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ABSTRACT 

Max Mangold: GIS-based multi-criteria analysis framework 

for geofence planning of dockless bike-sharing. 

 

Dockless bike-sharing is growing in many cities around the globe. At the same time issues related to 

this type of urban mobility such as illegal or improper parking behavior are becoming more frequent. 

The implementation of parking zones delineated by geofences has been discussed as a possible 

solution for these issues. This master thesis project aims to develop a GIS-based multi-criteria 

analysis framework for the planning of geofences for dockless bike-sharing. The proposed method 

combined the analytic hierarchy process and an ideal point method to select locations for geofences 

and their capacity in the urban space. Criteria that contribute to bike-sharing usage were determined 

from the literature and data to represent them was generated using GIS. A case study was conducted 

and its result assessed using bike trip data. The results indicate that the bike-sharing suitability 

computed in this study has a significant correlation with bike-sharing demand. It was shown that the 

presented framework was capable of planning a geofence network that had good coverage of the 

study area. The proposed geofences had equivalent coverage of the study area as an existing bike-

sharing docking station network. The capacity computed in the case study was shown to be mostly 

sufficient for the demand in the study area. The method presented in this thesis can be used to plan 

an initial geofence network for a new dockless bike-sharing system. 

 

Keywords: Geomatics, GIS-MCDA, multi-criteria analysis, bike-sharing, dockless, geofence, AHP, 

VIKOR 
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1 Introduction 

Over the past two decades, bike-sharing systems have become a common mode of transportation in 

many cities all over the world. These systems let the user check-out a bike at one location and return 

it at another within the same city (DeMaio 2009; Frade and Ribeiro 2015). Bike-sharing can improve 

the connectivity among various modes of transit, increase the use of bicycles, help to decrease fossil 

fuel emissions, and have positive effects on health (DeMaio 2009; Conrow et al. 2018; Dong et al. 

2019). The first attempt to launch a public bike-sharing system was carried out in the 1960s in 

Amsterdam. However, it was not successful and only lasted for a few days, mainly due to vandalism 

and theft. More recent systems aim to prevent such issues through the integration of recent 

technological developments like GPS tracking, smart locking devices, and smartphones (DeMaio 

2009; Shen et al. 2018). 

Modern bike-sharing can be put into two categories: station-based and dockless. The first operates 

with docking stations installed in the service area from which the bikes can be collected and to which 

they must be returned. The latter lets the user return the bike anywhere within the service area. Here, 

the bike is tracked by GPS and can be found by other users via a mobile application or website (Shen 

et al. 2018; Van Waes et al. 2018; Zhang et al. 2019). In comparison to station-based systems, 

dockless bike-sharing systems generally have lower initial costs as no stations have to be installed 

(Shui and Szeto 2020). They have the greatest potential for up-scaling among existing bike-sharing 

systems (Van Waes et al. 2018). Ma et al. (2020) showed that compared to station-based bikes, 

dockless bikes have a higher frequency of use and a greater usage volume.  

However, the unrestricted nature of dockless bike-sharing systems is also the cause of several issues 

related to this technology. A major problem of dockless bikes is the parking behavior of users. 

Generally, dockless bikes will be more scattered within the service area, with bikes being parked in 

areas where there is a low demand for bike-sharing (Shui and Szeto 2020). Dockless bikes have even 

been found blocking sidewalks and public space due to improper parking (Liu et al. 2018; Hirsch et 

al. 2019; Eren and Uz 2020). 

Geofencing has been discussed as a possible solution to these issues (Hirsch et al. 2019; Zhang et al. 

2019; Shui and Szeto 2020). In geofencing, the location of a device is monitored by using GPS or 

other location services that are installed on the device. This location is checked against the coordinates 

of a virtual boundary that is defining the geofence (Reclus and Drouard 2009). Geofencing can be 

used to specify parking zones for dockless bikes. The user is then only able to lock and return the 

bike if they are in a parking zone. Legal frameworks that might enforce the implementation of such 

restrictions are currently being developed and already in place in some cities (Van Waes et al. 2018; 

Zhang et al. 2019). 
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While there are numerous studies on the location optimization of stations for station-based bike-

sharing (e.g., Conrow et al., 2018; Frade and Ribeiro, 2015; García-Palomares et al., 2012; Kabak et 

al., 2018), there is little published research on the planning and optimization of geofences for dockless 

bike-sharing. The need for further research on this problem has been emphasized by Shui and Szeto 

(2020) and Shen et al. (2018). One of the few articles that have been published covering the topic of 

geofences for dockless bikes was written by Zhang et al. (2019), who used a location-allocation model 

to define parking zones based on big data of bike trips in Shanghai. However, this approach was only 

based on micro-mobility data derived from real bike trip data and does not consider other factors. It 

is also not applicable to a city where no such data is available. There has been extensive research on 

which criteria determine the bike sharing usage of a city (e.g. Faghih-Imani et al., 2014; Fuller et al., 

2011; Shen et al., 2018). Kabak et al. (2018) used these criteria in a GIS-based multi-criteria decision 

analysis (GIS-MCDA) to compute the most suitable locations for new bike-sharing stations. In GIS-

MCDA, varying weights can be assigned to the criteria before they are combined to compute the 

suitability of different candidate locations. By assigning weights, the varying degrees of influence on 

the use of bike-sharing is accounted for. To the author's knowledge, no study has employed a 

comparable approach to define zones for geofencing of shared dockless bikes until now. 

This study aims to develop a GIS-MCDA framework for the location selection of geofences for 

dockless bike-sharing systems. To achieve this, the following objectives will be pursued: 

• Identifying explanatory criteria for bike-sharing usage in literature 

• Determining the relative importance of these criteria by implementing an analytic 

hierarchy process (AHP) 

• Selection of geofence locations by the application of GIS-MCDA 

• Determining the capacity of selected geofences by the application of GIS-MCDA 

• Evaluating selected geofences with bike-usage data 

The GIS-MCDA was implemented for the city of Zürich as a case study. In short, the following four 

research questions will be addressed: 

1. What are the explanatory factors that contribute to the usage levels of dockless bike-

sharing bicycles? 

2. How can locations of geofences for dockless bike-sharing be selected based on 

explanatory factors for bike-sharing usage? 

3. How can the capacity of geofences for dockless bike-sharing be determined based on 

explanatory factors for bike-sharing usage? 

4. To what extent is the spatial distribution of demand for dockless bike-sharing in the 

study area covered by the geofences allocated in this study? 
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2 Background 

This section covers related research on explanatory factors for bike-sharing usage. This literature 

review was used to identify the criteria for the GIS-MCDA (Table 1). The section is complemented 

with a synopsis of related research on dockless bike-sharing and an overview of the concept of 

geofencing. Furthermore, an overview of MCDA methods is provided, which is concluded by an 

explanation of how the MCDA procedure employed in this study was selected.  

2.1 Factors contributing to bike-sharing 

Various studies have investigated what factors contribute to the decision of people to use bike-sharing 

and bikes as means of transportation. Early studies focused mainly on the use of bicycles for 

commuting (Dill and Carr 2003; Krizek and Johnson 2006; e.g. Buehler and Pucher 2012). With the 

rise of bike-sharing, research shifted towards factors determining the use of these systems (Fuller et 

al. 2011; e.g. Faghih-Imani et al. 2014; Faghih-Imani and Eluru 2015; Tran et al. 2015). In more 

recent years, differences and parallels in usage patterns and determinants of dockless and station-

based bike-sharing have been studied (McKenzie 2018; Shen et al. 2018; Ma et al. 2020). 

A factor that influences cycling and bike-sharing usage is cycling infrastructure such as cycling lanes, 

paths, and bicycle parking (Dill and Carr 2003; Krizek and Johnson 2006; Buehler and Pucher 2012; 

Faghih-Imani et al. 2014; Faghih-Imani and Eluru 2015; Shen et al. 2018). Buehler and Pucher (2012) 

applied autoregression models on a city level and found that cities with longer bike paths have 

significantly higher levels of commuting by bicycle. This affirmed the results of Dill and Carr (2003) 

who also made a city-level comparison of cycling path density and state spending on bicycle 

infrastructure. Krizek and Johnson (2006) studied whether a household’s closeness to cycling 

infrastructure would increase its probability to commute by bicycle. They found that households that 

have a cycling path in the proximity of 400 m or less are more likely to choose cycling as their mode 

of transportation. This connection between bicycle infrastructure and cycling has also been 

investigated with a focus on bike-sharing systems (Faghih-Imani et al. 2014; Faghih-Imani and Eluru 

2015). These studies found that bike-sharing stations that have longer cycling paths in their vicinity 

are more frequently used than others. Similar findings were made by Shen et al. (2018) who studied 

the usage determinants of dockless bike-sharing in Singapore and found that proximity to longer bike 

paths and more frequent bike racks would be linked to higher usage of dockless bikes.  

Public transit is another infrastructural factor that was found to have a significant impact on bike-

sharing levels (Faghih-Imani and Eluru 2015; Tran et al. 2015; Conrow et al. 2018; Kabak et al. 2018; 

Liu et al. 2018; Shen et al. 2018; Wang et al. 2018; Li et al. 2020; Ma et al. 2020). Most studies 

investigated the effect of proximity to public transport stations on bike-sharing usage. Martin and 

Shaheen (2014) reason that bike-sharing has high potential to ameliorate the “last-mile problem” to 

get people from the trip-origin to public transit links or from those to their destination. This was 

supported by the results of Tran et al. (2015), who found the number of metro stations in the vicinity 
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of a bike-sharing station to be significantly positively correlated with bike-sharing levels. Similar 

findings arose in the research of Faghih-Imani and Eluru (2015). Their results indicate that regular 

bike-sharing users tend to use bike-sharing in combination with public transit. Wang et al. (2018) also 

found that bike-sharing stations in areas with a higher density of public transit stations have higher 

bike-sharing usage. This relationship has also been shown for dockless bike-sharing systems. Shen et 

al. (2018) stated that “[…] usage of dockless bikes is most concentrated around [metro] stations”. 

Correspondingly, Liu et al. (2018) found that 60% of the dockless bikes in their case study were 

located within a maximum distance of 1 km from the nearest metro station. Another study showed 

that high density of bus and metro stations significantly decreases the time periods in which dockless 

bikes are not used (Li et al. 2020). 

Apart from infrastructure there are also other built environment facilities that affect bicycle usage. 

Bike-sharing activity is higher in proximity to the central business district and other commercial areas 

such as shopping centers (Kaltenbrunner et al. 2010; Faghih-Imani et al. 2014; Liu et al. 2018). This 

was first studied for station-based bike-sharing systems (Kaltenbrunner et al. 2010; Faghih-Imani et 

al. 2014) and later also demonstrated for dockless bike-sharing systems (Liu et al. 2018). The last 

study analyzed the correlation between the number of bikes in an area and various explanatory 

variables. Their results indicate that distance to the nearest business center has the strongest influence 

among the studied variables, with a Pearson correlation coefficient of -0.79. 

Several studies tried to evaluate the effect of entertainment facilities on bike-sharing usage. These 

efforts focused mostly on the density of restaurants and other food services (Faghih-Imani et al. 2014; 

Faghih-Imani and Eluru 2015; Wang et al. 2018; Li et al. 2020). Ma et al. (2020) and Tran et al. 

(2015) additionally considered other entertainment facilities like cinemas. They observed that 

dockless bike-sharing has a positive relationship with entertainment facilities whereas station-based 

bike-sharing has a negative correlation. However, the relationship with station-based bike-sharing 

seems to be less clear as other studies have found a positive relationship (Faghih-Imani et al. 2014; 

Faghih-Imani and Eluru 2015; Tran et al. 2015; Wang et al. 2018). 

Green space and parks have less often been studied as a determinant for bike-sharing activity. To the 

author's knowledge, only two studies, namely Faghih-Imani and Eluru (2015) and Wang et al. (2018), 

considered this factor in their analysis of bike-sharing patterns. Both studies found that parks attract 

more bike-sharing trips for recreational use whereas no effect on regular commuter use was identified. 

Faghih-Imani and Eluru (2015) also identified a pattern of higher bike-sharing usage around parks on 

weekends compared to weekdays. 

There is similarly little research published on the effect that sports facilities have on bike-sharing 

activity. Wang et al. (2018) observed a positive relationship between the area of recreational space 

around bike-sharing stations and the number of bike-sharing trips generated by stations. This trend 

was observed for most age groups. In their case study in Barcelona, Tran et al. (2015) found that most 
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bike-sharing trips in the afternoon could be explained by proximity to recreational facilities such as 

sports amenities. 

The factors that were outlined until now cover the built environment. However, there are also 

demographic and socio-economic variables that might influence bike-sharing levels. The factor 

among these that has been most thoroughly examined is population density (Faghih-Imani et al. 2014; 

Martin and Shaheen 2014; Faghih-Imani and Eluru 2015; Tran et al. 2015; Wang et al. 2018; Li et al. 

2020). All these studies share the finding of higher bike-sharing activity in areas of higher population 

density. Most of the studies studied bike-sharing usage of station-based systems except for Li et al. 

(2020) who conducted an empirical study of dockless bike-sharing. They showed that bikes have a 

shorter stop duration (i.e. the time in which a bike is not being used) in areas of higher population 

density. It is noteworthy that the relationship varies both temporally and between generations. Faghih-

Imani and Eluru (2015) observed that the trend is reversed in the morning when more trips originate 

from suburban areas which have lower population densities. Wang et al. (2018) found that all age 

groups except for those aged between 30 and 53 exhibit higher levels of bike-sharing use in areas of 

higher population density. 

Proximity to universities has been studied as a driver for higher cycling and bike-sharing activities 

(Kaltenbrunner et al. 2010; Faghih-Imani et al. 2014; Frade and Ribeiro 2015; Wang et al. 2018; Li 

et al. 2020). This factor is related to demography as it is more likely to be strongly influenced by 

students and thus younger people. Of the studies mentioned, only Faghih-Imani et al. (2014) and 

Wang et al. (2018) explicitly investigated the relationship of proximity to nearest university and bike-

sharing usage levels. Both studies found that a significantly larger number of bike-sharing trips were 

generated at stations closer to universities. Most other publications that mention this relationship are 

case studies in which a potential positive correlation of shorter distance to the nearest university and 

bike-sharing activity was discussed (Kaltenbrunner et al. 2010; Frade and Ribeiro 2015; Li et al. 

2020). This relationship is supported by the work of Dill and Carr (2003), who found that university 

towns have higher levels of cycling. Similarly, a Canadian study concluded that students are more 

likely than other population groups to use bicycles to move around in a city (Butler et al. 2007). Based 

on these findings it can be assumed that cycling levels around university campuses are potentially 

higher than in other parts of a city. 

2.2 Research on dockless bike-sharing and geofencing 

Up till now, research on dockless bike-sharing has mostly focused on two aspects, the explanation of 

bike usage patterns and the rebalancing of shared bikes. Several studies have suggested using 

geofencing to solve parking and rebalancing issues related to dockless bike-sharing (Hirsch et al. 

2019; Zhang et al. 2019; Shui and Szeto 2020). However, only two studies aimed at developing a 

method for geofence planning (Cheng et al. 2019; Zhang et al. 2019). In this section, related research 
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on dockless bike sharing, the concept of geofencing and the possible design of such a system for 

dockless bike-sharing will be outlined. 

An early study on rebalancing was published by Pal and Zhang (2017) who developed an algorithm 

for the planning of real-life static rebalancing of dockless bikes. Li et al. (2020) studied bike-sharing 

utilization and its explanatory factors. Two other articles also studied explanatory factors of spatio-

temporal usage patterns of dockless bike-sharing and compared it to those of station-based bike-

sharing (McKenzie 2018; Ma et al. 2020). Liu et al. (2018) studied factors affecting bike distribution 

and developed an inference study for the planning of a bike-sharing system in a new city. To the 

author's knowledge, Zhang et al. (2019) and Cheng et al. (2019) are the only studies that proposed 

methods for geofence planning for dockless bikes. In these studies, geofence locations were derived 

from usage data of dockless bikes. Hence, these approaches can only be applied where such data is 

available. Zhang et al. (2019) themselves concluded that other explanatory factors can be included in 

the geofence planning too. 

Geofencing is based on monitoring a device's location using location services such as GPS. The 

location is frequently sent to a control server which checks it against the coordinates of a virtual 

boundary that defines the geofence. There are different fields of application such as logistics, security, 

and fleet management. The shape of a geofence zone can vary. In a simple approach, a buffer around 

point coordinates is defined and the system notes when a tracked device enters or leaves this buffer 

zone. However, it is also possible to define more complex shapes so that any kind of polygon can be 

used as a geofence (Reclus and Drouard 2009). 

In this study, geofences will refer to zones that restrict the parking of dockless, shared bikes. In a 

system where such geofences are implemented users will only be able to lock and return the bike if 

the location-monitoring approves that they are within a geofence. Such zones can be regarded as 

virtual bike sharing stations with the main difference that no built structures are required. Zhang et. 

al. (2019) specified a size of 2 times 15 m for the geofences created in their study. Two examples of 

cities in which such a type of geofencing is used are Kiel, Germany and Canberra, Australia (Figure 

1). Legal frameworks that enforce the implementation of geofence restrictions for dockless bike-

sharing are currently being developed in many cities (Van Waes et al. 2018; Zhang et al. 2019). 

2.3 Multi-criteria decision analysis 

Decision-makers use Multi-criteria Decision Analysis (MCDA) to structure and process large 

amounts of complex information. This is particularly useful if more complex factors that all affect 

decision making have to be considered. MCDA makes it possible to deal with the different criteria 

that affect the outcome of decisions in a systematic and consistent manner (Hwang and Yoon 1981). 

MCDA methods can be grouped in two classes that are distinguished by the number of alternatives 

they can handle. The first class is commonly referred to as multi-attribute decision methods and 

approaches in that class can deal with a finite number of alternatives to decide from. Methods 
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belonging to the second class on the other hand, can deal with an infinite number of alternatives and 

are usually called multi-objective decision methods (Hwang and Yoon 1981). In this study, a set of 

geofence locations shall be selected from a large but finite dataset of candidate locations. Multi-

objective decision methods are also called a posteriori since they involve decision makers after the 

analysis was conducted. Decision makers are then asked to place appropriate sites from a suitability 

map. However, the approach followed in this study aims to combine knowledge of several different 

experts from varying backgrounds. Gathering all of these experts together to select a large number of 

locations would not be feasible. Therefore, multi-attribute methods were selected where experts are 

involved in the early stages of the analysis. The term MCDA will in the following be used exclusively 

for multi-attribute decision analysis. For an explanation of how the candidate locations were selected, 

refer to section 3.6. 

The two core concepts that are part of most MCDA techniques are scoring and weighting (Eastman 

et al. 1993). Scoring refers to the assignment of a score value to each criterion of the alternatives. The 

score value reflects the performance or suitability of an alternative with regards to the criterion. By 

weighting, the influence of the different criteria relative to each other can be reflected in the decision-

making process. MCDA problems can be very complex. Thus it can be necessary to acquire expert 

knowledge to assign weights to the criteria. Many different MCDA methods exist. Among the most 

common methods in GIS-MCDA are linear additive modeling (e.g. linear weighted combination), the 

analytic hierarchy process, ideal point methods (e.g. VIKOR), and outranking (e.g. ELECTRE; 

Malczewski, 2006). However, there is no single method that consistently yields the best results and 

which method to apply depends on the decision problem (Guitouni and Martel 1998). Wątróbski et 

al. (2019) developed a framework to select the appropriate MCDA method for a given decision 

Figure 1. Parking zone for dockless bike-sharing in Canberra, Australia. Note the marking on 

the ground and the lack of any built structures. Source: 

https://commons.wikimedia.org/wiki/File:Dockless_bike_parking_area_on_Lonsdale_Street_

August_2018.jpg (CC BY-SA, Accessed on May 18, 2021) 
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problem independent of the field of research. It bases the method selection on four main problem 

descriptors that correspond to the following questions: 

1. Will criteria weights be taken into account? 

2. What is the scale of the criteria performance (i.e. quantitative or qualitative)? 

3. Is the problem characterized by uncertainty? 

4. What is the desired outcome of the method (i.e. selection, classification, ranking and 

selection, classification and selection)? 

This framework was used to select the appropriate MCDA method for this study. Refer to section 3.2 

for the problem descriptors of this study and for the method selection. 
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3 Methodology 

The methodology of this study can be divided into four main parts (Figure 2). Firstly, criteria that 

influence bike-sharing demand and parking suitability were determined using existing literature. 

Secondly, an AHP was conducted to assess the level of influence of the individual criteria and to 

derive weights (Kabak et al. 2018). In addition to that, spatial data to represent the criteria was attained 

and criteria layer were computed. Thirdly, the GIS-MCDA framework was implemented. This 

entailed two subsequent analyses: (1) the ranking of the candidate locations using VIKOR, and (2) 

the selection of the final locations using a location-selection that included a minimum spacing 

constraint between geofences. In this step the geofence capacity was also derived from the VIKOR 

suitability ranking and the existing infrastructure available at the geofence location. Additionally, a 

suitability map was created by combining the criteria using a weighted linear combination (Eastman 

et al. 1993). The criteria were standardized before the combination was done (Keeney 1992). The 

suitability map served as visualization guidance to select an appropriate dataset for the candidate 

locations. Lastly, the resulting geofence was evaluated by studying  the degree to which the actual 

bike-sharing usage is covered by the geofence. For this, the bike ride data that was acquired for Zürich 

was used and statistically analyzed. 

  

Figure 2. Flowchart of methodology. 
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3.1 Data & Study area 

The case study was conducted for the city of Zürich, Switzerland. Zürich is the largest Swiss city with 

a population of over 435 000 Inhabitants (Stadt Zürich 2021; Statistik Stadt Zürich 2021). Zürich has 

high levels of cycling with 15% of its population cycling daily and 20% cycling 2–5 times per week. 

The number of cycling trips within the city is expected to double by 2025 (Stadtrat Zürich 2012). As 

of this moment, three bike-sharing systems are in operation in the study area. The largest is the station-

based PubliBike which operates a fleet of more than 2000 bicycles (PubliBike AG 2018). The other 

two companies are Bond and Lime Bikes which have 600 and 500 dockless e-bikes in operation 

(Neutron Holdings, Inc. 2017; BOND Mobility AG 2020). 

Data of bike rides within Zürich was obtained from the bike-sharing company Bond. Bond operates 

a dockless bike-sharing system of e-bikes. The data contains information on the location and time of 

origin and destination of each bike ride. A total of 5321 trips are included in the dataset and they 

cover 22 days from February 1 to 23, 2020. The data was used to evaluate the results of the GIS-

MCDA proposed in this study. To define the geofences candidate locations a dataset of publicly 

accessible bike racks was obtained from the city of Zürich. It comprised 1932 bike and motorcycle 

parking spaces. A dataset of existing bike-sharing stations run by PubliBike AG was acquired and 

used to evaluate the geofences proposed in the case study. Data to quantify and model the factors that 

affect bike-sharing suitability was acquired from different sources. The criteria employed were 

identified in a literature review in section 2.1. See Table 1 for an overview of the criteria and 

corresponding datasets. 

Table 1. Criteria employed in the Multi-Criteria Decision Analysis. The tag=value pairs classify data in OpenStreetMap. 

Criterion Variable Data Source (tag=value, for OSM) Geometry 
No. of 
instances 

Public transit large 
(i.e. train stations) 

(PTL) 

Proximity OpenStreetMap (railway=station) Point 27 

Public transit small 
(i.e. tram and bus 
stops) (PTS) 

Proximity OpenStreetMap (highway=bus_stop, 
railway=halt, railway=tram_stop, 
public_transport=station, 
amenity=bus_station) 

Point 1148 

Major bike paths 
(MBP) 

Proximity City of Zürich  Line 1511 

Sports facilities and 
parks (SP) 

Proximity Opendata.swiss Point and 
Polygon 

682 

Higher education 
(i.e. universities and 
colleges) (EDU) 

Proximity OpenStreetMap (amenity=university, 
amenity=college) 

Point and 
Polygon 

33 

Commercial areas 
(COM) 

Density OpenStreetMap (office=True, shop=True) Point 3895 

Population (POP) Density Opendata.swiss Raster - 

Entertainment 
facilities (ET) 

Density OpenStreetMap (amenity=theatre, amenity= 
cinema, amenity=restaurant) 

Point 1084 
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Wherever possible, data published by governmental organizations was acquired. Where no such data 

was available, the data was taken from OpenStreetMap (OSM). OSM is an open-source mapping 

project that is based on the collection of volunteered geographic information by citizens (Goodchild 

2007). A dataset representing major bike routes was attained from the city of Zürich. These are 

specified in the Masterplan Velo which is a policy paper of the city of Zürich that aims to promote 

bicycle traffic (Stadtrat Zürich 2012). These routes make up the core of the cycling infrastructure in 

the study area and comprise two types of bicycle paths: (1) routes designed for commuting, high 

traffic levels, and fast cycling and (2) comfort routes for recreational use which are largely separated 

from motorized traffic. Two more datasets were retrieved from the city of Zürich, namely cadastral 

data, and a dataset of sports facilities such as gyms, swimming pools, tennis courts, and similar 

facilities. From the cadastral data, the locations of parks and green spaces were extracted using the 

classes assigned by the data distributor. For the criterion population density, a dataset of total resident 

population per hectare was retrieved from the Swiss Federal Statistical Office for 2019 (Bundesamt 

für Statistik 2020). All other data for computing the criteria layer was retrieved from OSM via 

Overpass API (OpenStreetMap contributors 2021). Overpass API is the Application Programming 

Interface used to query and extract and data from OSM. The query is constructed with tag-value pairs 

which are used in OSM to classify and describe features (OpenStreetMap Wiki 2020). For the tag-

value pairs used to retrieve the datasets for this study refer to Table 1. The criteria for which data was 

taken from OSM are small and large public transit stations, commercial and office buildings, 

entertainment facilities (i.e. restaurants, cinemas, and theaters), and university and college buildings 

and campuses.  

3.2 Selection of MCDA method 

The MCDA method applied in this study was chosen based on the framework developed by 

Wątróbski et al. (2019). This framework classifies MCDA methods based on a number of questions 

that describe the decision problem. The problem of selecting geofence locations, which is the topic 

of this study, can be described in accordance with the framework as follows:  

1. The criteria (i.e. explanatory factors for bike-sharing usage) have varying degrees of influence 

and can therefore be meaningfully combined using weights. 

2. The scale used to describe the criteria performance is quantitative (i.e. proximity and density). 

3. It can be assumed that the criteria weights are not influenced by uncertainty as the experts that 

were consulted for the pair-wise comparison are professionally involved in bicycle traffic 

planning or bike-sharing. Their expertise thus serves as a strong enough foundation to conduct 

a certain pair-wise comparison of the criteria. 

4. The desired outcome of the MCDA is a ranking of all candidate locations from which the final 

locations can be selected. 
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Based on this description of the decision problem and the aforementioned framework it was decided 

to develop a combined AHP-VIKOR approach in this study. The analytic hierarchy process (AHP) 

was utilized to determine criteria weights and VIKOR (VlseKriterijumska Optimizacija I 

Kompromisno Resenje; i.e. multi-criteria optimization and compromise solution) was used to 

aggregate the criteria and rank the alternatives. VIKOR originates in compromise programming and 

compares the closeness of the alternatives to the ideal and negative-ideal solution (Opricovic and 

Tzeng 2004). 

3.3 Analytic hierarchy process 

Based on the criteria that were found in the literature review, an AHP was conducted to assess the 

level of influence of the individual criteria and to quantify this as priority weights that can be used in 

the GIS-MCDA. A similar approach was used by Kabak et al. (2018) for station-based bike-sharing. 

Malczewski (2006) found that 9.6% of more than 300 GIS-MCDA related articles published between 

1990 and 2004 used AHP. This shows that the method is well established and used in GIS-MCDA. 

In infrastructure management and planning, AHP is the most common MCDA method with growing 

usage (Kabir et al. 2014). Here, the main field of application is transportation infrastructure. AHP is 

particularly useful as it can structure the partly strongly diverging views of different stakeholders 

(Ramanathan 2001).  

The AHP was proposed by Saaty (1980) as a method for structuring decision problems in social, 

economic, and management sciences. The method consists of four steps: (1) the structuring of the 

decision problem, (2) pair-wise comparison, (3) calculation of weights and consistency of the pair-

wise comparison, and (4) the aggregation of local weights for each alternative. 

In the case of this study, the decision problem (1) is where to place geofences for dockless bike-

sharing. The problem was structured (2) by finding criteria that affect bike-sharing usage in the 

relevant literature (Table 1). 

For the pair-wise comparison of these criteria (3) the expertise of people that are involved in bike-

sharing companies and the planning of cycling infrastructure was sought. Around 5 to 10 participants 

are regarded as sufficient to gain consistent weights in AHP if they are experts in the topic of the 

decision problem (Cheng and Li 2001; Daim et al. 2013; Sanchez-Lozano et al. 2016). It is 

furthermore advisable to include experts with different backgrounds to obtain a holistic overview of 

Figure 3. Example of question from the analytic hierarchical process survey. 
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the decision problem (Sirikrai and Tang 2006). Potential experts for this study were identified by 

studying the bike-sharing market, relevant municipal and research activity related to bike-sharing, 

and micro-mobility in Zürich. To ensure that the experts had good knowledge of the study area only 

people that were based or active in Zürich were approached. 

The experts were asked to fill out a survey and to give a ranking for each pair of criteria (Figure 3). 

Additionally, before the survey was sent to the experts, one of them was asked to provide feedback 

on the criteria suggested for the survey. Using their feedback, the criterion public transit was split 

into two criteria, one for small and large stations respectively. The ranking ranged from 1 to 9 where 

1 meant that the left criterion contributes more to bike-sharing usage. While a value of 9 meant that 

the right criterion contributes more to bike-sharing usage. The center value 5 in contrast meant that 

both criteria contribute equally to bike-sharing usage. This ranking scale varies from the standard 

intensity scale used in AHP, ranging from 9 to 1 and from 1 to 9. It was decided to use a simpler and 

shorter scale for the survey to make it easier for the respondent to answer the survey. This was decided 

because of the large number of 8 criteria which made the comparison complex. A simpler ranking 

scale reduced the amount of information shown in the survey and made the ranking faster. Before 

compiling the rankings into a pair-wise comparison matrix they were transformed into the scale used 

in the AHP (see Table 2). 

Table 2. Conversion of ranking weights used in the survey to intensity weights used in AHP. 

Survey ranking AHP intensity weights Definition 

1 1/9 Criterion i contributes extremely less than criterion j. 

2 1/7 Criterion i contributes very strongly less than criterion j. 

3 1/5 Criterion i contributes strongly less than criterion j. 

4 1/3 Criterion i contributes moderately less than criterion j. 

5 1 Both criteria contribute equally. 

6 3 Criterion i contributes moderately more than criterion j. 

7 5 Criterion i contributes strongly more than criterion j. 

8 7 Criterion i contributes very strongly more than criterion j. 

9 9 Criterion i contributes extremely more than criterion j. 

  

 

As proposed by Aczél and Saaty (1983), the pair-wise comparison weights assigned by the various 

experts were aggregated by computing the geometric mean (Equation 1). The geometric mean must 

be used here as the resulting pair-wise comparison matrix must be reciprocal and other aggregation 

methods such as the arithmetic mean would not preserve this property. 
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(1) 

Where xi is the value given for the current pairwise comparison by the i-th respondent. The means 

were entered in n times n pair-wise comparison matrix A (Equation 2). 

 

 

(2) 

  

 

Where wi and wj are the intensity weights of each pair-wise comparison. This can be simplified and 

rewritten as (Equation 3, Brunelli 2015): 

 

 

(3) 

  

 

Where a1n is the weight assigned to criterion 1 when comparing it to criterion n and 1/ a1n  is the 

weight of criterion n when comparing it to criterion 1 which is the reciprocal of a1n.  

In the next step, the pair-wise intensity weights were aggregated by obtaining the normalized 

eigenvector of the comparison matrix. This vector is called priority vector and contains weights that 

sum up to 1. These weights were used for the following parts of the GIS-MCDA. Additionally, the 

consistency of the comparison matrix was tested by computing the consistency index CI (Equation 4; 

Saaty, 1980): 

 

 

(4) 

   

Where λmax is the maximum eigenvalue of matrix A. This was rescaled to receive the more meaningful 

consistency ratio CR (Equation 5; Saaty, 1980). 

 

 

(5) 
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Where RIn is the random index that depends on the number of criteria employed in the AHP. For the 

8 criteria included in this study, the random index is 1.4057 (Alonso and Lamata 2006). The CR can 

be interpreted as the following: A CR of 0.2 would mean that the weights are 20% as inconsistent as 

randomly generated weights . In practice, a CR of  ≤ 0.1 should be aimed for (Saaty 1980). 

3.4 Creation of criteria layers 

Several raster layers had to be computed to get data that represented the criteria considered in this 

study. These raster layers will be referred to as criteria layers. For the calculation of the various 

criteria layer two algorithms were developed and implemented. For this the programming language 

Python was used (Van Rossum and Drake 2009). Two measures were computed, namely proximity 

and density. This was decided since cycling levels are affected in different ways by the criteria. For 

some criteria, the distance to the nearest instance is of relevance (e.g. for public transit) whereas for 

other criteria it is rather the overall density at a location that contributes to bicycle usage (e.g. density 

of shops, restaurants). The data that was used to compute the criteria layers was acquired from OSM, 

the city of Zürich, and the Swiss Statistical Office (see Section 3.1). 

3.4.1 Proximity layers 

For the proximity calculation for the various criteria locations, a target raster covering the study area 

with a spatial resolution of 50 m was created. This resolution was chosen as a compromise between 

detail and processing time. It was assumed that the suitability would not significantly change over 

this small distance. Areas outside the boundary of the city were masked out. Only cells that had an 

overlap with a buffer of 10 m along the bike network were processed in further analysis. This was 

decided as the geofence location should be along a road or bike path. Cells that are not close to any 

road were therefore not relevant for further analysis. Excluding these cells also decreased the 

processing time of the algorithm. The proximity was calculated in network distance to get a 

meaningful metric. For this, a network graph was created from OSM data using the OSMnx Python 

module (Boeing 2017). Streets and bike paths that were classified as being bikeable were retrieved 

and used to construct the network graph. 

The algorithm computed the shortest path from each cell center in the target raster to the nearest 

instance of each criterion. For polygon layers (e.g. parks and university campuses) the distance to the 

centroid was computed. For the bike paths, the distance to the closest line segment was computed. To 

decrease computational complexity a heuristic was implemented in the distance computation. It was 

used to find the instances with the shortest Euclidean distance. The more demanding network distance 

computation was only conducted for these closest instances. The network distance computation 

utilized Dijkstra’s algorithm. The subset of instances for which the network distance was computed 

included the 4 closest facilities of each cell. This number was chosen after running a sensitivity 

analysis for different values of this parameter (Figure 4).  
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For the sensitivity analysis the proximity to facilities of higher education was computed with different 

parameter settings. The parameter ranged from 1 to 10 and the resolution was set to 100 m. The 

parameter range specifies the number of closest instances in Euclidean distance for which the network 

distance was computed. The proximity layer was also computed without the heuristic, solely by 

network distance. This was used as the ground truth data to evaluate the outputs created with the 

various parameter settings. The criterion EDU was chosen as it featured the smallest number of 

instances, namely 33 (Table 1). Comparing the ground truth with the outputs of the different 

parameter settings showed that a value of 4 gave a reduction in processing time of about 90% while 

returning an output similar to the ground truth. The mean residual of the proximity was smaller than 

2.6 m. This was assumed to be an acceptable deviation from the ground truth. 

3.4.2 Density layers 

The criteria COM and ET considered the density of instances. This was computed like the proximity 

layers with a target raster of 50 m spatial resolution. For each cell in this raster, a neighborhood 

analysis was performed in which all instances (e.g. restaurants, theaters, shops, or office buildings) 

that overlapped a 2 km buffer around the cell center were registered. The count of these instances was 

stored in the respective target raster cell. 

The size of the neighborhood buffer was derived from three different studies that found that up to 

90% of the bike-trips in dockless and station-based bike-sharing are shorter than 2 km (Liu et al. 

2018; Dong et al. 2019; Ma et al. 2020). Based on this it can be assumed that criteria facilities outside 

of the 2 km buffer are not of high relevance for the suitability of a location as most of the bike trips 

will not reach them. Thus they will not significantly contribute to the bike-sharing levels of the 

location. 

Figure 4. The results of the sensitivity analysis used to determine the value for the proximity heuristic’s parameter. 

The ratio between the run-time of the algorithm using the heuristic and the run-time of the non-heuristic algorithm 

as a function of the parameter is shown to the left (A).  The mean of the residuals of the output of the heuristics is 

shown to the right as a function of the parameter (B). The parameter specifies for how many instances the network 

distance is computed. 
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3.4.3 Standardization 

The criteria layers were standardized by applying Keeney’s value function (Keeney 1992). The value 

function is a mathematical representation of the desirability of a criterion value. By applying a value 

function the criteria values were standardized to the range 0 for least desirable to 1 for most desirable 

criteria values. Standardizing the criteria layer makes it possible to compare their suitability values. 

In this the standardized layers were used to create the Weighted Linear Combination and to create 

maps for visual comparison of the criteria performance within the study area. Equation 6 was used 

for criteria that should be minimized, that is where a small criteria score is desirable. 

 
𝑣(𝑎𝑖𝑘) = (

𝑚𝑎𝑥{𝑎𝑘} − 𝑎𝑖𝑘

𝑚𝑎𝑥{𝑎𝑘} − 𝑚𝑖𝑛{𝑎𝑘}
)

𝜌

 (6) 

   

where k is the criterion, v(aik) is the standardized value and aik is the value of the criterion. The 

variables max{ak} and min{ak} are the maximum and minimum values for the criterion respectively. 

𝜌 is a parameter that is defined by the decision-maker and can be interpreted as reflecting the risk 

affinity of the decision-maker. In this study, 𝜌 was set to 1 which results in a linear standardization. 

For those criteria that should be maximized, meaning where a high criteria score is desirable, equation 

7 was used. 

 
𝑣(𝑎𝑖𝑘) = (

𝑚𝑖𝑛{𝑎𝑘} − 𝑎𝑖𝑘

𝑚𝑎𝑥{𝑎𝑘} − 𝑚𝑖𝑛{𝑎𝑘}
)

𝜌

 (7) 

   

In this study, layers representing proximity were standardized using equation 6, meaning that close 

distance is regarded as being more desirable. Layers that contained density values were maximized, 

as related research has found a relationship of higher density of population and entertainment facilities 

to be linked to higher bike-sharing usage (e.g. Li et al., 2020; Wang et al., 2018). 

3.5 Weighted linear combination 

The criteria layers were combined using a weighted linear combination (WLC) which is one of the 

most common algorithms for GIS-MCDA. The core operation of the algorithm is intuitive to 

understand and is described by equation 8 (Pereira and Duckstein 1993; Jiang and Eastman 2000): 

 
𝑉(𝐴𝑖) = ∑ 𝑤𝑘𝑣(𝑎𝑖𝑘)

𝑛

𝑘=1

 (8) 

   

where V(Ai) is the combined suitability value, wk is the weight, and v(aik) is the value function for 

the criterion. If the data that is used is in a raster format, implementing this method in an algorithm is 

straightforward and can be done by using map algebra. The raster layers comprising the standardized 

values are multiplied with the corresponding weights that were determined in  the AHP. The resulting 
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layers are then added to each other which results in a suitability map. The suitability map created by 

WLC was not used for the geofence selection itself. It served mainly the visualization of spatial 

variation in suitability. If a bike-sharing system was launched with initial geofence locations as 

proposed by this GIS-MCDA framework the suitability map can be used to identify possible gaps in 

the geofence network. It can also be used to find suitable locations for additional geofences if the 

network should be extended. 

3.6 Candidate locations 

For a location selection framework candidate locations from which to select the final sites are 

necessary. The placement of these can be challenging, particularly in the urban space where relatively 

limited space is being used by many different actors and for many different purposes. Previous 

planning of bike-sharing stations and geofences has either placed potential locations with an even 

spacing along a road network, utilized cluster analysis and bike-trip data or manually selected 

potential locations (Conrow et al. 2018; Kabak et al. 2018; Zhang et al. 2019). The latter is only 

feasible for a small area or if only few stations are to be added to an existing network. The framework 

developed in this study is designed to function even in cities where no bike-trip data is available. 

Hence, the clustering approach could not be adapted. Placing evenly spaced candidate locations along 

a road network does not consider the complexity of urban space and will likely result in candidates 

at places that are not suitable for a geofence; either due to space limitations or usage restrictions. 

Instead, it was decided to use already existing infrastructure for bike parking. García-Palomares et al. 

(2012) used a similar approach for bike-sharing station planning. They placed candidate locations at 

every public transit station that exceeded a threshold of daily commuters. For the case study, a dataset 

of bike parking spots was acquired and used as a source for candidate locations. Using bike parking 

spots as candidates ensures that space for parking bikes is available at every potential location and 

encourages the user to park the shared bike properly. From this dataset, only the 1309 bike parking 

spots that had space for 10 or more bikes were taken into consideration. Parking spots that were 

exclusively designated for motorcycles were also excluded from further processes. If this framework 

was to be applied to a city for which no dataset of bike parking is available this data could be obtained 

from OSM. 

3.7 Location selection 

The selection of locations for the geofences was done by taking the spatial distribution of the 

candidate locations relative to each other and their suitability into consideration. This was realized in 

a novel discrete location selection model that applied a suitability ranking of the alternatives and a 

variable minimum distance constraint between the candidate locations (García-Palomares et al. 

2012). The suitability ranking was computed using VIKOR. VIKOR was developed for multi-criteria 

analysis of complex systems by Opricovic and Tzeng (2004). It expresses the suitability of an 
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alternative in terms of its closeness to the ideal solution. In this study, VIKOR will be adopted to rank 

the candidate locations based on their closeness to the ideal solution. 

First, the candidate locations were ranked using VIKOR, then they were iteratively added to the final 

set of geofences. This was initialized by adding the highest-ranking candidate location to the geofence 

selection. Next, the second-highest-ranking candidate location was evaluated by checking its distance 

to the previously added location. If the distance exceeded a minimum distance, the current candidate 

location was added to the final set. This was repeated for all other candidate locations by checking 

the distance to all geofences previously added to the final geofence set. The minimum spacing 

constraint is based on studies by Fuller et al. (2011) and Tran et al. (2015) who found a spacing of 

200 to 500 m between bike-sharing facilities suitable for optimizing usability and increasing usage 

of bike-sharing systems. Wang et al. (2018) also defined the service area of a bike-sharing station as 

a 500 m radius. The spacing constraint was defined as a function of suitability. For the most suitable 

candidate locations, a distance constraint of 200 m was used. For the least suitable candidates, this 

constraint was set to 500 m. The thresholds for the most and least suitable candidate locations were 

defined as the 10% and 90% percentile of the VIKOR ranking. For suitability values between these 

thresholds, the spacing constraint was determined by a linear relationship that was assumed (Figure 

5). The least suitable candidates were regarded as being unsuitable and excluded from the selection 

process as they were entirely located at the outskirts of the study area. This decision was based on the 

visual inspection of the spatial distribution of these locations (Section 4.3). 

3.8 VIKOR 

The VIKOR ranking was implemented in Python using the modules Numpy, Geopandas and Rasterio 

(Gillies 2019; Harris et al. 2020; Jordahl et al. 2021). The criteria values at the candidate locations 

were retrieved from each criteria layer. This was done by taking the value of the cell in which a 

candidate location was sited. The VIKOR ranking can be divided into a 4 step process. 

Figure 5. Linear functions used to compute the minimum spacing between geofence locations (A). Illustration of 

compromise solutions in comparison to ideal solution (B). Source: Opricovic and Tzeng, 2004 

A) B) 
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(1) The first step was to find the best (𝑓𝑖
∗) and worst (𝑓𝑖

−) score among the candidate locations for 

each criterion. For criteria that should be minimized the best score is equal to the lowest criteria value 

and the worst score is the highest one. The opposite applies to criteria that should be maximized. 

Figure 5 shows the relationship between the ideal solution 𝐹∗and compromise solutions 𝐹𝑐 which 

would result from choosing any of the alternatives. 

(2) Next the measures 𝑆𝑗 and 𝑅𝑗 were computed for each candidate location. These measures are the 

weighted normalized Manhattan distance 𝐿1 and the weighted normalized Chebyshev distance 𝐿∞ 

respectively. They are used as boundary measures for the ranking of alternatives in VIKOR. 𝑆𝑗 can 

be interpreted as the distance in criteria space of the j-th alternative to the ideal solution and is 

computed according to equation 9. 

 
𝑆𝑗 = ∑

𝑤𝑖(𝑓𝑖
∗ − 𝑓𝑖𝑗)

𝑓𝑖
∗ − 𝑓𝑖

−

𝑛

𝑖=1

 (9) 

   

where 𝑥𝑖𝑗 is the criteria score of the i-th criterion and the j-th alternative, and 𝑤𝑖 is the i-th criterion’s 

weight that was determined in the AHP. Selecting the alternative with the smallest 𝑆𝑗 as a solution 

would mean to maximize group utility. 𝑅𝑗 was computed by equation 10 which returns the largest 

summand of equation 9. This can be interpreted as the closeness of the worst performing criterion for 

the j-th alternative to the ideal solutions criteria score for this criterion. 

 𝑅𝑗 = max
𝑗

[
𝑤𝑖(𝑓𝑖

∗−𝑓𝑖𝑗)

𝑓𝑖
∗−𝑓𝑖

− ]  (10) 

   

(3) Next the measure 𝑄𝑗 which aims to balance 𝑆𝑗 and 𝑅𝑗 was calculated for each candidate location 

(Equation 11). 

 
𝑄𝑗 = 𝑣

(𝑆𝑗 − 𝑆∗)

(𝑆− − 𝑆∗)
+ (1 − 𝑣)

(𝑅𝑗 − 𝑅∗)

(𝑅− − 𝑅∗)
 (11) 

   

where the weight 𝑣 is set according to a strategy of maximum group utility. A value of 0.5 represents 

a consensus driven strategy and is commonly used in VIKOR. 𝑆∗, 𝑆−, 𝑅∗, 𝑅− are the minimum and 

maximum values of 𝑆𝑗 and 𝑅𝑗 among all alternatives: 

𝑆∗ = min
𝑗

𝑆𝑗, 

𝑆− = max
𝑗

𝑆𝑗 , 

𝑅∗ = max
𝑗

𝑅𝑗 , 

𝑅− = max
𝑗

𝑅𝑗 , 
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(4) The last step in the VIKOR procedure was to order the candidate locations according to their Qj 

ranking. As Qj is a measure of closeness to the ideal solution a small value is favored. 

3.9 Assessment of geofence locations 

To assess the proposed geofence locations the actual bike-sharing demand will be computed from the 

bike-usage data acquired from BOND Mobility AG. Demand studies are commonly conducted by 

aggregating departures and arrivals on a zonal level. The zones used for the aggregation of usage data 

can have different shapes and can greatly affect the resulting bicycle usage maps (Shui and Szeto 

2020). Zhang et al. (2019) superimposed a uniform grid over their study area and counted departures 

and arrivals for each grid cell. Such a grid-based approach has been criticized for its simplification of 

the complex urban environment (Dong et al. 2019). Frade and Ribeiro (2015) studied the demand for 

the optimization of bike-station locations and used administrative boundaries to aggregate bicycle 

usage data.  

In this study, the demand covered by the geofences will be evaluated on the geofence-level by 

computing the number of bike trip origins and destinations (OD) within a 500 m buffer around each 

geofence. This buffer size is based on Frade and Ribeiro (2015) who recommend that no two points 

in a demand zone should be more than 500 m apart from each other and Wang et al. (2018) who 

define the service area of bike-sharing stations as a 500 m radius. Additionally, a network distance 

analysis was conducted that computed the proportion of ODs that were within 500 m network distance 

of a geofences. This aimed to test the extent to which the demand for bike-sharing is covered by the 

proposed geofences. To assess the general accessibility of the geofence locations the average network 

distance from any point within the street network of the study area was computed. 

Furthermore, the proposed geofence locations were compared to the existing bike-sharing stations in 

the study area. The bike-sharing stations served as a ground truth data set in this context. The OD 

count per station 500 m buffer, the proportion of ODs within 500 m network distance to a station and 

the average network distance to stations was also computed for the stations. This allowed to assess 

how well the geofence locations performed compared to an existing bike-sharing parking system. The 

OD count was used to evaluate the extent to which the suitability value Qj related to actual bike-

sharing usage. For this the OD count was plotted against the Qj value. 

3.10 Geofence capacity 

There exists previous research on the capacity planning of bike-sharing stations (e.g. García-

Palomares et al. 2012). Zhang et al. (2019) and Cheng et al. (2019) showed that this concept can be 

transferred to geofence capacity determination. However, these approaches base the calculation on 

demand estimates that are based on bike-trip data. Since the aim of this study is to develop a 

framework that can be applied to a city for which such data is not available, a different approach had 



 

22 

 

to be adopted. Instead of using the demand data directly, it was decided to use the suitability ranking 

as a proxy for demand and to derive the geofence capacity from the suitability. 

According to Zhang et al. (2019) and García-Palomares et al. (2012), in practice it is common to 

select a fixed number of bikes for each geofence for instance 10 or 20. This range will be used in this 

study too. However, the approach that was developed for this study uses existing bike parking 

infrastructure. In order to avoid conflict with regular bike users it was decided to include the available 

number of bike racks at the geofence locations in the capacity determination. The maximum number 

of shared bikes parked at a geofence was limited to 50% of the bike racks available at a location. This 

was decided since bike-sharing should not compete with normal bike users who also seek bike 

parking. Only bike parking spots with at least 10 bike racks were considered as candidate locations. 

Hence, the smallest possible geofence capacity is 5. The capacity was computed based on the 

available bike racks and the suitability ranking and followed the scheme shown in Table 3. The class 

boundaries for the Qj value were defined by the 25%, 50% and 75% percentiles. 

Most approaches to bike-sharing station and geofence capacity known to the author take the fleet size 

into account to evaluate the computed capacities (García-Palomares et al. 2012; Cheng et al. 2019; 

Zhang et al. 2019). The companies that operate dockless bike-sharing in Zürich, Bond Mobility and 

Lime Bikes have fleet sizes of 600 and 500 bikes, respectively. Since the bike ride data that will be 

used for the assessment of the result was acquired from BOND Mobility AG a fleet size of 600 bikes 

was assumed. The capacity was furthermore evaluated by dividing the OD data into 1 hour intervals. 

A neighborhood analysis was performed for each of the ODs that occurred in an interval. This analysis 

involved counting the ODs and summing up the capacity of all geofences within a 500 m radius. The 

number of ODs was subtracted from the available capacity to test whether the capacity was sufficient 

for the place and time. 

 

Table 3. Conversion scheme for Qj suitability measure to maximum geofence capacity. The class boundaries for the Qj 

classification were derived from the 25, 50 and 75% percentiles. The Qj range is valid for the case study. The geofence 

capacity was constrained by the available parking spots at a geofence location. 

Percentiles defining  

boundaries 

Qj suitability 

range 

Maximum 

Geofence Capacity 

- 25% < 0.16 20 

25% - 50% 0.16 - 0.24 15 

50% - 75% 0.24 - 0.37 12 

75% - > 0.37 10 
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4 Results 

The explanatory criteria that were used in the AHP and VIKOR were identified in the literature review 

in section 2.1 and are compiled in Table 1. The other results are presented in the following sections. 

4.1 Analytic hierarchy process 

The AHP results are based on the response from 5 experts. Of those experts, two came from the bike-

sharing industry, one was active in related research, one worked at the municipal traffic planning  

administration and one for an non-governmental organization working to promote cycling. 

The pair-wise comparison matrix that was aggregated from the expert ranking is shown in Table 4. 

The criteria EDU and PTL were found to contribute more to bike-sharing usage than the other criteria. 

They mostly received higher intensity weights than the other criteria. This is also underlined by the 

normalized priority vector weights which show the overall influence of the criteria. These weights 

were used for the geofence location selection. The most influential criteria EDU and PTL received 

priority weights of 0.23 and 0.21, respectively. They are followed by the criteria ET, COM, POP, and 

SP which feature weights ranging from 0.10 to 0.14. The criteria that received the lowest weights are 

PTS and MBP, the latter got the marginal weight of 0.04. The consistency analysis showed that the 

comparison matrix is consistent with a consistency ratio of 0.017. This expresses that the rankings 

are 1.7 % as inconsistent as if they were made randomly. According to Saaty (1980), a consistency 

ratio of smaller 0.1 can be accepted. Hence, the results of the AHP conducted in this study can be 

used for the GIS-MCDA. 

 

Table 4. Pair-wise comparison matrix with intensity weights aggregated from the expert ranking. The priority weights are 

shown in the right-most column. 

 MBP PTL PTS EDU SP COM POP ET  Priority weights 

Major Bike paths (MBP) 1.00 0.23 0.68 0.22 0.34 0.30 0.32 0.25  0.04 

Public Transit large (PTL) 4.36 1.00 3.16 0.80 2.37 1.90 1.53 2.29  0.20 

Public Transit small (PTS) 1.48 0.32 1.00 0.40 0.53 0.52 0.64 0.35  0.06 

Higher education (EDU) 4.58 1.25 2.54 1.00 3.32 2.54 1.93 1.72  0.23 

Sports facilities and parks (SP) 2.95 0.42 1.904 0.30 1.00 0.80 1.64 0.58  0.10 

Commercial areas (COM) 3.32 0.53 1.93 0.39 1.25 1.00 0.95 1.00  0.11 

Population density (POP) 3.16 0.65 1.55 0.52 0.61 1.05 1.00 0.73  0.11 

Entertainment (ET) 4.08 0.44 2.85 0.58 1.72 1.00 1.38 1.00  0.14 
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4.2 Criteria layers 

The standardized criteria layers show a clear spatial distribution of high and low suitability for bike-

sharing. Figure 7 shows the standardized criteria layer which can be used to compare spatial 

differences in suitability among the criteria. All criteria indicate higher suitability for bike-sharing 

towards the city center which is located north of the lake. This is most prominent for the criteria COM 

and ET. They have very high suitability exclusively in the city center and a quickly decreasing 

suitability toward the suburbs. Other criteria such as MBP and PTS stations have mostly high 

suitability in large parts of the study area. The remaining three criteria layers for PTL, SP, and EDU 

exhibit high suitability for most parts of the study area except for some patches of low suitability 

mostly at the edge of the city. The overall suitability that is shown in the weighted linear combination 

reflects similar patterns as the criteria layer (Figure 6a). The results indicate that high suitability can 

also be expected in sub-centers in the north and northwest of Zürich. Most areas on the outskirts of 

the study area received rather low suitability values with the lowest being at the southeasternmost 

boundary. This area is mostly forest and not characterized by urban structures. 

4.3 VIKOR ranking 

VIKOR was used to rank the candidate locations according to their closeness to the ideal solution. 

Figure 8 shows the statistical distribution of the Qj measure that was used for the ranking. As Qj 

represents the closeness to the ideal solution, smaller values are more suitable. The distribution is 

left-skewed with a mean of 0.3 and a median of 0.26. The minimum and maximum values are 0.03 

and 0.89 respectively. The 10% and 90%  percentiles used for computing the spacing constraint 

(Figure 5) are 0.12 and 0.51, respectively. Most of the highly suitable candidates of a Qj smaller than 

the 10% percentile were in a commercial area close to the central train station and close to the main 

university campus. The 90% percentile was used as a threshold to filter unsuitable stations. This 

resulted in 120 candidate locations being excluded from the selection process. The majority of these 

candidates were in the outskirts of the study area, in the South, North-West and South-East. 

Furthermore, there are several candidate locations that were located outside of the criteria layers. 

They were in cells of the criteria layer that featured no data due to being outside of the bike network 

buffer (Section 3.4). This was the case for 114 candidate locations. These candidates were also 

excluded from the further selection process.  

To test how well the suitability ranking related to actual bike-sharing demand, the number of ODs in 

a 500 m buffer around each candidate location was computed. This count was plotted as a function 

of the Qj suitability measure (Figure 8a). The plot supports the assumption that a relationship between 

a geofences Qj value and the frequency of bike trips in its vicinity exists. OD frequencies range from 

0 to 942 per geofence. Qj values of larger  than the 90% percentile of 0.51 have low OD counts with 

a mean of 49, whereas the overall mean is 281. The relationship between OD count and Qj was 

furthermore tested by computing Spearman’s correlation coefficient. Other statistics such as linear 

regression and Pearson’s correlation coefficient were disregarded since the assumptions of linear 
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relationship and normality of variables residuals distribution were not satisfied. A Spearman 

coefficient of -0.81 was computed which indicates a high negative correlation. The correlation was 

significant with a p-value smaller 0.001. 

Figure 6. Maps of standardized criteria values with 1 representing high and 0 representing low criteria scores. Map e) 

shows the linear weighted combination that is a combination of all standardized criteria layers. It can be interpreted as 

the overall suitability of a location. 
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Figure 7. Maps of candidate locations (A) and of selected geofence locations (B). The candidates are categorized into 3 

classes. Those with no data, that is those that were located outside of the criteria layers, those with a Qj value of higher 

than the threshold of 0.51. The locations selected for a geofence are  colored  according to their suitability ranking. A low 

Qj value represents high suitability. 

Figure 8. Distribution of VIKOR ranking of the Qj-measure of closeness to the ideal solution for the geofence candidate 

locations. A low Qj value represents a high suitability (A and C). Number of ODs in the 500 m buffer around the geofence 

as a function of the Qj suitability measure (B). 
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4.4 Assessment of geofence locations 

The location selection resulted in 155 geofence locations (Figure 8b). The geofences have a minimum 

Qj suitability value of 0.03 and a maximum of 0.51. The mean is 0.26 and the median 0.24.  Figure 9 

presents the statistical distribution of the Qj value for the selected geofences. It exhibits a broad 

distribution of Qj values from close to zero to 0.5 with a mean at 0.26. Furthermore, Figure 9a and 

9c show the statistical distribution of the shortest distance to a geofence from the ODs. This distance 

analysis showed that 81% of the ODs were within 500 m of at least one geofence. Only 5.6% of the 

ODs were further than 1000 m from any geofence proposed by the location selection framework. 

Table 5. Descriptive statistics to compare how well the geofences developed in this study and the existing stations cover 

the demand for bike-sharing in the study area.  

 Count 

Distance  

OD-to-nearest- 

station/geofence 

(m) 

ODs within <500 m  

of station/geofence 

Distance from  

any point in road network to 

nearest station/geofence (m) 

  Mean Std. Dev Median 
Std. 

Dev. 
Total (%) Mean Std. Dev. 

Geofences 155 341 311 262 347 81 1395 1051 

Stations 170 374 340 269 361 77 1692 1076 

 

Figure 9. Histogram and boxplot of statistical distribution of the Qj suitability measure for the selected geofence 

locations (A and C). Histogram and boxplot of the network distance to the closest geofence from start and end-points 

of bike trips in the study area (B and D). 
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The proposed geofences were also compared to bike-sharing stations that existed in the study area. 

They were compared in terms of accessibility and coverage of ODs (Table 5). The geofences had 

slightly smaller distances to the ODs with 341 m compared to 374 m for the station network. The 

station network also had slightly fewer ODs within 500 m network distance to a location. The mean 

shortest path distance from any point in the road network to a geofence is also shorter than the 

equivalent of the stations. The geofences have on average less ODs in their proximity but cover a 

slightly larger proportion of the total count which can be seen on the percentage of ODs that was 

within a 500 m buffer of any geofence or station. 

4.5 Geofence capacity 

The frequencies of the various geofence capacities, ranging from 5 to 20 are shown in Figure 9. 

The proposed geofences have a mean capacity of 8.5 bicycles. More than 75% of all geofences 

received a capacity of 10 bikes or less. Figure 9 shows that geofences with a capacity of less than 10 

bikes are evenly distributed over the study area. They are even frequent in central areas that exhibit 

comparably high suitability according to the Qj ranking. Geofences of high capacity between 13 and 

20 are more frequent in the areas of high suitability. In the outskirts there are mostly low capacity 

geofences with capacities of 6 to 8 bicycles. All geofences combined offer a capacity of 1322 bikes. 

This gives a ratio of 2.2 parking spots at geofences per bike if a fleet size of 600 is assumed.  

Figure 10. Bar chart of frequency of the various bicycle-capacities of the geofences proposed in the case study (A). The 

map shows the proposed geofences with the capacity color indicated by the color scheme (B). 

B) 
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The geofence evaluation over 1 hour intervals showed that the capacity was mostly sufficient to host 

the ODs occurring within the test cases areas. The numbers for each test case were computed for a 

500 m radius around each OD that occurred within a time interval. The ratio difference between ODs 

and capacity had a mean of 32.4, indicating a general surplus of available capacity for the bike trips 

generated in the study area. 7% of the test cases had a negative difference of ODs and capacity 

meaning that not enough parking space was available in the 500 m radius. 

 

  

Figure 11. Distribution of difference between number of ODs and summed geofence capacity. The 

number of ODs was computed for a radius of 500 m around each OD that occurred within intervals 

of 1 hour. 
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5 Discussion 

The growing implementation of dockless bike-sharing systems poses a challenge to many cities 

around the world. Due to the unrestricted nature of most dockless bike-sharing systems, improper 

parking behavior can lead to blocked sidewalks and vandalized bikes. Restricting the parking to 

geofences can help to solve this problem (Van Waes et al. 2018). The GIS-MCDA framework 

presented in this study can facilitate the selection of suitable, spatially well-distributed geofences for 

dockless shared bikes.  

This study, similar to Kabak et al. (2018), used AHP to determine weights for the GIS-MCDA. This 

proved to be an efficient and structured method to combine the knowledge of different experts. In 

contrast to the study mentioned above, this framework implemented the AHP without holding a 

workshop where all experts would have to be present. Instead, a questionnaire was sent to each expert 

and the responses were aggregated afterward. This approach facilitated a fast and efficient 

implementation of the GIS-MCDA. Furthermore, holding a workshop requires the active presence of 

experts at a given time, an increase in effort that makes it more likely that fewer experts would be 

willing to participate in the study. The priority weights determined in the AHP indicate that the EDU 

and PTL criteria contribute the strongest to bike-sharing usage. They received weights of 0.23 and 

0.21, respectively. COM, POP, and SP received lower values between 0.10 and 0.14. These findings 

are mostly consistent with the priority weights derived by Kabak et al. (2018), which compared 

mostly similar criteria. However, it is noteworthy that MBP, which received the lowest priority (0.04) 

in the results of this thesis, was ranked most influential in the previous study. This was most likely 

due to the different objectives of the studies. While Kabak et al. (2018) aimed to densify the existing 

sparse station network, which was exclusively built along a single major bike lane, this study aimed 

at creating a city-wide geofence network that not only covered bike lanes but also major parts of the 

study area. 

Though there have been other publications proposing solutions for the planning of geofences for bike-

sharing, the presented GIS-MCDA framework is, to the author's knowledge, the first approach to this 

issue to implement a method that does not rely on bike trip usage data. Other studies such as Cheng 

et al. (2019) and Zhang et al. (2019) determined geofence location mainly based on the micro-

mobility data they acquired from bike-sharing businesses that have already been operational. The 

approach presented in this study, however, makes it possible to plan initial geofence locations for 

launching a fleet of dockless shared bikes in a new city. As the method mainly relies on free and 

globally-available data from OSM for the criteria representation and the network analysis, it can 

easily be adapted for new study areas. The exclusive use of free and open-source software facilitates 

this as well. It should be noted that geofence planning that uses bike trip data directly to select 

locations is likely to achieve better results than the presented GIS-MCDA, which uses criteria as 

proxies for bike-sharing usage. This approach should therefore be avoided for cities for which actual 

usage data is available. 
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Using existing infrastructure for the definition of candidate locations is an advantage of the approach 

of this study, especially compared to previous research which mostly assigned geofences or docking-

stations to arbitrary places based solely on the modeled suitability (Conrow et al. 2018; Kabak et al. 

2018; Cheng et al. 2019; Zhang et al. 2019). Due to the complexity of urban spaces, this is likely to 

result in a portion of the geofences or docking stations being at locations that are not suitable for this 

type of usage. Such locations could be on narrow sidewalks or places that are already used for other 

purposes. In contrast, using data of public bike parking as has been done in this study gives a high 

probability that the candidate location is at a place where there is space specifically dedicated for bike 

parking. 

This study used VIKOR to rank the candidate locations according to their criteria scores. The 

resulting Qj measure that was used for the ranking exhibited a significant negative correlation with 

the frequency of ODs at a candidate location. This supports the assumption that the suitability derived 

by VIKOR in GIS-MCDA strongly relates to bike-sharing levels. The 10% and 90% percentiles that 

were used to define the threshold for highly suitable and unsuitable candidates should be evaluated 

for each application of the framework. The class of unsuitable locations is particularly relevant since 

these candidates will be excluded from further selection. In the case study, the 90% percentile was 

selected by visually examining the spatial distribution of the candidate locations. It was decided that 

by excluding the least suitable 10% a sufficient coverage could be achieved. 

Comparing the results from the case study with the existing station-based bike-sharing system showed 

comparable coverage of the study area with a smaller number of locations. A total of 81% of the ODs 

were within 500 m network distance of at least one geofence. Related research indicates that a place 

that is within a distance smaller than 500 m to a bike-sharing facility is more likely to attract bike-

sharing usage (Fuller et al. 2011; Tran et al. 2015). The mean distance of ODs to the closest geofence 

was 341 m which is 34 m shorter than for the existing stations. With this high proportion of ODs 

within a short distance to geofences, it can be assumed that most of the trips would have also been 

possible if the ODs were moved to geofences close by. The geofences also had better accessibility 

from the whole study area. This was reflected in the mean distance from any point in the road network 

to the closest geofence, which was 300 m shorter than the mean distance to the closest station within 

the existing bike-sharing station network. 

Geofence capacity was determined based on suitability and available parking spots. This approach 

differs from other studies, where the capacity of geofences and stations was derived from demand 

and bike trip data (García-Palomares et al. 2012; Cheng et al. 2019; Zhang et al. 2019). Utilizing 

suitability instead of bike trip data makes this GIS-MCDA framework applicable to cities that lack 

such micro-mobility data. Taking the available bike racks at a geofence into account additionally 

ensures that the parking infrastructure is sufficient for the geofence capacity. In operational use of the 

proposed geofences, it will still be necessary to assess whether the capacity at the outer edge of the 

geofence network is sufficient. The total computed capacity of 1322 bikes would be adequate to host 
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the assumed fleet size of 600 bikes. The geofence network proposed in this study has a ratio of 2.2 

between total capacity and fleet size. A search among different existing bike-sharing systems showed 

that a ratio of approximately 2.5 geofence or station spots per bike is common (e.g. Kaltenbrunner et 

al. 2010; Raviv and Kolka 2013). The comparison of demand and capacity over time showed that the 

geofences mostly have a sufficient capacity and a mean surplus of 32.4 parking spots. Only in 7% of 

the test cases was the demand not covered. 

For the GIS-MCDA framework to produce good results, the priority weights derived by AHP must 

be meaningful. A prerequisite for this is that the definitions of the criteria are clear so that all experts 

understand them in the same way. If this is not the case, the pair-wise comparisons obtained from the 

experts cannot be combined and are practically meaningless. In this study, the ET criterion might not 

have been ideal as it combined different classes of sub-criteria. It included restaurants, theaters, and 

cinemas. These classes were combined with the assumption that they would attract similar types of 

bike rides. However, restaurants might contribute to bike-sharing levels at lunch and dinner time 

whereas theaters and cinemas are rather a contributor exclusively in the evenings. Additionally, 

people might be willing to cycle for longer distances to theaters and cinemas than to restaurants. 

However, it is generally not advisable to include a too large number of criteria in AHP. This rule is 

based on findings from cognitive science that humans have a working memory capacity of 7±2 (Saaty 

and Ozdemir 2003). Hence, the number of criteria in AHP preference judgments should be limited to 

a maximum of 9. This is why these criteria were pooled into super-classes. Future application of this 

framework should make sure to explain how the criteria are defined so that all experts base their pair-

wise comparison on the same assumptions. 

A limitation of the criteria layer creation is found in the density computation. The density of facilities 

was computed in a 2 km radius around a cell. This radius was derived from studies that showed that 

the majority of shared-bike trips are shorter than 2 km (Liu et al. 2018; Dong et al. 2019; Ma et al. 

2020). However, this does not necessarily mean that all facilities in this buffer contribute to a 

location's suitability. A sensitivity analysis that investigates the effect of different buffer sizes could 

help to determine the adequate search radius for the density computation. Furthermore, the density 

computation utilized Euclidean distance, which might not be the most adequate distance for the urban 

space. For a more precise computation, network distance could be used. Since this would have 

resulted in cumbersome and time-consuming computations, this ultimately exceeded the scope of this 

study. Another aspect of the criteria layer creation that could be adjusted for future applications of 

the framework is the proximity computation of EDU. The computation did not distinguish between 

different types of buildings and campuses used for education. This might lead to bias in the result, as 

a single isolated institute cannot be expected to contribute in the same way to bike-sharing usage as 

a campus of a larger number of university buildings. To account for this it could be a solution to 

compute the number of buildings used for higher education within a specific distance of a cell instead 

of the distance to the closest such building. 
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In the location selection process, several candidate locations had to be discarded as they were located 

outside of the criteria layers. All of those candidates were located outside the buffer along the bike 

network. Investigating these cases revealed two different reasons for this. This was either because the 

location was in fact more than 10 m away from a bikeable street or because the bike network was 

incomplete. The bike network was retrieved from OSM,  a system based on VGI that might not always 

cover the complete road network of a city. A recent study by Ferster et al. (2020) has shown that 

OSM has a high correlation in its bikeable road network as compared to public datasets. However, 

they state that OSM has issues with the tagging practice and that not all features in OSM are 

consistently tagged. This might have caused road segments to be left out from the network used in 

this study. A possible solution that would include more candidate locations would be to increase the 

buffer size. This would, however, lead to longer computation time. 

The use of existing bike parking infrastructure as candidate locations was demonstrated to work well 

for the case study. This is especially valuable, given that datasets of parking infrastructure might not 

be available from official sources in all cities. OSM does include the tag “amenity=bicycle_parking” 

which is used to classify bike parking (OpenStreetMap Wiki 2021). It also offers a tag for capacity, 

which would make calculations for both location selection and capacity computation compatible with 

OSM data. However, considering the partly inconsistent nature of OSM tagging practices, future 

users of the GIS-MCDA framework should ensure that the data used to define the candidate locations 

has sufficient coverage and quality (Ferster et al. 2020). Additionally, it should be stated that the use 

of publicly funded infrastructure such as bike parking by a private company could be restricted by 

the local administration. For this reason, the capacity computation limited the maximum capacity to 

50% of the available bike racks. This aimed to prevent conflict with other users of bike parking. 

An aspect that has to be noted is that the bike trip data that was used to evaluate the selected geofence 

locations came from e-bikes. This might affect the trip data as e-bike users are more likely to commute 

for longer distances compared to users of regular bikes (Jahre et al. 2019). However, the fact that e-

bike users cycle for longer distances does not mean they cycle to different destinations. The trip 

distance was also not considered in this study. It was therefore assumed that the contributing criteria 

of bike-sharing usage are similar for e-bikes and regular bikes. To further evaluate the proposed GIS-

MCDA framework future research could aim at incorporating trip data from other non-electric 

dockless bike-sharing too. 

The author sees the potential application of the presented GIS-MCDA framework primarily in the 

setting-up of geofence locations before the launch of a dockless bike-sharing system in a new service 

area. It can facilitate the prevention of improper parking behavior and can serve as an initial geofence 

network. The suitability map created in the framework can help to add additional geofences once the 

system is operational. 
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6 Conclusion 

Following comprehensive literature research this study found explanatory factors that contribute to 

dockless bike-sharing levels, eight of which were selected for the GIS-MCDA. The factors that have 

the strongest impact according to the experts' assessment are institutions of higher education, large 

public transport stations, and entertainment facilities. It was demonstrated that the method developed 

in this study is capable of selecting suitable locations for the geofencing of dockless bike-sharing. 

Applying VIKOR suitability ranking for the location selection proved to work well as the closeness 

to the ideal solution measure computed by VIKOR revealed a significant negative correlation with 

bike trip frequency in a proximity to a geofence. The geofences proposed for the case study had an 

equivalent coverage to the existing station network while demanding a lower number of locations. 

Looking at the entire study area, the geofences have the potential to serve an even larger service area 

than the existing stations as they have a shorter average distance to points in the road network. The 

geofence capacity determination presented in this study differs from previous approaches, in that it 

takes the existing bike parking infrastructure into account and limits the geofence capacity to avoid 

blocking all available parking spots. This ensures selecting locations that are designated for bike 

parking. The capacity computed in the case study was found to be able to cover 93% of the demand 

in the case study. 
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