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Abstract: The use of parcel-pickup points (PPPs) is an effective approach for solving the last-mile 

problem. However, few studies provide specific guidance for the optimal organization of PPPs. 

Here, a geographic information system(GIS)-based hybrid model was developed combining the 

widely used analytic hierarchy process (AHP) multi-criteria analysis method with the Huff model 

that predicts the number of visiting customers to determine the optimal facility for collaboration 

and service as a PPP. Using this model, a decision-maker can select the highest-ranking facility or 

use the fluctuation ranking graph to determine a priority list of candidate facilities according to the 

appropriate PPP service distance. Our findings suggest that the optimal candidate facility should 

be located near high population density areas, a dense road network, and few geographic barriers. 

The facility should have a high attractiveness value, long business hours, and convenient access to 

public transportation, cover a large, high-population area, and should be a retail chain store. Based 

on these findings, the AHP method can improve the accuracy of obtaining the facility attractiveness 

value using the Huff model. Facility attractiveness has a strong effect on the resulting number of 

customers in the case of acceptably long distances to residential buildings. 

Keywords: parcel-pickup point(PPP); Geographic Information System(GIS); Analytic Hierarchy 

Process(AHP); network Huff model; optimal location 

 

1. Introduction 

Last-mile delivery, which is the terminal delivery in the shipping of e-commerce, is the most 

costly, most contaminating, and least efficient component of the entire logistics process [1–6]. It is 

considered to be the most crucial and difficult-to-control phase in e-commerce because it requires the 

delivery of the right goods to the right place at the right time. Many e-commerce companies and 

express enterprises consider effective delivery systems to be essential competitive advantages [7,8] 

and have attempted to implement novel solutions to the aforementioned problems by tackling 

bottlenecks using approaches such as attended parcel-pickup points (PPPs) (i.e., neighbors’ homes, 

community guards, small shops), unattended PPPs (i.e., communal reception box) [9–12], and 

delivery drones [13], thus, providing the customers with a flexible, convenient, and comfortable way 

of receiving parcels. In this paper, we focus on the attended PPPs. 

PPPs are rapidly developing in China [14]. The most common one is the “Cainiao parcels 

logistics station” introduced by the e-commerce company giant Ali Baba. This approach allows 

customers to collect their packages from nearby shops. Ali Baba franchised the existing small shops 
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to add the parcel reception service instead of setting up a new service [12]. This original method of 

business collaboration can result in a mutually beneficial situation. For e-commerce companies such 

as Ali Baba, this delivery method can reduce the cost of setting up new facilities and quickly establish 

a distribution service coverage network. Facility owners can earn additional revenue from providing 

parcel reception services, and acquire more in-store traffic, thus, contributing to the shop’s profits. 

Customers can have parcels delivered to their preferred place and time through this new delivery 

model [15]. However, the PPP network also has some constraints. Some areas do not have physical 

shops, and some facility owners refuse to join the delivery network because storage space is limited 

and expensive. 

Despite the range and number of studies on PPPs, only a few provide accurate information for 

decision-makers on how to choose a location for PPP. Research studies on the organization of PPPs 

are quite scarce, and case studies are limited [16]. Researchers have focused their attention on the 

distribution characteristics of the PPP and their relationship with spatial and non-spatial factors. PPPs 

are more likely to be located in urban residential areas, and the PPP network is directly related to the 

population density, accessibility to residents, and the residents' preferences [16,17–20]. However, 

previous studies have not provided a feasible method for quantifying and combining these factors to 

analyze and identify the optimal location for PPP. With the rapid development of the e-commerce 

business, managers urgently need accurate and credible decision-making data to help them deploy 

PPPs. 

The present study seeks to quantify the aforementioned factors and find a suitable model to 

address the PPP deployment problem. In many research methods used for location selection, the 

geographic information system (GIS) is rapidly becoming a popular tool that plays a significant role 

in many applications for predicting and selecting a new site location in support of the extensive 

spatial queries [21]. One of the advantages of GIS is its data visualization capacity that can make 

complex data understandable and, thus, help decision-makers reach appropriate decisions [22,23]. 

Another advantage is its ability to cope with a considerable amount of quantitative data and connect 

the Geodata to relational databases between them. The Huff model is a gravity-based spatial 

interaction model that calculates the probabilities of the consumers' selection of a candidate facility 

to predict its sales potential [24,25]. This probability is directly proportional to the facility's 

attractiveness and inversely proportional to the distance between the customer’s residential building 

and the facility [26]. The network Huff model has been applied in the location analysis of a transport 

road network. However, a facility's attractiveness is inevitably affected by many factors. Multi-

criteria decision analysis (MCDA) is a method for assisting decision-makers in evaluating the 

alternatives according to different criteria [27]. The analytic hierarchy process (AHP) is an MCDA 

approach first developed by Saaty in the 1970s that is widely used to deal with this complex decision 

problem due to its excellent mathematical properties [28]. AHP uses a quantitative comparison 

method based on pairwise comparisons of criteria and alternatives. Therefore, GIS-based technology 

provides a possible approach for the decision-makers to collect, analyze, and visualize complicated 

geospatial information; the Huff model offers a method for combining the population, distance to the 

facility, and customer preference variables and the AHP method provides a solution for dealing with 

the complex selection criteria. 

Thus, the main aim of this study was to develop a hybrid GIS-based AHP and Huff model for 

identifying a suitable location for PPP in a typical residential area by (1) determining the factors 

affecting the residents’ selection of a PPP, (2) evaluating the relative importance of these factors using 

the AHP method, (3) calculating the attractiveness of the facilities, and (4) predicting the number of 

customers at the candidate facilities. 

2. Materials and Methods  

2.1. Study Area and Data 

China has the largest e-commerce market in the world, with over 40% of global e-commerce 

transactions originating from the country as of 2017 [29]. In this work, we chose Guangzhou as the 
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research city, because it has been ranked highest in parcel receipts in China for five consecutive years 

from 2014 to 2018 [30–34]. As shown in Figure 1, the study area is in the central area of the Shiweitang 

sub-district of Guangzhou. The Shiweitang sub-district, located in the southeast of Liwan district, has 

a population of 57,192 in 2010 and covers an area of 5.18 km2 [35], containing different kinds of 

residential buildings, including condominiums, apartments, and urban village houses. Since this area 

is filled with different types of residential buildings and has a high population density, this study 

aims to identify suitable facilities for the introduction of a PPP, as it appears to be significant and 

beneficial for the residents in the area. 

As illustrated in Figure 1, two railroads—Zhujiangqiao and Guangmao—divide the Shiweitang 

sub-district into three areas. The upper west area labeled (A) contains the GuangFo distribution 

center and the large Jiaokou long-distance bus terminal, and the lower east area (C) includes the 

largest tea-leaf wholesale trade market in southern China. The central area (B), which was chosen as 

the study area, contains the greatest number of residential housing buildings in the sub-district. 

Figure 2 shows the local environment of the study area. 

 

Figure 1. Study area; locations of environmental components and pre-existing and candidate PPP 

facilities. 
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Figure 2. Urban and environmental development components of the study area (Photos taken by the 

author in 2018). 

Table 1 shows the data used in this paper. Gaode Maps and Baidu Maps are the most commonly 

used electronic maps for daily navigation in China because they contain accurate and up-to-date 

information. We found that Gaode maps [36] had more detailed road data, including alleys, 

regarding one community in the study area. The building data included partial floor attribute data 

but lacked information on the building use. We identified residential buildings using Baidu Maps’ 

street view function and completed the floor data based on the data available on the website of the 

Lianjia real estate agency [37] and fieldwork. We classified residential buildings into three categories: 

condominiums, apartments, and urban village houses. Distinguishing building use in an urban 

village is difficult due to the lack of regulation for a large number of urban village residential 

buildings and their small footprint [38]. All of the buildings in the urban village area were considered 

to be residential buildings. We added one floor to the missing data of this type of housing because 

most urban village houses in the study area had one floor. A population census is conducted every 

10 years in China, and the latest census was carried out in 2010. 

Table 1. List of data used. 

Type Data Source Format Description 

Spatial 

Administrative 

boundary 

National Geomatics Center of 

China (2017) 
Vector (Polygon)  

Road 

Ministry of Land and Resources 

of the People's Republic of China 

(2015) 

Vector (Line) Updated by ArcMap 

software according 

to the Screenshot of 

Gaode  maps 

Georeferencing 

Bus-stop Vector (Point) 

Building Vector (Polygon) 
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Urban village area Vector (Polygon)  

Non-

spatial 
Population census 

National Bureau of Statistics of 

China in 2010 
  

2.2. Methodology 

Figure 3 shows the method used to conduct this research. It mainly consisted of four parts: (1) 

defining the blank service area and candidate facilities; (2) estimating the population of residential 

buildings; (3) calculating the attractiveness of different candidate facilities using AHP; and (4) 

estimating the number of customers of the potential facilities using the Huff model. 

 

Figure 3. Methodological framework. 

2.2.1. Defining Blank Service Areas and Candidate Facilities 

A 300 m service area for each pre-existing PPP was created based on the road network. We 

assumed that in the region outside the above area, termed the “blank service area,” there were no 

PPP services, and all residents in this area required PPP service. Customers were located in the 

residential buildings within the blank service area. These residential buildings were termed “in-

demand buildings.” As illustrated in Figure 4, the green area represented the service area of the four 

pre-existing PPPs. The yellow areas represented the central points of each residential building in the 

blank service area and were designated as demand points. 

According to our literature review, PPPs in France mainly depend on small local facilities, such 

as press kiosks, bars, florists, and tobacco shops [16]. In the UK, PPPs have been established in 

frequently visited public facilities in urban areas, such as post offices, petrol stations, and small shops 

[9]. In Guangzhou, the pre-existing PPP providers collaborate with retail shops (e.g., supermarkets, 

convenience stores) and service shops (e.g., car maintenance shops, real estate shops). Thus, in this 

study, we considered the following types of facilities as potential PPP facilities: supermarkets 

(including convenience stores), car maintenance shops, computer/phone repair shops, lottery shops, 

pharmacies, and real estate shops. Information on the location of these facilities in the blank service 
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area was collected via Baidu coordinate system [39]. On this website, the keywords for parcel pickup 

points were used as the search criteria; this immediately displayed all the relevant points, including 

information on latitude and longitude. Coordinate conversion is conducted before the points are 

added to ArcMap due to the BD-09 coordinate system used by Baidu maps. There are 35 facilities in 

the blank service area, of which three are located far from the location of the customers and, thus, are 

not considered. 

In the subsequent step, the AHP method was applied in a pair-comparison of all candidate 

facilities to calculate their respective attractiveness indices. A high number of candidate facilities 

leads to a high computational cost of pair-comparison. In this study, for the cases where a location 

had multiple facilities, we selected one representative facility as a candidate facility to reduce the total 

number of facilities. We divided the 32 facilities into 12 groups according to their distribution and 

mutual aggregation that is represented by purple ellipses in Figure 4. In each group, we only selected 

one facility, represented by a red triangle, as a candidate facility. If there was more than one facility 

in the group, we created a 300 m service area for each alternative using the ArcMap tool and, then, 

selected the facility with the largest population in the service area as the candidate facility. Ultimately, 

we selected 12 candidate facilities for analysis. 

 

Figure 4. Location of the 12 selected candidate facilities. 
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2.2.2. Estimating the Population of Residential Buildings 

Population data at the building level is necessary for microanalysis. However, the minimum 

statistical unit of the Chinese census demographics data is a sub-district. Because detailed population 

data are scarce, estimations of the population play a crucial role. 

Lwin and Murayama [40] proposed a method of obtaining an accurate building population for 

micro-spatial analysis using the buildings’ volume and census tract data of the area. 

The volumetric method is expressed mathematically as: 

��� = �
��

∑ ���
�
��� ���

� ������  

 

(1)

where BPi is the population in the building i, CP is the population of the census tract, BAi is the 

footprint area of building i, BFi is the number of floors of building i, i and k are summation indices, 

and n is the number of buildings that fall inside the CP polygon [40]. 

Figure 5 illustrates the estimated population in the study area obtained using the volumetric 

approach. The population of the buildings in the urban villages is small because these buildings are 

low-rise buildings and cover a small area. The high-population buildings are the high-rise 

condominiums or apartments with large footprints. 

 

Figure 5. Estimated population of the residential buildings. 



ISPRS Int. J. Geo-Inf. 2020, 9, 193 8 of 21 

 

2.2.3. Calculating the Attractiveness of Different Alternative Facilities Using AHP 

AHP is an efficient approach for MCDA applications [41], which combines qualitative and 

quantitative analysis with excellent reliability and an extensive range of applications [42]. We carried 

out the following steps of the AHP method: 

 Determining the criteria 

The selection of the criteria for the AHP method has been mainly based on the reviewed 

literature or expert recommendations [43,44]. However, this approach is not suitable for cases 

covered by only a few research studies. We attempted to carry out a survey of the residents in the 

research area to determine the factors influencing their judgment of the facility’s attractiveness. This 

method of determining the AHP’s criteria is one of the novel features of this work. 

The selection of sample buildings in the resident preferences survey was based on the proportion 

of the three different types of residential buildings. We also ensured that the sample sites were spread 

throughout the blank service area. Questionnaires were administered to 212 residents who 

responded to queries about their attributes (gender, age, family composition), their willingness to use 

the PPP, their psychological characteristics, an acceptable distance to the PPP, and the factors 

affecting the location selection. Most of the questions required the selection of only one answer out 

of multiple choices provided except for the factors affecting the location selection for which 

respondents were allowed to select as many factors as were applicable. 

Table 2 shows the results obtained for the factors affecting the attractiveness of the facility. It was 

found that 99% of the respondents would consider the operation hours of a facility, followed by the 

convenience and attributes of the PPP. Only 10% of the respondents considered the size of the staff. 

Thus, four critical factors determined the attractiveness of a facility: its operation hours, distance to 

bus stops, type of facility, and area. 

Table 2. Resident preferences survey: factors affecting the attractiveness of the facility. 

Factors Percentage 

Business hours 99% 

Distance to bus stops/subway station 85 % 

Facility type 76 % 

Facility area 49% 

Number of facility staff 10% 

The results for the acceptable distance to PPP indicated by the residents are shown in Table 3. 

Nearly half of the respondents could accept a distance range that was within 300 m, followed by 500 

m and 1000 m, while all residents were opposed to a range that was greater than 1000 m. In the next 

analysis step, we will use these distances to determine the optimal facilities. 

Table 3. Resident preferences survey: acceptable distance. 

Acceptable distance Percentage 

100 m 15% 

300 m 47% 

500 m 34% 

1000 m 4% 

>1000 m 0% 

 Building the AHP structure 

The general hierarchy structure of AHP consists of three fundamental levels. As illustrated in 

Figure 6, the overall objective of AHP in this study is to quantify the attractiveness of the 12 candidate 

facilities. The four decision criteria are determined by the questionnaire described in the preceding 

section and the alternatives are the 12 candidate facilities. The overall decision matrix is expressed 

as: 



ISPRS Int. J. Geo-Inf. 2020, 9, 193 9 of 21 

 

� = (���)��∗� (2)

where X denotes the overall attractiveness and ���  denotes the attractiveness of the facility i for 

criteria j. 

 

Figure 6. AHP structure. 

 Computing the matrix of criteria weights and alternative weights 

The AHP creates a pairwise comparison matrix to determine the weights of the criteria. The 

relative importance scale with a numerical scale between one to nine derived from the 

psychophysical law of Weber–Fechner is the most widely used AHP scale [45,46]. To determine the 

consistency of the judgments from each pairwise comparison, the consistency index (CI) of the matrix 

was calculated and compared with a random index (RI) to obtain the consistency ratio (CR) [41]. If 

the CR is less than 0.1, the judgments in the pairwise comparison matrix are considered to be 

consistent [47]. We administered an AHP questionnaire among the potential customer 

representatives to obtain these data. Ten representative households that frequently shopped online 

were selected from different residential building types to fill the questionnaire: four from the 

condominium, four from the apartment, and two from the urban village. After collecting the data, 

we checked the consistency ratio (CR) and analyzed the data using a free online tool named the AHP 

Online Calculator— Business Performance Management Singapore (BPMSG) [48]. Nine households' 

data with a CR value that was below 0.1 qualified and one household’s data with a CR value of 0.29 

was invalid. We then constructed the matrix w of the criteria and normalized the pairwise 

comparison data to obtain the weights using the online tool. 

In this paper, with 12 alternatives and four criteria, the residents had to complete 264 questions 

to generate the weights of the alternatives. A comparison of the quantity data is tedious and 

inefficient, particularly in the cases with a high number of criteria and alternatives. Some researchers 

attempted to reduce the complexity of the preference eliciting process (i.e., by employing incomplete 

pairwise comparisons and a sparse structure) [49,50]. In this study, since the values of the alternatives 

in the criteria were mainly quantitive data, we suggested a simple approach for obtaining the relative 

importance scale in terms of one to nine, instead of a pairwise-comparison using a questionnaire. The 

equations are described below. 

For example, the importance scale Bij was derived using the alternatives of Si and Sj, which are 

the matrix values in the interval [Max S, Min S]. If a larger value corresponds to better performance 

(such as size, business hour), and Si≥ Sj, Bij is calculated as: 

��� = 8 ×
�� − ��

Max S −  Min S
+ 1 (3)

If a smaller value corresponds to better performance (such as distance), and Si ≤ Sj, Bij is 

calculated as: 
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��� = 8 ×
�� − ��

Min S −  Max S
+ 1 (4)

The attractiveness of each candidate facility is computed using the criteria matrices w and the 

alternative matrix S obtained in the preceding step: 

V=S*w (5)

2.2.4. Estimating the Number of Customers of the Potential Facilities Using the Huff Model 

The Huff model assumes the flow between the facility and the demand to predict consumer 

spatial behavior. While in the previous study, the attractiveness was mainly based on the facility’s 

area, in this study, we imported the index of facility attractiveness calculated using the 

aforementioned steps. The probability (Pij) that a consumer living in i will select the facility j is 

calculated using the following formula: 

��� =
�ｊ/���

�

∑
�ｊ

���
�

�
ｎ＝�

 
(6)

where Pij is the possibility of a customer located in the building i selecting facility j, Aj is the 

attractiveness of facility j, Dij is the distance from i to j, λ is a parameter that considers the effect of 

distance on shopping, and n is the number of the facilities that can be accessed by the people living 

in building i. 

The parameter estimated for Tajima, for which λ equals 2, was considered to be the most typical 

value for the attractiveness parameter [51,52]. This empirical parameter was used for the analyses 

conducted in this study. 

The estimated number of consumers in the potential facility j is calculated using the following 

formula: 

Bj = ∑ ��� × ��
�
�＝�

 (7)

where Bj is the predicted number of residents visiting the facility j, Si is the total number of residents 

in the building i, and Pij is the probability that residents living in the building i will visit facility j. 

Here, we consider the in-demand Building 1 in Figure 7 as an example of the calculation in order 

to illustrate the method. Figure 7 shows the allocation of PPP within 300 m and the routes from 

Building 1 to facilities in the road network analysis using ArcMap. The distance in network analysis 

in (b) is the same as the data in (a). This verifies that the allocation function in ArcMap is consistent 

with the calculation of the road network distance. 
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(a) 

 
(b) 

Figure 7. An example used in the calculation. (a) Allocation of PPP within 300 m, and (b) road network 

route from Building 1 to PPP within 300 m. 

The estimated population of Building 1, the attractiveness of facilities J and H, and the distance 

between these facilities are used as input into the Huff model for verification. The predicted number 

of the residents living in Building 1 and visiting facilities J and H calculated using the Huff model 

formula is consistent with the data from the analysis results table produced using the network 

allocation function in ArcMap. In this study, we used this function after the Huff model to rapidly 

obtain accurate calculation results: 

��� =
0.082/295.35�

0.082
295.35� ∔

0.131
111.36�

        ��� =
0.131/111.36�

0.082
295.35� ∔

0.131
111.36�

 

�� = 885.23 ∗ ��� = 721.44     �� = 885.23 ∗ ��� = 163.85 

 

(8)

The result for the consumers predicted to use the facility depended on different acceptable 

distances. The ranking of the 12 candidate facilities changes according to the acceptable distance. A 

chart of the ranking fluctuation of each candidate facility with a distance ranging between 100 m and 

1000 m was used for the analysis of the optimal location. 

3. Results 

3.1. Criteria Weight and Facility Attractiveness 

Table 4 and Table 5 show the result for the weights of the type of facility and the four criteria 

from the AHP judgments survey in the study area. Among the four types of facilities, the residents 

favored retail chain stores as PPPs (0.55), followed by private retail stores (0.29) and chain service 

stores (0.1). The results reveal that residents consider chain stores to be more reliable than individual 

stores and retail stores more attractive than service stores. 

The results for the weight criteria reveal that the attractiveness of a facility to residents was 

influenced mainly by its opening hours (56.3%). Proximity to public transport (28%) also played a 
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significant role in attracting residents. The type of facility (11.2%) was not very important relative to 

other factors, whereas the area of the facility (4.5%) had the least impact on the attractiveness of the 

facility. 

Table 4. Weight of facility type. 

Ranking Type of facility Weight 

1 Chain retail 0.55 

2 Private retail 0.29 

3 Chain service 0.1 

4 Private service 0.06 

 

Table 5. Weight of criteria. 

Ranking Criteria Weight (Normalized) 

1 Business time 56.3% 

2 Distance to bus stops/stations 28% 

3 Facility type 11.2% 

4 Facility area 4.5% 

 

Table 6 and Figure 8 present the attractiveness value of 12 candidate facilities based on four 

criteria and their location in the study area. The most significant value of overall attractiveness was 

obtained for facility B (0.274), which is a retail chain store with the longest business hours and the 

shortest distance to the bus stop. This was followed by facility H (0.131) and facility I (0.096). The 

results show that the facility’s business hours play a leading role in affecting the overall attractiveness 

of the facility. The top three facilities in terms of attractiveness were the top three facilities in terms 

of business hours, whereas the least attractive facility ranked last in business hours. 

Table 6. The attractiveness of the alternatives. 

Criteria 
Business 

time 

Distance to bus 

stops/stations 

Facility 

area 

Facility 

type 

Overall 

attractiveness 

Weights 56.30% 28.00% 4.50% 11.20%  

Facility A 0.072 0.043 0.071 0.162 0.074 

Facility B 0.346 0.211 0.048 0.162 0.274 

Facility C 0.069 0.019 0.018 0.034 0.049 

Facility D 0.036 0.011 0.093 0.034 0.031 

Facility E 0.072 0.015 0.048 0.034 0.051 

Facility F 0.049 0.176 0.15 0.034 0.088 

Facility G 0.072 0.05 0.018 0.034 0.059 

Facility H 0.149 0.096 0.048 0.162 0.131 

Facility I 0.072 0.084 0.309 0.162 0.096 

Facility J 0.029 0.147 0.15 0.162 0.082 

Facility K 0.019 0.114 0.033 0.012 0.045 

Facility L 0.015 0.034 0.014 0.012 0.02 
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Figure 8. Attractiveness value of the facilities. 

3.2. Optimal Facilities Based on the Huff Model 

An index of facility attractiveness was estimated using the AHP method and incorporated into 

the Huff model. The service range and the predicted number of consumers for each candidate facility 

varied with the distance from the candidate facility to the residential building. Figure 9 illustrates the 

allocation of the in-demand buildings to the PPPs for distances of 300, 500, and 1000 m. Figure 10 

presents the ranking fluctuation of all candidate facilities in the distance range from 0 m to 1200 m, 

according to the results of the Huff model. 

Within the distance of 300 m, the high potential facilities were J, H, G, and D, which are located 

near the high-rise condominium area or densely built-up area of an urban village. Although the 

population of each building in an urban village is small, the large number of buildings means that 

the urban villages are densely populated. 

For the distances between 300 m and 500 m, the rankings of facilities A, D, I, and L change 

significantly: facilities A and I move from low to high ranking, while facilities D and L move from 



ISPRS Int. J. Geo-Inf. 2020, 9, 193 14 of 21 

 

high to low ranking. The ranking of facility A changed significantly because the high-rise 

condominium buildings in the vicinity of facility A were not within its 300 m service area. Facilities 

D, I, and L were located close to each other, and among these three facilities, facility I had the largest 

attractiveness value, whereas facility L had the lowest. As the service area was extended, some 

customers, who originally preferred facility D or L, chose facility I, due to its greatest attractiveness. 

Hence, the ranking fluctuation lines of facilities I, D, and L exhibited the opposite trend. 

 For the distances between 500 m and 1000 m, the high ranking facilities were facilities H, J, B, 

and A. In this interval, the most significant fluctuation in the ranking curve was facility B. It is 

observed that facility B is located on the left side of the main road and close to the station, and its 

surrounding residential buildings have low density and only four apartments. When the distance 

extends to 1000 m, the service area range of facility B can cover the in-demand buildings that 

previously preferred other facilities. The ranking of facility B moved to second place because it has 

the highest attractiveness index. 

For all of the distance ranges, the highest-ranked facility was almost always facility H, followed 

by facilities J and G. Facilities H and J are located in the middle of the area, surrounded by a large 

number of high-rise residential buildings or urban village buildings. Additionally, facility H has a 

higher attraction index than facility J, so that customers are more likely to choose facility H than they 

are to choose facility J. Facility G is located in the lower part of the study area in a large urban village 

with a high density of residential buildings. We found that the facility with the highest potential was 

usually located in the high-density area that was more residential, and had a relatively higher 

attraction index. Facilities C and L were the lowest-ranked. One side of these facilities was close to 

the low-rise urban village residential building group, while the other side was close to the river and 

the flower wholesale market. The two facilities had a low attractiveness index, particularly facility L, 

which was ranked last. Facility L is a private service facility, with short business hours and a long 

distance to the bus stop. This kind of facility should not be used as a PPP. 

 

Figure 9. Allocation of PPPs to the in-demand buildings for three distances (300 m, 500 m, and 1000 

m). 
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Figure 10. Ranking fluctuation of each candidate facility by different distances. 

4. Discussion 

4.1. Number of Potential Customers in the Facility’s Service Range is the Main Factor for the Optimal 

Facility 

According to the results, all of the suitable facilities were concentrated in the high population 

density area, such as facilities J and H near the high-rise condominium community, and facility G 

near the large urban village. In these areas, the volume of the residential buildings is high due to 

either a large footprint or a high number of the floors in the buildings. Hence, the estimated allocated 

population is high. The results indicate that the number of customers is the primary factor influencing 

the suitability of the location of PPP. This is consistent with the results obtained in previous studies 

[16,18]. 

However, this study is limited by the data on the population demanding PPP services. We 

assumed the estimated building population in the blank service area is equal to the number of 

customers demanding the services since it is difficult to acquire the actual data for the population 

demanding the PPP service. Thus, improving the accuracy of predicting the population demanding 

the service can improve the accuracy of the calculation results of the model. 

4.2. Effects of Acceptable Distance to the Facility Ranking 

In this study, the developed hybrid model used the estimated buildings' population, the 

attractiveness of PPPs, and the distance between residential buildings and PPPs to predict the 

number of consumers for each candidate facility. Furthermore, we compared the rankings of all of 

the candidate facilities at different acceptable distances. Based on the ranking curve fluctuations, we 

found that the acceptable range determined the range of the in-demand building that affected the 

facility rank. Thus, determining the distance range should be considered important. 

Residents may have different acceptable distances in different areas. In addition, the service 

range of PPPs may also vary between the different companies’ planning strategies. Thus, the planners 

should first determine a suitable PPP service distance based on the various relevant scenarios, and 

then identify the corresponding optimal facility from the ranking fluctuation chart in light of the 

required distance range. 

0

2

4

6

8

10

12

14

100 m 200 m 300 m 400 m 500 m 600 m 700 m 800 m 900 m 1000 m 1100m 1200m

R
a

n
k

 V
a

lu
e

Distance
A B C D E F G H I J K L



ISPRS Int. J. Geo-Inf. 2020, 9, 193 16 of 21 

 

4.3. Accuracy of the Geographical Barrier Constraint Affects the Accuracy of the Model Results 

The road network distance is more accurate and realistic compared to the Euclidean distance in 

the spatial analysis because it considers the geographical barrier constraints, such as rivers and the 

main road obstacles. In this study, the Euclidean distance between the candidate facility E and the 

opposite residential building group was less than 300 m. However, they were separated by a river, 

and no bridge connected them directly. Consequently, in reality, the service area of candidate facility 

E cannot cover these residential buildings. 

The road feature is an essential factor in network analysis. The use of detailed and updated road 

data improves the accuracy of the results. The classification of city roads in China usually includes 

four levels: expressway, main road, secondary road, and a branch road. In this research area, the road 

data consisted of the latter three. Considering that the resident’s primary means of travel to pick up 

the parcel was walking, distinguishing the direction of the road was not necessary. Thus, we need to 

focus on the barrier on the residents’ route in the road data. In the study area, only the main street 

had a road obstacle in the middle to divide it into two different directions. Using double lines to 

outline the main road and connecting these lines at zebra crossings and crossing bridges using ArcGIS 

software produces a result closer to reality. However, because secondary roads and branch roads 

have no geographical barriers, pedestrians can cross at any point. Using single lines to represent these 

roads is consistent with the fact that in China, convenience is associated with less walking. In the 

microscale case, the in-demand points are the location of the residential buildings. The streets 

connecting structures in the community areas also play a crucial role in the road network analysis. 

Consequently, the analysis results will be more realistic when more detailed and accurate road data 

are used in the study. 

4.4. Introduction of the AHP Method to Improve the Accuracy of Facility Attractiveness Value in the Huff 

Model 

The Huff model consists of three critical components: the in-demand location's population, 

facility attractiveness, and distance from an in-demand point to the facility. However, even the mere 

determination of the facility's attractiveness is difficult and ill-defined. The Huff model is widely used 

in business analysis [24], particularly in the retail industry. In the previous studies, the size of the 

facility was frequently used to calculate the attractiveness value. However, the size of the facility is 

an inaccurate determinant of facility attractiveness in the case of PPP because many other factors 

affect attractiveness. Moreover, the size of a facility is not one of the major influencing factors 

according to the results of the survey performed in the present study. 

The AHP method is one of the best known and most widely used techniques in multi-factor 

decision-making approaches. In the AHP method, the affecting factors are determined first, and then 

the weight of the elements is calculated based on the results of the questionnaire for the pairwise 

comparison between the factors. Finally, the factors are quantified and combined with their 

respective weights to calculate the overall attractiveness of each candidate facility. The use of all of 

these rigorous steps yields an estimated attractiveness value of the facility that is close to reality. 

The criteria of AHP are mostly determined through a survey of the literature. However, only a 

few studies have been performed for the factors affecting the attractiveness of PPPs. In this work, we 

attempt to survey PPP customers to determine the factors, so that we can directly collect the customer 

preferences from the actual users of PPP; this is a more accurate and realistic approach than the 

methods used in previous studies. 

4.5. The Facility’s Attractiveness is More Sensitive to the Result of the Number of Customers in Case of a 

Long Acceptable Distance 

To understand the sensitivity of the facility’s attractiveness to the number of customers, we 

compared all of the values obtained for the facilities under two kinds of facility attractiveness with 

varied distance range: an equal weight of 0.083 (the solid line) and the weight using AHP method 

(the dotted line) [53]. An examination of Figure 11 shows that the two lines representing most 
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facilities coincide within 200 m. As the distance increases, the difference between the two lines 

increases. 

The Huff model analyzes the probability of customer selection of each facility in the contention 

area by considering the competition among all of the candidate facilities. Initially, there are nearly no 

overlapping contention areas between the facilities within a short distance so that the Huff model 

cannot affect the results. In this case, the number of customers depends only on the number of 

inhabitants in the service area of each facility. As the acceptable distance increases, the overlapping 

contention area of the service areas between the candidate facilities grows. In Figure 11, the results 

of the 12 facilities are displayed in the order of the value of attractiveness, and the difference between 

the two lines was found to have no apparent relationship with the magnitude of attractiveness. 

Therefore, the Huff model has no effect on the results until the overlapping contention areas 

appear. The influence of the Huff model on the results, and the sensitivity of the results to the 

attractiveness value of the facility both increase with increasing contention service area. For a 

considerable service distance, the decision-maker should invest more effort in improving the 

accuracy of the estimate of the facility attractiveness because the error in this estimate may affect the 

accuracy of the final results, and consequently, result in the wrong location being selected. 

 

Figure 11. Sensitivity of consumer numbers by two types of facility attractiveness with a varied range. 

5. Conclusions 

With the fast-paced development of e-commerce in China, the problem of the last mile in 

logistics (low efficiency and high cost) is getting worse and becoming a bottleneck for e-commerce 

development. The logistics of express delivery companies are not sufficient enough to meet the 

business volume and the demands of consumers. To settle this problem, China's largest internet e-

commerce company, Ali Baba, introduced parcel pick-up stations in local facilities with cooperation. 

However, research on how this system was planned is scarce. 
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This paper proposed a combination of the Huff model and the AHP method in the GIS software 

environment to analyze the optimal location of PPP. In the three critical components of the Huff 

model, facility attractiveness is vaguely defined and difficult to quantify. We introduced the AHP 

method to improve the accuracy of yielded facility attractiveness values. Instead of determining 

attractiveness factors by summarizing the scarce literature on PPPs or depending on expert opinion, 

we administered a survey to establish the four criteria of PPP attractiveness: facility’s business 

opening hours, convenience to public transportation, facility type, and facility area. The dominant 

factor affecting facility attractiveness is the operation time (56.3%), followed by the convenience of 

public transportation (28%). Facility attractiveness was estimated using the AHP method and 

incorporated into the Huff model. The Huff model considers the competition between the facility's 

appeal and the distance from the facility to residential buildings, extrapolating the number of 

theoretical customers in each candidate facilities. Finally, we generated the ranking fluctuations 

diagram of all the candidate facilities at various ranges that the decision-makers can find optimal 

facilities by the PPP service distance they need. 

This planning procedure is feasible and more realistic for planners. It can be applied in the 

different study areas and cases to select the optimal location from various options or identify a 

priority list of candidate facilities from the fluctuation ranking graph. The study revealed the 

significance of certain factors in influencing the attractiveness of the PPP; the number of customers 

in the service area of a facility was the main factor influencing the suitability of a facility as a PPP. 

The optimal facility should have high attractiveness with long business hours, a large area, be 

convenient in terms of access to public transportation, and be a chain retail store. The study finally 

shows that the service area analyzed by the road network distance is closer to reality than the 

Euclidean distance. The accuracy of the geographical barrier constraint affects the accuracy of the 

results, and the attractiveness of the facility has a strong effect on the number of customers in the case 

of a long acceptable distance. This study provided a way of helping the decision-maker settle the 

complicated PPP selection problem from the visualization of the ranking of candidates in different 

distance conditions. 

Compared to the previous approaches towards finding the optimal location using discrete siting 

or maximum coverage, this study provides another perspective of considering the contention of the 

candidate facilities and the various service distances to determine the importance ranking list of 

candidates. A decision-maker can select the highest-ranking facility based on the service distance 

they need or on the overall ranking of all service distance to the optimal facility for PPP. It may be 

helpful for decision-makers to occupy the best resources in the fastest time. Although this approach 

has not pointed out the number of optimization settings, it can help decision-makers create a priority 

list of candidate facilities based on rankings. In the highly competitive terminal market, occupying 

the most crucial candidate facility can give companies a competitive advantage in terms of time 

capital. 
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