medium and long-distance trains, and a complete taxi service. The size of the city means that the private-hire driver companies (VTCs) sector has yet to acquire sufficient critical mass to be considered as a relevant transport alternative, which makes it possible to simplify the analysis, assuming that all mobility linked to that option is provided by the taxi service. In the same way, private transport coexists with some current transport alternatives based on the concept of a collaborative economy, such as car sharing or carpooling, with incipient commercial platforms which have a minor presence in the modal distribution of mobility in the city. This implies that private transport can be assumed to correspond to the traditional use of transport with a self-owned vehicle with almost 200,000 trips per day.



On the other hand, as Cartagena is a touristic and university city (the municipality has a registered population of about 220,000 inhabitants plus a floating population of another 100,000 inhabitants linked to tourism), it has an important endowment of bike lanes, and new transport alternatives are developing, such as personal mobility vehicles, without being a particularly noteworthy figure within the set of bike lane users (representing this set of alternatives almost 35,000 trips per day). Last, pedestrian movements constitute a major component of mobility, representing 360,000 of the 700,000 total trips that are made in the city on a daily basis. The analysis will focus on the urban perimeter shown in Figure 1.



Although tourism is a quite relevant activity in the city, regarding the seasonality of the data, it should be noted that the urban tourist offering in the city of Cartagena is quite seasonally adjusted. Therefore, there are no strong distortions regarding possible specific concentrations derived from the high tourism season. We must also note the existence of daily arrivals of cruise ships with several thousand tourists to the city’s seafront. However, the environmental impact of cruise ships that dock in the urban area of the port is quite reduced because of winds from the land-sea direction, which therefore prevents these emissions from entering the city.



The data used in relation to public transport and the use of private vehicles have been obtained from the information provided by the concessionaires regarding public transport by bus, the associations of taxi drivers, and the traffic analyses periodically carried out by the City Council in several of its streets through the municipal traffic control center. As for the information on pedestrian mobility, by bicycle and through personal mobility vehicles, the data have been obtained through a series of surveys carried out during the development of the Sustainable Urban Mobility Plan of the city of Cartagena through apps with georeferenced information systems (see Figure 2) that allowed to obtain spatial information on the itineraries used, the frequencies of use, and the profiles of non-users (see Figure 3).




2.2. GIS Indicators of Urban Mobility Spatial Patterns and Environmental Impact Assessment


For the purposes of this study, a spatial discretization of the urban area of the city has first been carried out. This process of compartmentalizing the urban continuum has been carried out based on the administrative structure of the city’s neighborhoods (mainly taking into account the urban and social configuration of the urban fabric). Specific sectors derived from urban configurations that require a singular treatment due to having specific characteristics (university areas, industrial estates, hospital spaces or large facilities, etc.) were subsequently added. The results obtained can be seen in Figure 4.



Cartagena is also a city with an important industrial activity. In this sense, industrial zones have been identified on the maps in the revised version of the article. These areas were not considered within the scope of analysis to avoid a possible bias in the results, as they are also located outside the urban environment analyzed, so their associated traffic cannot be considered exactly urban mobility, but rather inter-urban or periurban movements. What will be studied in more detail is the contrast between the pedestrianized historic center of the city and the expansion areas of the city with heavy traffic loads.



Analysis has been limited to urbanized areas and with some interest for the study of phenomena related to urban mobility (therefore discarding the peri-urban areas of interest for the purposes of inter-urban mobility). The heterogeneous size of the sectors corresponds to different levels of population density and urban structure in relation to mobility. Small sectors tend to be located in areas with a high concentration of population or traffic in the city center. Larger sectors are generally located in areas of lower density, but with some road traffic to the city or with transitional pedestrian mobility between different sectors. In these urban sectors, indicators related to the different modal alternatives for urban mobility, as well as an indicator related to the environmental situation in the city, have been computed and spatially analyzed. The indicators used are described below.



2.2.1. Private Vehicle Use Density Index (PVUD)


This indicator assesses the evolution of the density of private vehicle use in a sector. Through the measurements and gauges of the City Council’s traffic control center in the different streets of the city, the level of traffic density in each of the sectors has been evaluated, comparing the existing values for the years 2019, 2020, and 2021. The indicator is formulated as follows:


  P V U  D   t 2  −  t 1    =    ∑ n   a i   t 2  −  t 1       ∑ z   d j   t 2  −  t 1       



(1)




with    a i    being the estimate of the number of daily trips in private vehicles in a sector during a period of time between    t 1    and    t 2    and    d j    the total set of z displacements produced in that sector between    t 1    and    t 2   .




2.2.2. Index of the Evolution of Public Transport Use (IPTU)


This indicator assesses the evolution of the density of public transport use in a sector. Through the measurements provided by the municipal public transport concession companies on the different lines and bus stops in the city, the level of density of public transport use in each of the sectors has been evaluated by comparing the existing values for the years 2019, 2020, and 2021. For this, the value obtained in each of the stops of the lines has been passed on, extrapolating an intermediate value between the closest stops in case the sector did not have any stops in its area, or by computing the arithmetic mean of the values of the stops in the same sector if there were several stops. The indicator is formulated as follows:


  I P T  U   t 2  −  t 1    =    ∑ n   b i   t 2  −  t 1       ∑ z   d j   t 2  −  t 1       



(2)




with    b i    being the estimate of the number of daily trips by public transport in a sector during a period of time between    t 1    and    t 2    and    d j    the total set of z displacements produced in that sector between    t 1    and    t 2   .




2.2.3. Healthy Mobility Density Index (HMD)


This indicator assesses the evolution of the density of use of mobility modalities classified as healthy (pedestrian movements and bicycle use) in a sector. By means of the data obtained from the surveys carried out through the municipal app, the level of density of use of these mobility modalities has been evaluated in each of the sectors, comparing the existing values for the years 2019, 2020, and 2021. The indicator is formulated as follows:


  H M  D   t 2  −  t 1    =    ∑ n   c i   t 2  −  t 1       ∑ z   S j   t 2  −  t 1       



(3)




with    c i    being the estimate of the number of daily pedestrian or bicycle trips in a sector during a period of time between    t 1    and    t 2    and    d j    the total set of z displacements produced in that sector between    t 1    and    t 2   .




2.2.4. Evolution of Air Quality Index (EAQI)


In Europe, EU directives require that each member State routinely measure and provide updated information on different pollutants to citizens, environmental and consumer organizations, health organizations, etc. This obligation is described in detail in Directive 2008/50/EC [36] that is applied by each country. In Spain, air quality is measured in accordance with the National Decree of 2 September 2020, of the General Directorate of Environmental Quality and Assessment, which approves the National Air Quality Index. This indicator establishes different quality thresholds and limit values of daily exceedance for each year for the parameters PM2.5, PM10, O3, NO2, and SO2.



In the urban area of Cartagena, there are twelve air quality measurement stations (four administered by the regional government and eight administered by the City Council) located at strategic points in the city. These stations measure the Air Quality Index (AQI) parameters PM2.5, PM10, O3, NO2, and SO2 (see Appendix A). In this study, for the analysis of the air quality, the values of PM 2.5 have been taken as a reference of AQI since it is the one indicated by all the experts as the most currently linked to the problem of urban mobility, as previously underlined in the review of the state of the art. This parameter has been contrasted for the years 2019, 2020, and 2021 for a period of several days, to ensure that the readings were not merely due to weather phenomena, punctual pollution episodes or anomalous measurements. From these data, the available measurements are spatially distributed among the sectors by numerically interpolating the values of the stations as a function of the distance to the geometric center of the sector (using the inverse distance method). Thus, an evolution indicator is established according to the following formula:


  E A Q  I   t 2  −  t 1    =    ∑ n  A Q  I i   t 2  −  t 1     N   



(4)




with   A Q  I i    being the estimated AQI daily value for a sector during a period of time between    t 1    and    t 2    and  N  the total number of days measured between    t 1    and    t 2   . In this case, it would be the mean value of the PM2.5 parameter over a period of N days.





2.3. Spatial Statistical Analysis


This section presents an analysis of the spatial patterns of the different indices related to the evolution of urban mobility and environmental impact, in terms of their spatial statistics. These spatial relationships are parameterized and assessed through the use of Global Moran’s I (for spatial Autocorrelation, [37]), Getis-Ord Gi (for cold and hot spot mapping, [38]) and Anselin’s Local Moran’s I (for cluster and outlier analysis, [39]), and implemented via geoprocessing tools of GvSIG Desktop 2.5.1 and ArcGIS Desktop 10.6.0.



Global Moran’s I statistic quantifies the degree of spatial autocorrelation of a set of indicators and the sign of this autocorrelation (positive or negative), and is defined as:


  I =  n   S 0       ∑  i = 1  n   ∑  j = 1  n   w  i , j    z i   z j     ∑  i = 1  n   z i 2     



(5)




where    z i    is the deviation of an attribute for feature  i  from its mean    (   x i  −  X ¯   )   ,     w  i , j     is the spatial weight between feature  i  and  j ,  n  is equal to the total number of features, and    S 0    is the sum of all spatial weights:


   S 0  =  ∑  i = 1  n   ∑  j = 1  n   w  i , j    



(6)







The    z I   -score for the statistic is computed as:


   z I  =   I − E  [ I ]      V  [ I ]       



(7)




where:


  E  [ I ]  = − 1 /  (  n − 1  )     



(8)






  V  [ I ]  = E  I 2  − E    [ I ]   2   



(9)







GIS routines typically return three values: the Moran’s I Index, the z-score, and the p-value. Given a set of features and an associated attribute, Global Moran’s I statistic evaluates whether the pattern expressed is clustered, dispersed, or random. When the z-score or p-value indicates statistical significance, a positive Moran’s I index value indicates a trend toward clustering, while a negative Moran’s I index value indicates a trend toward dispersion. The z-score and p-value are measures of statistical significance which inform us whether or not to reject the null hypothesis. For this tool, the null hypothesis states that the values associated with features are randomly distributed.



From the same set of features, we also identify statistically significant hot spots and cold spots using the Getis-Ord Gi statistic, defined as:


   G i *  =    ∑  j = 1  n   w  i , j    x j  −  X ¯   ∑  j = 1  n   w  i , j     S      [  n  ∑  j = 1  n   w  i , j  2  −    (   ∑  j = 1  n   w  i , j    )   2   ]    n − 1        



(10)




where    x j    is the attribute value for feature  j ,    w  i , j     is the spatial weight between feature  i  and   j  ,    n   is the total number of features and:


   X ¯  =    ∑  j = 1  n   x j   n   



(11)






  S =      ∑  j = 1  n   x j 2   n  −    (  X ¯  )   2     



(12)







The    G i *    statistic is a z-score quantifying the degree of attribute clustering for either high or low values. This High/Low Clustering tool returns four values: Observed General G, Expected General G, z-score, and p-value. The higher (or lower) the z-score is, the stronger the intensity of the clustering is. A z-score near zero indicates no apparent clustering within the study area. A positive z-score indicates clustering of high values. A negative z-score indicates clustering of low values.



Finally, given the same set of features/sectors, statistically significant hot spots, cold spots, and spatial outliers is graphically assessed using Anselin’s Local Moran’s I statistic defined as:


   I i  =    x i  −  X ¯     S i 2     ∑  j = 1 , j = i  n   w  i , j    (   x j  −  X ¯   )   



(13)




where    x i    is an attribute for feature  i ,   X ¯   is the mean of the corresponding attribute,    w  i , j     is the spatial weight between feature  i  and  j , and:


   S i 2  =    ∑  j = 1 , j = i  n     (   x j  −  X ¯   )   2      n − 1    



(14)




with n equating to the total number of features. The    z I   -score for the statistic is computed as:


   z I  =   I − E  [ I ]      V  [   I i   ]       



(15)




where:


  E  [ I ]  = −    ∑  j = 1 , j = i  n   w  i , j     n − 1      



(16)






  V  [ I ]  = E  I 2  − E    [   I i   ]   2   



(17)







The analysis implemented through GIS mapping of indicators enable us to distinguish configuration patterns of High-High clusters (a high value of a GIS mobility indicator surrounded primarily by high values of the environmental quality index), Low-Low clusters (a low value of a mobility indicator surrounded primarily by low values of the environmental quality index), and spatial outliers, either High-Low (high values surrounded primarily by low values) or Low-High (low values surrounded primarily by high values).



The subsequent bivariate statistical spatial correlation analysis between different indicators will help us to understand the urban mobility modal distribution at a socio-spatial level in the city. In addition, it will allow us to draft a first numerical reflection of the statistical correlation between changes in urban mobility patterns and environmental impacts during the pandemic. Scientific publications in this field are rather scarce despite the pandemic being a phenomenon that may probably be changing some urban mobility parameters in a way that is more than temporary.





3. Results


The results obtained based on the methodological framework described in the previous section are presented below. In the first place, numerical values related to the change of urban mobility due to COVID-19 in the city of Cartagena are presented from an aggregate approach. Second, the way that urban mobility patterns and their environmental impact have evolved during the pandemic is shown in a segmented manner, analyzing the proposed GIS indicators. Third, the geostatistical analysis of the spatial distribution of these indicators is carried out, statistically correlating their evolution in the different sectors of the city.



3.1. Aggregated Numerical Analysis of the Modal Distribution of Urban Mobility


The pandemic has had a very significant effect at an overall level in the city of Cartagena in terms of urban mobility. Upon looking at the values of urban public transport by bus, we observe that the number of passengers decreased by one third in 2020, from 3.3 million to 2.2 million users in the city. However, that drop was not homogeneous over time. A much more pronounced decline in mobility can be noted initially, compared to a later recovery in mobility due to the easing of restrictions in subsequent months. Figure 5 and Figure 6 present graphs showing average drops of 70% in demand in public transport use after the city went into lockdown in March and April 2020 due to the pandemic.



With the partial return to normality and the relaxation of mobility restrictions brought about by the appearance of vaccines, the figures for the reduction of trips and use of transport in the initial months of the pandemic have been progressively nuanced in the city of Cartagena. In Figure 7 and Figure 8 we can see how up to 70–75% of the pre-pandemic values had recovered globally in the months of March and April 2021.




3.2. Spatial Analysis of the Change of Urban Mobility Patterns during the Pandemic


If these aggregated data for the years 2019, 2020, and 2021 are spatially analyzed in the sectors described, the behavior patterns of the modal split are rather interesting. In the months of March and April of the aforementioned years, the relative weight in urban mobility as a whole has been analyzed for each of the mobility alternatives proposed in the GIS indicators (private transport, public transport, and bicycle/pedestrian travel). The results of the evolution of this relative weight can be seen in Figure 9, Figure 10 and Figure 11 below.



In the case of the PVUD indicator, it is observed that during the pandemic the presence of private vehicles for accessing the city fell due to the reduction in interurban mobility, but their relative presence in the city center was strengthened due to the need to make essential trips in the urban area, to the detriment of public transport by bus, as confirmed by the IPTU indicator. Public transport suffered a sharp fall, mainly in the urban center during the pandemic in 2020, but unlike the previous case with private transport, it has not recovered to its pre-pandemic status. Only part of the transport in the city center has recovered. Walking and cycling, traditionally more present in low-density peri-urban areas and in the pedestrianized historic center of the city, made up for part of the decline in public transport in many sectors, and in private transport in some areas. However, this has generally returned to pre-pandemic values in the areas of the city where access to private transport has recovered. There is also a greater presence of bike and pedestrian displacements in general, although unable to make up for the sharp drop that still persists in public transport in 2021.



If we analyze these data in an aggregate way for each of the urban mobility alternatives, we can verify that there has been a substantial alteration in the usage patterns of urban mobility during the pandemic. The transfer flows of the modal split obtained through the app-based surveys, the data provided by the public transport concession companies, and the monitoring data of the City Council’s traffic control center are represented in a summarized and schematic way through a Sankey diagram in Figure 12.



On the other hand, the behavior of the EAQI parameter of environmental air quality in the city during the pandemic has also been studied at a spatial level. The average values obtained for the months of March and April have been graphed for each of the sectors in the years 2019, 2020, and 2021 in Figure 13.



Based on the graphs, we can generally see lower pollution values in 2020 than in 2019 due to the pandemic. Following this same criterion, it would seem that, although there is a worsening of air quality in most sectors from 2020 to 2021, there has been a global improvement in the current situation with respect to the pre-pandemic stage. However, this apparently positive situation can be misleading, since traffic levels have not recovered to 2019 levels, and the behavior patterns of mobility have also been modified, as stated in the previous section. Consequently, a spatial statistical study of the correlation between the current trend in the distribution patterns of urban mobility and air quality in the different sectors is carried out to determine to what extent these trends produce positive or negative inertias at the environmental level.




3.3. Spatial Correlation between Changes in Urban Mobility Patterns and Environmental Air Quality Indicators


In the first place, the level of autocorrelation of the spatial indicators is analyzed using the Global Moran I statistic. The observed clustering values indicate that the spatial distribution patterns of urban mobility and air quality do not pose a statistical random behavior (see Table 1).



Next, the level of bivariate statistical correlation existing from a spatial point of view between the distribution pattern of each of the modal mobility indicators and the level of air quality has been analyzed using Anselin’s Local Moran’s I statistic (see Table 2). This analysis has been complemented in an aggregate way with a numerical OLS analysis and with a spatial analysis of hot spots with the Getis-Ord Gi * statistic to understand, in a two-dimensional way, the patterns of clustering behavior and the outliers of the existing relationship between the different modal alternatives for mobility and environmental pollution in the city (see Table 3 and Figure 14).



Based on the results, we can verify that there is a clear spatial correlation between the areas with the greatest increases in private vehicles and the areas of consolidation with a high level of environmental pollution. This is verified both at the numerical aggregate level in the analysis and in the spatial distribution of the behavior patterns of the modal alternatives linked to the private vehicle (HH cases in Figure 14). We also note that the increase in walking and cycling due to the pandemic is not enough to compensate for the increase in the level of pollution derived from the decline of public transport in most sectors. In any case, as shown by the numerical analysis of the Akaike’s in-formation criterion and the adjusted R2 value, the model behaves better in extreme situations (e.g., high or very low values of pollution levels in 2020) but is less reliable and robust in intermediate or transitional situations, such as in 2021, so these results cannot be taken as definitive.





4. Discussion


The results obtained reflect a more complex reality than that currently inferred on many occasions in relation to the effects of the pandemic in the context of urban mobility in cities, and consequently of the environmental impact of this phenomenon. It is evident that the general paralysis of economic activity, as a result of the inability of developed countries to cope with the spread of the SARS-CoV-2 virus during the first months after the declaration of the worldwide pandemic situation, led to a planet-wide reduction in greenhouse gas emissions, as confirmed by numerous studies [40,41,42,43].



In the case of transport, the reduction of its environmental impact has been prolonged over time in various sectors because of restrictions being maintained on international mobility between countries, as has happened, for example, in the sector of international aviation (which represents one of the most polluting means of transport). However, in the case of urban mobility, this analysis is more complex. The tougher restrictions on mobility in the initial phase of the pandemic led to a reduction in all trips in all modes of transport in cities [44,45], contributing to a global reduction in pollution in these areas, which usually represents a significant percentage (>70%) of all greenhouse gas emissions from transport [20,46]. However, once this initial stage of confusion in the face of the virus that forced administrations to resort to more drastic measures had been overcome, the subsequent re-establishment of the usual activity of the cities has opened a new scenario that is possibly less favorable to the environment [47].



In the case study presented in this work, maintaining certain mobility limitations, such as capacity restrictions in public transport, has led to an inevitable loss of modal share in the distribution of urban mobility alternatives, assuming a clear decrease in several of the most efficient alternatives at an environmental level, as pointed out in other recent case studies [48,49]. On the other hand, an increase in the use of private vehicles in municipal gauges once restrictions on mobility were relaxed has been found in the city of Cartagena. This growth is partially fueled by those users who have abandoned public transport due to the capacity restrictions imposed in this modality, but also by the changes in the behavioral habits of the users because of the psychological effect generated by the risk of contagion of the virus, as some authors point out in other cities [47]. This last pattern of behavior can be corroborated by the reduction in car-sharing systems, which have also experienced a reduction in use compared to private vehicles, as confirmed by the municipal capacity monitoring cameras and the surveys carried out.



The changes in the behavioral patterns of urban mobility are clearly confirmed by the spatial patterns of environmental impact in the different areas of the city where that type of behavior can be seen more clearly reflected (main entrances and points of high traffic concentration). This therefore reflects a dual situation in which, after an initial phase of general reduction in mobility and thus its environmental impacts [43], the effects of the pandemic did not result in a reduction in greenhouse gases, but rather a change of the behavioral patterns of urban mobility that favors a trend of higher environmental impact (but still not higher in total numbers) than the one that existed before the pandemic.



The spatial analysis developed using a spatial statistical approach has therefore been very suitable to carry out an evaluation of this problem in order to go beyond the study of the primary effects of the pandemic on issues such as urban mobility or greenhouse gas emissions. We are therefore facing a secondary effect that is not always easy to determine, as it is partially masked in the traditional aggregated statistical analyses by variables that do in fact maintain a behavior aimed at reducing greenhouse gases due to the absence of mobility in some activities.



It must be borne in mind that in this same initial post-shock period, after which mobility prior to the pandemic has partially recovered [49], several sectors that traditionally generate relevant urban mobility, such as universities or certain business activities, have continued to transfer their daily activity to the field of teleworking [41,50]. This has possibly had a beneficial effect on the reduction of trips, masking some environmental issues and not allowing us to clearly observe the effect of changes in the behavior patterns of other sectors of urban mobility.



However, it is important to analyze in detail these changes in the behavioral patterns of mobility, since, according to the spatial statistical correlation trends analyzed for this case, these changes may be producing a return of more negative characteristics in terms of sustainable mobility than the pre-COVID-19 scenario in which the use of private vehicles has been strengthened compared to public transport. The mitigating elements of the existing reality in 2021 will gradually disappear, whilst some changes in the habitual conduct of mobility users may nevertheless have been negatively consolidated.



The study presented therefore proposes an analysis of a scenario which will require vigilance, as other authors highlight in different studies [21,51,52]. Although it does not represent more than a field of research still in its initial phase (given that the definitive consequences and more permanent scenarios of post-COVID-19 society are not yet consolidated and there is still a long way to go until the pre-pandemic situation is fully recovered), it does reveal a phenomenon that needs to be monitored and analyzed to prevent it from degenerating into undesirable trends in urban and environmental planning in cities.



It must be noted that this study has addressed the existence of other possible sources of urban pollution distorting results. In the meteorological field, the values for the periods of May and April were analyzed for the three years indicated, without there having been any extreme meteorological event that could distort the average values of each of the years (in the case of Cartagena, the only relevant climatological event at the level of measurement of the AQI indicator is a Saharan dust phenomenon from North Africa called ‘calima’ generating high PM10 rates, which in this case did not occur during the months of April and May in any of the last three years). Regarding the wind values, it should be remarked that, in the case of Cartagena, these are fairly stable winds in terms of frequency and direction. Therefore, it can be assumed that the mean temperature, rainfall, and wind speed did not generate any statistically significant bias in the measurements analyzed during these last three years for the period analyzed.



Even so, the analysis carried out has certain clear limitations, since the case evaluated does not represent more than an isolated example and only evaluates a short period of time. It is important to contrast whether it is therefore a consolidated trend or a conjunctural process, so we would need to confirm the current trend in the coming years. The methodology also suffers from some limitations since actual air quality data were obtained at meteorological stations, their distribution across sectors by numerical interpolation of values depending on the distance to the geometric center of the sector (inverse distance method) is possibly not the best solution, since the influence of spatial parameters of buildings is not considered. Therefore, this approach must incorporate future methodological improvements to improve it and make it more statistically robust in the future.



In addition, the case study addressed corresponds to a medium-sized city whose size simplifies the number of variables to consider, thereby reducing the complexity of the analysis, as several authors corroborate for these kind of analysis of urban mobility [22,44,45,53]. Therefore, this does not allow the results to be directly extrapolated to the characteristics of cities with larger populations and sizes, where the trends may have been different, due to the existence of a greater number of variables to analyze in the field of urban mobility.



However, the work carried out does allow an initial research framework to be established with a view to addressing future lines of study involving more sophisticated methodologies based on the positive results obtained through the proposed approach. The existence of results similar to those found in other studies of larger cities on issues such as the drop in the modal share of public transport or the initial reduction in emissions as a consequence of the global reduction in mobility [54,55,56] can lead us to deduce that similar parameters could occur in larger cities.




5. Conclusions


The study carried out shows how the COVID-19 pandemic has affected behavioral patterns of urban mobility in Cartagena (Spain), redistributing the relative weight of each of the mobility alternatives in the city. Although the restrictions imposed by the administrations due to the pandemic initially led to a global reduction in mobility, thus contributing to the reduction of pollution indicators in the city, this study carried out on current trends shows a different inertia. A greater use of private vehicles is consolidated compared to public transport, which does not seem to be compensated by a certain recovery of more sustainable mobility alternatives, such as pedestrian movements and bicycles. These change in behavioral patterns of urban mobility may be temporary or may be consolidated in the coming years, so they should be monitored in the future to address possible effects of the pandemic on the environmental quality of cities.
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Appendix A


	
Input data of the analysis:



	
Urban area analyzed: 17.8 km2/Population: 216,000 inhabitants



	
Number of sectors: 135/Bus lines: 32/Bus stops: 425/traffic gauging points: 228



	
Number of app surveys: 6345 (2019); 5823 (2020); 3549 (2021, until October).



	
Data source for air quality measurements (only regional ones): https://sinqlair.carm.es/calidadaire/ (accessed on 4 November 2021).
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Figure 1. Delineation of the area of study (urban area of the city of Cartagena). 
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Figure 2. Apps with georeferenced information used for the development of surveys in Cartagena. 
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Figure 3. Example of survey software for spatial analysis of bike lane activity during the pandemic. 
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Figure 4. Compartmentalization of the city of Cartagena into sectors according to the criteria described in the text. 
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Figure 5. Evolution of daily mobility using public transport in Cartagena from the entry into force of mobility restrictions in 2020 (in blue) compared to the previous year 2019 (in red). Data source: Ministry of Transport of Spain and Cartagena City Council. 
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Figure 6. Percentage of daily mobility using public transport in Cartagena in March and April 2020 compared to the same days in 2019. Data source: Ministry of Transport of Spain and Cartagena City Council. 
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Figure 7. Evolution of daily mobility using public transport in Cartagena in March and April 2021 (in blue) compared to 2019 (in red). Data source: Ministry of Transport of Spain and Cartagena City Council. 
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Figure 8. Percentage of daily mobility using public transport in Cartagena in March and April 2021 compared to the same days in 2019. Data source: Ministry of Transport of Spain and Cartagena City Council. 
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Figure 9. Evolution of the relative weight of the PVUD indicator in the city’s sectors in the months of March and April of 2019, 2020, and 2021. 
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Figure 10. Evolution of the relative weight of the IPTU indicator in the city’s sectors in the months of March and April of 2019, 2020, and 2021. 
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Figure 11. Evolution of the relative weight of the HMD indicator in the city’s sectors in the months of March and April of 2019, 2020, and 2021. 
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Figure 12. Simplified Sankey diagram of modal distribution transfer between 2019 and 2020 due to the pandemic. 
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Figure 13. Evolution of the spatial distribution of the EAQI values in the city’s sectors in the months of March and April of 2019, 2020, and 2021. 
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Figure 14. Current trend of LISA hot spots maps between mobility indicators and AQI for March and April 2021 (case order: PVUD-EAQI/IPTU-EAQI/HMD-EAQI). 
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Table 1. Global Moran’s I statistic for urban mobility and air quality indicators before and during the COVID-19 pandemic (data order: 2019/2020/2021).
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	GIS Indicators
	     PUVD     
	     IPTU     
	     HDM     
	     EAQI     





	Global Moran’s Index
	0.44/0.40/0.39
	0.39/0.38/0.34
	0.46/0.48/0.41
	0.40/0.45/0.49



	z-score
	42.1/39.6/40.2
	41.4/37.9/41.8
	38.9/42.5/44.0
	39.4/44.1/40.8



	p-value
	0.01/0.01/0.01
	0.01/0.01/0.01
	0.01/0.01/0.01
	0.01/0.01/0.01
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Table 2. Bivariate Global Moran’s I statistics for spatial correlation between mobility indicators and EQI index (data order: 2019/2020/2021).
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GIS Indicators

	
     PU         VD —  EAQI     

	
     IPTU         —  EAQI     

	
    HMD —  EAQI     






	
Bivariate Global Moran’s I




	
Global Moran’s Index

	
0.59/0.66/0.65

	
0.61/0.71/0.75

	
0.60/0.71/0.18




	
z-score

	
55.2/68.7/70.1

	
37.0/44.6/43.5

	
38.8/60.2/15.5




	
p-value

	
0.01/0.01/0.01

	
0.01/0.01/0.01

	
0.01/0.01/0.01
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Table 3. Detailed multiple regression models (OLS) for LISA bidimensional analysis of the different levels of air quality index.






Table 3. Detailed multiple regression models (OLS) for LISA bidimensional analysis of the different levels of air quality index.





	
Mobility Indicators

	
Low EAQI Values (<10)

	
Low—Intermediate EAQI Values (11–25)




	
B

	
Std. Error

	
t

	
Sign.

	
B

	
Std. Error

	
t

	
Sign.




	
    PUVD      

	
−0.265

	
0.003

	
−1.454

	
0.000 *

	
−0.196

	
0.005

	
−2.316

	
0.000 *




	
    IPTU      

	
0.067

	
0.004

	
1.255

	
0.000 *

	
0.260

	
0.005

	
5.521

	
0.000 *




	
      HDM      

	
0.249

	
0.003

	
2.286

	
0.000 *

	
0.117

	
0.006

	
3.090

	
0.000 *




	
Akaike’s information criterion (AIC): 25,287.6

	
AIC: 20,180.9




	
Multiple R-squared: 0.43

	
Multiple R-squared: 0.18




	
Adjusted R-squared: 0.42

	
Adjusted R-squared: 0.17




	
F-statistic: 70.78 Prob (>F) (3,3) degrees of freedom: 0

	
F-statistic: 126.32 Prob (>F) (3,3) DF: 0




	
Mobility indicators

	
Intermediate—High EAQI values (26–40)

	
High values EAQI values (>40)




	
B

	
Std. error

	
t

	
Sign.

	
B

	
Std. Error

	
t

	
Sign.




	
      PUVD      

	
0.176

	
0.005

	
1.218

	
0.000 *

	
0.337

	
0.004

	
3.120

	
0.000 *




	
      IPTU    

	
0.107

	
0.006

	
2.144

	
0.000 *

	
−0.053

	
0.003

	
−4.631

	
0.000 *




	
    HDM      

	
−0.127

	
0.003

	
−4.713

	
0.000 *

	
−0.301

	
0.007

	
−5.355

	
0.000 *




	
Akaike’s information criterion (AIC): 19,573.0

	
AIC: 24,745.6




	
Multiple R-squared: 0.19

	
Multiple R-squared: 0.41




	
Adjusted R-squared: 0.18

	
Adjusted R-squared: 0.41




	
F-statistic: 148.55 Prob (>F) (3,3) degrees of freedom: 0

	
F-statistic: 66.71 Prob (>F) (3,3) DF: 0








* Significant at the 0.01 level.
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