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Abstract: Walking is one of the most commonly promoted traveling methods and is garnering 

increasing attention. Many indices/scores have been developed by scholars to measure the 

walkability in a local community. However, most existing walking indices/scores involve urban 

planning-oriented, local service-oriented, regional accessibility-oriented, and physical activity-

oriented walkability assessments. Since shopping and dining are two major leisure activities in our 

daily lives, more attention should be given to the shopping or dining-oriented walking 

environment. Therefore, we developed two additional walking indices that focus on shopping or 

dining. The point of interest (POI), vegetation coverage, water coverage, distance to bus/subway 

station, and land surface temperature were employed to construct walking indices based on 50-

meter street segments. Then, walking index values were categorized into seven recommendation 

levels. The field verification illustrates that the proposed walking indices can accurately represent 

the walking environment for shopping and dining. The results in this study could provide 

references for citizens seeking to engage in activities of shopping and dining with a good walking 

environment. 

Keywords: walkability; shopping walking index (SWI); dining walking index (DWI); remote 

sensing; point of interest 

 

1. Introduction 

Walking, as a mode of transport, is commonly used for short trips in people’s daily lives [1]. 

Studies have proven that walking is not only environmentally friendly but also good for residents’ 

physical and mental health [2]. Many scholars have explored the relationships between a friendly 

walking environment and public health issues, such as type II diabetes and obesity [3,4]. Increasing 

the lengths of walking sections is an important way to reduce the utilization of fossil fuel vehicles, 

and can dramatically cut carbon emissions and improve air quality on a local scale [1,5]. Urban 

transport activities are responsible for about 40% of the total transport energy consumption, thus 

contributing to a large amount of carbon emissions at local and global scales [6,7]. Further, some 

studies indicated that a walking environment could improve the social and economic prosperity of a 
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neighborhood [8,9]. Since people can benefit significantly from a good walking environment, many 

countries have launched walking promotion projects, such as the Campaign to Make America 

Walkable, in 1998 [10], China’s 15-minute Walkable Neighborhoods [10], and other similar projects 

in the United Kingdom, Canada, and Australia [11–13]. In response, many scholars have employed 

various ways to evaluate the walkability in an urban region. In general, these types can be categorized 

as urban planning-oriented, local service-oriented, regional accessibility-oriented, and physical 

activity-oriented walkability. 

Many urban planning-oriented walkability evaluation methods have been developed by 

administrative departments. These methods aim to examine the walking environment in a 

community and involve a large number of questionnaires, surveys, and expert knowledge [14,15]. 

These methods provide detailed information about street design, transit stops, sidewalk qualities, 

street crossing amenities, and features impacting aesthetics. They are useful tools to help planners 

identify deficiencies and improve walkable communities [16,17]. The Transport Research Laboratory 

(TRL) cooperated with Transport for London (TFL) to develop a walking audit tool called the 

Pedestrian Environment Review System (PERS). This tool contains two main parts, the checksheet(s) 

and software, and is primarily used to assess the level and quality of service provided to pedestrians 

across a range of pedestrian environments [18]. 

Local service-oriented walkability can be evaluated using many types of walking scores and 

walking indices. The most popular evaluation is the walking score developed by the Walk Score 

company, which assesses local walkability by analyzing the walking routes to reach nearby facilities 

[19]. Scores are evaluated based on the distance to amenities, population density, intersection density, 

and block length [19]. Many studies have been conducted based on walking scores, such as the 

walking score accuracy assessment [20], the walkability measurement between different income level 

blocks [21], and the correlation between the walking score and community sustainability [22]. Some 

scholars have focused on simplifying and localizing walking score calculations [23,24]. Other related 

studies include those on health and walkability [25], walking score and social capital measurement 

[26], walking score and the willingness to engage in a real estate transaction [9], and the city walking 

friendliness ranking [27]. Singleton et al. (2014) [28] introduced a pedestrian index of the environment 

by applying weights to eight built environmental measures: comfort, facilities, block size, access to 

parks, population density, sidewalk density, transit access, and pedestrian-friendly businesses. This 

index improves upon existing pedestrian environmental measures as it provides an area-based 

measure that can better assess walkability by measuring it at a small scale. 

Regional accessibility-oriented walkability is another field in walkability assessment. Knapskog 

et al. (2019) [29] developed a new way to measure walkability by evaluating the infrastructure and 

traffic, the surroundings and activities, and urbanity. This walkability index is easy to use by planners 

and in planning practice. Kuzmyak et al. (2006) [30] constructed a walking opportunity index to 

quantify local accessibility. This index integrates measures of entropy, regional accessibility, and 

socioeconomic characteristics, and has important statistical value in regression models for household 

vehicle ownership and number of vehicle miles traveled. Freeman et al. (2013) [31] developed a 

neighborhood walkability scale using community boundary, subway stop density, land use mix, 

number of street intersections, and the ratio of the retail building floor area to retail land area. The 

walkability scale is calculated based on each zip code. The results demonstrated that neighborhood 

walkability is relevant to higher engagement in active travel. Frackelton et al. (2013) [32] also proposed 

a low-cost system to automatically evaluate sidewalk quality with survey data and volunteer data. 

Saelens et al. (2003) [33] proposed a neighborhood environment walkability scale (NEWS) to assess 

walkability and its influencing factors through neighborhood-level surveys.  

Physical activity-oriented walkability evaluations have also attracted scholars’ attention. Buck 

et al. (2015) [34] created a movability index by analyzing the effect of the built environment and 

recreational facilities for pre-school and primary school children. Witten et al. (2011) [35] developed 

a GIS tool called the neighborhood destination accessibility index to measure the infrastructure 

support for neighborhood physical activities. This index was constructed using education, transport, 

recreation, and various retail types (social, cultural, food, financial, health, and other) to evaluate the 
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assessment of pedestrians travelling to neighborhood destinations. A pedestrian audit tool called the 

microscale audit of pedestrian streetscapes (MAPS) was also constructed using the overall route, 

street segments (defined as the area between crossings), crossings, and cul-de-sacs [36]. This method 

is used to assess the details of streetscapes considered relevant for physical activity by collecting field 

surveys [36,37]. 

The abovementioned methods proposed different walking indices to assess the walking 

environment with specific purposes, such as urban planning for the government, local services, 

regional accessibility, and physical activities. However, walking indices for shopping and dining 

have not yet been discussed [38]. Shopping and dining are two major leisure types for citizens [39] 

and are also important activities that influence the growth of the economic and living standards of 

citizens. It is inevitable for consumers to walk while searching for their destinations on a street. 

However, few studies have focused on shopping, dining, and the walking environment together.  

Therefore, the objective of this study was to construct shopping/dining-oriented walking indices 

(the shopping walking index (SWI) and the dining walking index (DWI)) based on both the purpose 

of the pedestrian (shopping and dining) and the physical environment (greenery, water, and 

temperature). This study evaluates the shopping and dining-oriented walking environment to 

provide a convenient way for consumers to quickly find their shopping and dining destinations. The 

major contributions of this study are 1) its focus on shopping and dining-oriented factors instead of 

the general walking environment, 2) its construction of walking indices using smaller street segments 

to provide a more precise evaluation of a street, and 3) its inclusion of water area and temperature as 

factors for construction of the indices.  

This article is organized as follows. Section 2 provides the method description, containing the 

data processing and walking index construction; Section 3 details the results of the walking index 

construction and field validation; Section 4 discusses the construction of the shopping and dining 

walking indices, and Section 5 summarizes the process of walking index construction and the 

contributions of the indices. 

2. Materials and Methods  

2.1. Study Area and Data Sources 

Guangzhou city is the economic and cultural capital of Guangdong province located in southern 

China. It is the core city of the Guangdong–Hong Kong–Macao Greater Bay Area (GBA). The 

population in Guangzhou is close to 15 million, with a Gross Domestic Product (GDP) of 2.28 trillion 

Yuan in 2018. The study area is located in the center of Guangzhou, an area that contains Tianhe and 

Yuexiu districts, and several business districts, such as Sanyuanli Business District (SYL), Shaheding 

Business District (SHD), Xiaobei Business District (XB), Beijing Road Business District (BJR), Hero 

Plaza Business District (HP), Sport Center Business District (SC), and Gangding Business District 

(GD) (Figure 1). This area is the most prosperous region in Guangzhou, with the most retail stores, 

shopping malls, and restaurants. It is thus meaningful to examine the differences between shopping 

and dining street environments in this area. 
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Figure 1. Study area of Guangzhou. SYL: Sanyuanli Business District; SHD: Shaheding Business 

District; XB: Xiaobei Business District; BJR: Beijing Road Business District; HP: Hero Plaza Business 

District; SC: Sport Center Business District; GD: Gangding Business District. 

POI data and remotely sensed data were employed to construct the shopping and dining 

oriented street indices. The POI data, which include the shopping malls, retail stores, and all types of 

restaurants, were collected from Gaode map [40] in 2016. Gaode map, similar to Google maps, is a 

Chinese digital map, navigation, and location services provider. It provides an application 

programming interface (API) for developers to download the POI data. We developed a Python tool 

to download the POI data and converted them to georeferenced vector data using coordinate 

information. A scene from a GaoFen-2 multispectral image (4-meter spatial resolution) acquired on 4 

November, 2016, was used to calculate the normalized difference vegetation index (NDVI) and 

normalized difference water index (NDWI). A scene from the Landsat 8 Thermal Infrared Sensor 

(TIRS, 30-meter spatial resolution; cloud cover percentage: 0) acquired on 5 November, 2016, was 

employed to retrieve the land surface temperature. The GaoFen-2 and Landsat 8 images were selected 

in the month of November for two reasons: (1) Close image acquisition date. There is only a one-day 

gap between GaoFen-2 and Landsat 8. (2) Image quality. There are few high-quality Landsat 8 and 
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GaoFen-2 images during the spring and summer seasons, which are humid with frequent cloudy 

days. Street vector data and bus/subway station data were downloaded from Open Street Map (OSM) 

[41]. Street view images downloaded from Tencent map [42] was used to evaluate the walking 

environment of each street segment. All data were re-projected to the Universal Transverse Mercator 

Projection (UTM) in the zone 49N. 

2.2. Index Construction  

In this study, we employed six steps to construct a shopping walking index (SWI) and a dining 

walking index (DWI) with remote sensing data and POI data: (1) Street data processing (Section 2.2.1). 

The streets were split into 50-m-long segments and used for nearest feature selection and index 

construction. Street data were the basic data used for index construction. (2) POI data processing 

(Section 2.2.2). POI data were attached to the closest street segment, then POI density (restaurant 

density: POIR; shopping store POI density: POIS) of each street segment was calculated. (3) NDVI and 

NDWI processing (Section 2.2.3). NDVI and NDWI were calculated using GaoFen-2 imagery. 

Thresholds of NDVI and NDWI were set to distinguish vegetation and water, respectively. 

Vegetation and water points within a specified range were attached to the closest street segment. 

Vegetation density (Vd) and water density (Wd) were calculated for each street segment. (4) Land 

surface temperature processing (Section 2.2.4). Land surface temperature was inverted using Landsat 

8 Thermal Infrared Sensor (TIRS). Then, the average land surface temperature of a street segment was 

calculated using image cells within a specified range. Finally, a categorized scheme was applied to 

calculate the temperature score (TS). (5) Bus/subway station distance processing (Section 2.2.5). A 

bus/subway station within 1500 m of a street segment was selected. Then, a transport score (TrS) was 

calculated using the linear distance function. (6) SWI and RWI calculation (Section 2.2.6). SWI and 

RWI of each street segment were calculated using POIR, POIS, Vd, Wd, TS, and TrS with the expert 

scoring method (see Figure 2).  



ISPRS Int. J. Geo-Inf. 2020, 9, 366 6 of 22 

 

POI GaoFen-2OSM

Restaurant 
POI

Shopping 
POI

NDVI NDWIStreets

Street 
segments

Threshold+
Filter

Street 
filtration+

segmentation

Vegetation Water

Geo-
referenced 
Conversion

Find the closest street 
segment

Restaurant 
Points

Shopping 
Points

POIR POIS Vd Wd

Expert scoring method

DWISWI

Street data 
processing

POI data processing NDVI and NDWI processing

SWI and DWI calculation

SWI and RWI 
calculation

Density calculation

Find the closest street 
segment

Density calculation

Landsat 8

Land surface 
temperature 

Band 11

TS

Temperature 
retrieval+

Downscale

 Land surface
 temperature
 processing

TS 
calculation

Find the 
closest street 

segment

Bus/subway 
station

OSM

TrS

Bus/subway 
station

Filter

 Bus/subway 
station distance

 processing

TrS 
calculation

Find the 
closest street 

segment

 

Figure 2. Flow chart of walking index construction. 

2.2.1. Street Data Processing 

Street vector data were filtered in this study before index construction. Highways, freeways, 

expressways, tunnels, bridges, and trunk roads that pedestrians cannot access were deleted. 

Footways, residential roads, secondary roads, service roads, and other roads that people can walk on 

were kept for evaluation. For streets longer than 1 km, this evaluation could only provide general 

information. For example, consider a street segment that is 300 meters long: one-half of the street is 

covered by vegetation and provides access to POIs, while the other half is not suitable for pedestrians. 

Walking indices derived in previous research could only provide one value (likely the average of the 

whole environment) to evaluate this long street, and could thus not accurately reflect the conducive 

environment of the first half of the street (high concentration of vegetation and POIs) and the 

unsuitable environment of the other half (few vegetation or POIs). Therefore, each street is split into 

50 m segments to present detailed street information. 
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2.2.2. POI Data Processing  

Two types of POI data, restaurant and shopping POIs, were used in this study. Each type of POI 

also contains several sub-classes. Detailed subclass information is shown in Table 1. The collected 

POI data, which were stored in a text file, were geocoded using their X and Y coordinate information. 

Finally, these data were exported as a point shapefile with UTM projection information. 

Table 1. Point of interest (POI) types and subclasses. 

Types Subclasses 

Restaurants Bars, tea houses, cafés, all kinds of restaurants, dessert shops, cake shops.  

Shopping 
Shopping malls, clothing related stores, electronic shopping malls, retail stores, 

wholesale markets. 

The Near function in ArcMap (ArcGIS) software (Environmental Systems Research Institute, 

ESRI) was used to determine the closest street for each POI point. Then, we summarized the 

frequency of POIs in each street segment. Lastly, the restaurant and shopping store POI density (POIR 

and POIS) were calculated using Equations (1) and (2), respectively: 

POIR=(Number of Restaurant POI)/(Street Segment Length)  (1) 

POIS=(Number of Shopping store POI)/(Street  Segment Length)  (2) 

2.2.3. NDVI and NDWI Processing 

The NDVI and NDWI were calculated from a GaoFen-2 multispectral image. The NDVI was 

computed using the near infrared band (NIR) and the red band (RED) [43], while the NDWI was 

calculated using the NIR and green band (GREEN) [44]. Derivation is shown in Equations (3) and (4): 

NDVI=(NIR-RED)/(NIR+RED)  (3) 

NDWI=(GREEN-NIR)/(GREEN+NIR)  (4) 

where NDVI and NDWI are the normalized difference vegetation index and normalized difference 

water index, respectively. NIR, RED, and GREEN are the near infrared band, red band, and green band 

in the GaoFen-2 multispectral image.  

The thresholds of NDVI and NDWI were set to extract the vegetation and water information. In 

total, 4652 samples of vegetation (V) and 3923 samples of non-vegetation (NV) were collected using 

the Worldview 2 image (with a spatial resolution of 0.5 m) to construct an NDVI frequency histogram 

(Figure 3). Higher NDVI value indicates more density of the vegetation. Thus, an NDVI value close 

to 1 implies high density vegetation while an NDVI value close to 0.1 indicates sparse vegetation. 

After careful examination, 0.1 was set as the threshold to distinguish V from NV. The overall accuracy 

of this threshold was 99%, meaning that only 27 of 8573 samples were misclassified. Thus, NDVI 

values larger than or equal to 0.1 were set as vegetation, while NDVI values less than 0.1 were set as 

non-vegetation and were deleted. For the water and non-water areas, we found that the major barrier 

to extracting water information was the confusion between water (W) and building shadows (S) 

(Figure 4). Similar to the method used to distinguish between vegetation and non-vegetation, 4011 

samples of water and 4320 samples of shadows were collected from the NDWI results. A threshold 

of 0.199 was set for NDWI to distinguish between water and shadows. The overall accuracy of this 

threshold was 96%, meaning that 8014 of 8331 samples were classified correctly. Thus, the NDWI 

values larger than or equal to 0.199 were set as water. The NDWI values less than 0.199 were set as 

shadows and removed. The remaining vegetation and water cells (pixels) were converted into vector 

points using the center point of each cell with the ArcMap software. Since only some streets have 

center lines, and these streets are commonly more than 30 meters wide, we set a buffer zone of 15 

meters (30/2 meters) from the street’s center line for vegetation. Vegetation cover that is outside of 

the 15-meter buffer zone was not taken into consideration. The water areas are slightly further away 

from the street than the vegetation. Thus, a 20-meter buffer zone was set for the water area. Finally, 
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the NDVI points completely within 15 meters of a street and the NDWI points completely within 20 

meters of a street were retained, while the other NDWI and NDVI points were deleted. 
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Figure 3. Frequency histogram of vegetation (V) and non-vegetation (NV) in the normalized difference 

vegetation index (NDVI). 
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Figure 4. Frequency histogram of water (W) and shadow (S) in the normalized difference water index 

(NDWI). 

The remaining vegetation and water points were assigned to the closest street segment using the 

ArcMap Near model. As a result, each vegetation and water point included the closest street 

segment’s FID (Feature identification). Then, we summarized each street segment’s FID in the 

vegetation and water point results to acquire the amount of vegetation and water in each street 

segment. Finally, the number of vegetation points, the number of water points, and the lengths of the 
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corresponding street segments were employed to calculate the vegetation density (Vd) and water 

density (Wd). The vegetation and water density are viewed as vegetation cover and water cover. The 

detailed calculations are expressed in Equations (5) and (6): 

Vd=(Number of vegetation point)/(Street Segment Length)　  (5) 

Wd=(Number of water point)/(Street Segment Length)  (6) 

where Vd is the vegetation density and Wd is the water density.  

2.2.4. Land Surface Temperature Processing 

The original land surface temperature was inverted using the atmospheric correction method 

radiative transfer equation in the single channel algorithm with Band 11 in the Landsat 8 Thermal 

Infrared Sensor (TIRS) (for more details see [45–47]). Then, the land surface temperature was 

downscaled to a 10-m spatial resolution using a geostatistical method, the kriging model, and the 

impervious surface fraction, vegetation fraction, soil fraction, NDVI, normalized difference building 

index (NDBI) [48], NDWI, digital elevation model (DEM) [49], and building density. The impervious 

surface fraction can be calculated using the spectral mixture model for the Landsat 8 Operational 

Land Imager (OLI, 30-m spatial resolution) multispectral images. The detailed land surface 

temperature retrieval processing method is provided in Xu et al. (2020) [50]. Similar to the vegetation 

preprocessing method, the temperature cells beyond a 15-m range of the closest streets were deleted. 

The remaining temperature cells were converted into vector points with their corresponding values. 

The average temperature values of the remaining points were viewed as the land surface temperature 

of the relevant street segments.  

The setting of the temperature score was based on the temperature range [51–53]. In this study, 

a temperature decay function was employed to separate the temperature range. We set the 

temperature score as 0 in a range between 18 and 23 °C, which is a suitable temperature range for 

walking. When the temperature is higher than 23 °C or less than 18 °C, the temperature score is set 

as (temperature−23) × 0.1 or (18–temperature) × 0.1, respectively, because we aimed to present the 

detailed difference of higher or lower temperatures outside the range of 18 to 23 ℃. The detailed 

temperature score was calculated using Equation (7): 

(tem- 23)  0.1,  tem 23

TS 0,  18 tem 23

(18 - tem)  0.1,  tem 18

  


  
  

 (7) 

where TS is the temperature score and tem indicates the retrieved temperature in degrees Celsius. tem 

means land surface temperature.  

2.2.5. Bus/Subway Station Distance Processing 

The distance of bus/subway stations to each street segment is another element for consideration 

because the streets were split into 50-m segments, and some non-walking segments were deleted. 

The continuity of the street was broken, making it impossible to calculate the network distance. 

Therefore, we used the linear line distance to approximately estimate the distance between the 

bus/subway station and the street segment. Since the average speed of walking is 120 meters/minute 

[54], it would take about 12.5 minutes to walk 1500 m, which is unacceptable when looking for a 

shopping store or restaurant after getting off a bus or a subway. Thus, the street segments within a 

1500 m buffer of a bus/subway station were assigned a positive score, while street segments outside 

the buffer (>1500 meters) were assigned zero as their transport score.  

In this study, we assumed that a linear function can represent a change of distance with more 

detail. Thus, we used a linear function to represent the change of distance instead of the distance 

decay function that has previously been employed in the walking score [19,23,25,55]. The transport 

score (TrS) was calculated using the linear distance function shown in Equation (8): 
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=(1500-dis)TrS /1500  (8) 

where TrS is the transport score, and dis is the distance between a street segment and its closest 

bus/subway station. If a shopping store or restaurant is located close to a bus/subway station, that POI 

will have a transportation score closer to 1. On the other hand, if a segment is 1500 meters away from a 

bus/subway station, the transportation score will be zero. 

2.2.6. SWI and DWI Calculation  

After calculating the POI density, vegetation coverage, water coverage, subway/bus station 

distance (transport score), and temperature, we constructed the shopping and dining walking 

indices. The walking index was constructed using five variables, namely, the street segment-based 

POI density (restaurant density or shopping point density), vegetation density, water density, 

transport score (distance to bus/subway station), and average temperature (Figure 4). Expert scoring 

methods were employed to assign weighting scores to different variables. The detailed weighting 

scores are shown in Table 2.  

Table 2. Weighting scores of all variables. 

Variables POI Vegetation Water Distance Temperature 

Scores 0.6 0.3 0.1 0.1 -0.1 

Since we aimed to emphasize the purpose of walking, the POI density variable was assigned the 

highest weighting score of 0.6. Tree shadows can provide a cooling effect for pedestrians in the 

summer [56]. Other vegetation types can also beautify the landscape in urban areas. Thus, we set the 

second highest weighting score of 0.3 to vegetation density. Water density also has a cooling function 

and ornamental value, as pedestrians feel comfortable when they walk around a water area. Hence, 

we set 0.1 as the weighting score for water. The weighting value for bus/subway station distance was 

set to 0.1 because we assumed that the influence of walking distance was smaller than the impact of 

the walking environment (vegetation density) and walking purpose (POI density). Extremely hot and 

cold temperatures make pedestrians feel uncomfortable. Therefore, the weighting score for 

temperature was negative (−0.1) in this study. The resulting shopping walking index (SWI) and 

dining walking index (DWI) are expressed in Equation 9 and Equation 10, respectively: 

SWI POIs 0.6 Vd 0.3 Wd 0.1 TrS 0.1- TS 0.1          (9) 

DWI POIr 0.6 Vd 0.3 Wd 0.1 TrS 0.1- TS 0.1          (10) 

2.3. Walking Index Category Definition 

The different walking index categories were defined based on degrees of recommendation. 

When the walking index is less than or equal to zero, the relevant POI type does not exist (no 

shopping store or restaurant). In this case, we defined this category as Not available. The second 

category was set as Deprecated, with an index range between 0 and 0.2. In this category, the density 

of the POIs is very low, and the walking environment is very poor (no vegetation or water area, long 

distance to bus/subway station, and high temperature). Thus, this street segment is not recommended 

for shopping or dining. The walking index values in the third category were set between 0.2 and 0.4 

for the recommendation level of Acceptable. In this category, there are few POIs, and the vegetation 

and water cover is low. The fourth category is Recommended, with a walking index ranging from 0.4 

to 0.6. Here, there are some POIs with a medium density of vegetation or water cover. A bus/subway 

station is not very far but also not close. The temperature is suitable. The remaining three categories 

are very suitable for shopping or dining. They have a high density of POIs and a good walking 

environment, such as a high density of vegetation and water cover, a short distance to a bus/subway 

station, and suitable temperature. A higher category indicates a better shopping and dining 

environment. Detailed information about all of the categories is shown in Table 3. 
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Table 3. Walking index ranges and levels of recommendation. 

Walking 

Index  
Recommendation Description 

<0 Not available No shopping store or restaurant  

0–0.2 Deprecated 
Low POI density or no vegetation and water area, long 

distance to bus/subway station, and high temperature 

0.2–0.4 Acceptable Not many POIs, vegetation and water cover is low. 

0.4–0.6 Recommended 

Some POIs, medium density of vegetation or water cover, 

medium distance to bus/subway station, suitable 

temperature 

0.6–0.8 Very Recommended 

Many POIs and good walking environment. High density of 

vegetation or water cover, short distance to bus/subway 

station, suitable temperature 

0.8–1 
Highly 

Recommended 

Many POIs and very good walking environment. High 

density of vegetation and water cover, short distance to 

bus/subway station, suitable temperature 

>1 
Extremely 

Recommended 

Paradise for shopping or dining and very good walking 

environment. 

2.4. Field Validation 

We randomly selected 12 sites to verify the accuracy of the two walking indices. A qualitative 

analysis and visual examination using street view images of Tencent map [42]was performed to 

evaluate the walking environment of each street segment. Street view images and field trip 

investigations were mainly used to assess the densities of the POIs, the vegetation cover, and the 

water area, and to analyze whether these densities match the walking index values. Then, three 

categories, including matching, partial matching, and mismatching, were assigned to each site to 

represent the degree of matching between the walking index value and reality. Matching indicates 

that the walking index value matches the real walking environment, while partial matching indicates 

that the walking index only matches part of the real walking environment. Mismatching suggests 

that the walking index value does not fully match the walking environment. 

3. Results 

3.1. Shopping Walking Index (SWI) 

The SWI represents a shopping-oriented walking environment (Figure 5). The results of the SWI 

show that there are only a few Extremely Recommended and Highly Recommended street segments 

located in the study area. Most of these high-category walking indices are clustered around popular 

business districts and shopping centers, such as Sanyuanli Business District (SYL), Shaheding 

Business District (SHD), Xiaobei Business District (XB), Hero Plaza Business District (HP), Gangding 

Business District (GD), Sport Center Business District (SC), and Beijing Road Business District (BJR). 

The number of Recommended and Very Recommended street segments is higher than the number 

of Highly Recommended and Extremely Recommended segments. Some segments are sparsely 

distributed outside the abovementioned major business districts. Most of the street segments in the 

study area are categorized as Acceptable. Figure 5 also illustrates that many streets are not suggested 

for shopping, such as the streets located around the parks (Lu Lake Park, Baiyun Mountain, Yuexiu 

Park) and residential areas (Ersha Island). These street segments may be better for leisure activities, 

such as walking exercises. 
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Figure 5. Results of the shopping walking index (SWI). SYL: Sanyuanli Business District; SHD: 

Shaheding Business District; XB: Xiaobei Business District; BJR: Beijing Road Business District; HP: 

Hero Plaza Business District; SC: Sport Center Business District; GD: Gangding Business District. 

3.2. Dining Walking index (DWI) 

The dining walking index (DWI) indicates the restaurant density and the related physical 

walking environment (Figure 6). The number of high DWI values (DWI >0.8) is significantly less than 

the same category in the SWI. Few street segments can be categorized as Highly Recommended and 

Extremely Recommended, and some of these high category street segments were not located within 

the seven business districts mentioned in Section 3.1. The street segments in the Recommended and 

Very Recommended levels are both largely located within the business districts and other locations, 

such as Shipai street near location C in Figure 6. Low category DWI values (DWI <0.4) are 

predominantly distributed around parks and residential areas (location J: park; Ersha Island: 

residential area). 
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Figure 6. Results of the dining walking index (DWI). SYL: Sanyuanli Business District; SHD: 

Shaheding Business District; XB: Xiaobei Business District; BJR: Beijing Road Business District; HP: 

Hero Plaza Business District; SC: Sport Center Business District; GD: Gangding Business District. 

3.3. Field Validation Results  

In order to evaluate the accuracy of the SWI and DWI, 12 street segments that have different 

scores were randomly selected from the study area (Figures 7–9). Each street segment was evaluated 

from street view images and field trip verifications. Different levels of accuracy, including matching, 

partial matching, and mismatching, were assigned to each verified street segment. In this study, we 

only examined the number of POIs (shopping POIs and restaurant POIs), water cover, and vegetation 

cover. The land surface temperature was not examined since the acquisition date was different. 

Furthermore, the distances of bus/subway stations were not measured at this time. In Table 4, “Model 

calculation” comprises the parameters used for walking index construction, while “Field trip 

examination” are parameters counted by field trip and street view images. For the number of POIs 

(SPF: Shopping POI Frequency; RPF: Restaurant POI Frequency;), we counted the number of the 

corresponding street segments during the field trip and through Gaode maps. It was hard to assess 

the WPFs (Water Point Frequency) and VPFs (Vegetation Point Frequency), so we estimated their 

frequency using high-spatial-resolution images and visual examination in the field. The accuracy 

assessment illustrated that 10 of the 12 sites matched the real walking environments (Figures 8–9). 

Only two sites (E and G) acquired partial matching since they all overestimated the SWI and DWI. 

At site E, the vegetation was overestimated compared to the VPF in Table 4 and the street view image 

in Figure 7. In addition, the water area was located in a residential community where it could not be 

seen by pedestrians. Although it was not overestimated, the WPF could not reflect the true 

environment. Therefore, the SWI and DWI do not match the true walking environment perfectly at 

site E. At site G, it can be sees that the walking environment is suitable for pedestrians, with a high 

vegetation cover. However, the number of shopping stores and restaurants are underestimated (Table 

4). After the field trip investigation, we verified that there are three restaurants (Badaoming 

Restaurant, Changlai Restaurant, and Sinkafee restaurant) and five shopping stores at site G. The 

numbers of SPF and RPF in the model are less than those in the field examination. Thus, the SWI and 

DWI are underestimated in site G. 
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Figure 7. Street view images for each field site. A: close to #101 Tiyuxi road; B: close the middle of 

Guihua road; C: close to the #32 Shipaidong road; D: close to a cloth whole sale market in Xianliedong 

road; E: close the middle of Huale road; F: close to the middle of Dashatou Sanma road; G: close to 

the #53 Zhongshaner road; H: close to the #303 Beijing road; I:close to the #57 Zhongshanyi road; 

J:close to the #24 Machang road; K: close to the #8 Linhezhong road; L: close to the #191 Zhongshanxi 

road.  
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Figure 8. The shopping walking index (SWI) and dining walking index (DWI) values of each field 

site. 
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Figure 9. Degree of matching between the DWI/SWI and the field verification results. 3: matching; 

2: partially matching; 1: mismatching. 

Table 4. Walking index values and their corresponding parameters in each field site. 

 Model Calculation Field trip Examination   
Loc. SPF RPF WPF VPF SPF RPF WPF VPF SWI DWI 

A 9 35 0 4 9 35 0 4 0.23 0.54 
B 14 12 0 38 14 12 0 38 0.47 0.45 
C 12 39 0 8 12 39 0 8 0.25 0.58 
D 18 0 0 0 18 0 0 0 0.29 0 
E 11 0 6 28 11 0 0 18 0.40 0 
F 8 0 0 3 8 0 0 3 0.20 0 
G 3 1 0 22 5 3 0 22 0.26 0.24 
H 9 20 0 39 9 20 0 39 0.42 0.56 
I 2 0 2 0 2 0 2 0 0.13 0 
J 0 0 0 62 0 0 0 62 0 0 
K 1 0 0 18 1 0 0 18 0.22 0 
L 0 0 0 16 0 0 0 16 0 0 

Model calculation: parameters used in the index construction; Field trip examination: true values counted 

during the field trip and from street view images; Loc.: Location; SPF: Shopping POI Frequency; RPF: 

Restaurant POI Frequency; WPF: Water Point Frequency; VPF: Vegetation Point Frequency; SWI: shopping 

walking index value; DWI: Dining walking index value; the bold values highlight the difference between Model 

calculation and Field trip examination.  

4. Discussion 

4.1. SWI and DWI Construction 

This study proposed using a shopping walking index (SWI) and dining walking index (DWI) to 

evaluate shopping and dining-oriented street environments. The SWI and DWI were constructed 

based on the POI, the physical walking environment (vegetation and water cover), the distance to 

bus/subway stations, and the land surface temperature. The SWI focuses on shopping, while the DWI 

centers on restaurants.  

The POI data collected from Baidu map are the primary source used to evaluate the distribution 

of urban facilities. Since the SWI and DWI are shopping- and dining-oriented, respectively, their POIs 
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are the most important variable for constructing the indices. Unlike the walking score, our proposed 

walking indices only considered the shopping and dining POIs. The walking score, which aims to 

promote walkable neighborhoods [19], also uses these POIs to calculate its index. However, this score 

focuses more on the living neighborhoods in the community where there are restaurants, grocery 

stores, schools, parks, etc. [55]. The neighborhood community quality can be evaluated by the walking 

scores of given areas or streets. However, to find a specific place for shopping or dining, the walking 

score may not provide sufficiently detailed information.  

Vegetation and water cover are two other variables used in this study, since these two types of 

land cover may affect the walking environment [57]. Guangzhou’s temperature is high, and its 

sunshine is very strong in the summer (from May to September) [58]. Vegetation and water cover can 

provide a cool space for pedestrians, which may increase their willingness to walk for shopping or 

dining [38,59]. High-spatial-resolution remotely sensed images provide a quick way to estimate 

vegetation and water cover using NDVI and NDWI [60]. These methods, however, are relatively 

simple and can also provide comparable vegetation water cover results via multispectral high-

resolution images [61].  

An important assumption in this study is that consumers will travel by public transportation, 

which is a form of green travel [62]. Thus, the distance to the bus/subway station is another key 

element for SWI and DWI construction. Referring to a previous study by Carr et al. 2010 [55], in which 

a 1600-meter range was set for the Walk Score distance, we considered a distance within 1500 meters. 

On average, it takes more than 12.5 minutes to walk 1.5 kilometers; 12.5 min is not a long time when 

walking for leisure or excise. However, it may reduce consumers’ patience if they need to walk for 

12.5 minutes to reach a shop or restaurant. Thus, with a linear decay function, street segments that are 

very close to bus/subway stations will have a score of 1, and segments that are 1500 meters away 

from a bus/subway station will have a score of 0. Recently, researchers designed a distance score 

based on the road network [63,64]. This score may work well for a neighbor-based community in 

which citizens walk more than 1.5 km for leisure or work. The connectivity of the road provides great 

convenience for residents, but this may not hold true for consumers or travelers who aim to find a 

place for shopping or dinning. Thus, a network-based distance function is not employed in our study. 

The land surface temperature extracted from Landsat thermal infrared bands is another element 

used to construct SWI and DWI [65]. Temperature, especially in summer, is one of the key factors that 

affects a citizen’s willingness to go outside. Thus, it is necessary to take the temperature into 

consideration. However, the air temperature is hard to measure. Thus, in this study, we used the land 

surface temperature to approximately estimate the air temperature. This is one of the major 

differences between our method and other walkability indices, which do not employ temperature to 

evaluate the walking score [19,23].  

The impact of seasonal variation on walking index construction is limited. The number of POIs 

is stable within a year. It is inevitable that stores and restaurants will change their locations to look 

for the best locations. However, this is also a long-term process. It is unreasonable to expect stores 

and restaurants to change their location in the short-term; because relocation likely requires spending 

a large amount of money for decoration, changing location frequently may be expensive and result 

in higher operating costs. Therefore, the change in the number of POIs has limited impact on the 

calculation of the DWI and SWI within the period of a year.  

Water and vegetation density change little during a year. This study area is located in the 

subtropical monsoon climate zone. Evergreen broad-leaf forest is the major vegetation type, which 

changes little due to seasonality. Similarly, grass and shrubs are nearly constant in different seasons. 

Therefore, the change of NDVI is limited in this study area, resulting in limited change of Vd in 

different seasons. Similar to the vegetation cover, the change of water area is also limited. The major 

water areas are rivers and lakes in the parks. These water areas change little in different seasons. 

Therefore, the change of Wd is also limited.  

Generally, there is no significant change in the number of bus/subway stations within a year. 

Clearly, more bus/subway stations will be built in the future. However, this will occur over a long 

period and change within a year is limited. As a result, distance to bus/subway station varies within 
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a limited range within a year. Thus, DWI and SWI are affected to a limited degree by the distance to 

bus/subway stations. 

Temperature obviously varies from season to season. In the study area, summer is characterized 

by high temperature and high humidity, while winter is cool and comparatively dry. The average 

daytime temperature in summer is higher than 30 °C, which is outside the range of 18–23 ℃. Thus, 

the walking indices are lower in summer than in winter, since the TS value is larger in summer and 

its weighting score is negative in the model. Thus, the DWI and SWI values change depending on the 

season because of the temperature variation. Nonetheless, the change of TS is within a small range. 

If, for example, the temperatures of a street segment are 32 and 20 ℃ in summer and winter, 

respectively, their TSs will be 0.9 and 0 according Equation (7). Moreover, since the weight score of 

TS is −0.1, the contribution of TS for walking index in summer is 0.09 compared to 0 in winter. 

Therefore, although temperature variation can affect the DWI and SWI, its impact is nonetheless 

limited to a small range.  

The DWI and SWI can be applied in other urban areas using the same index construction scheme. 

However, some parameters would need to be revised in a new study area: (1) The thresholds of 

NDWI and NDVI. Since atmospheric environments differ, the NDWI and NDVI values may vary in 

different time periods and locations. Thus, new water and vegetation samples would need to be 

collected to design the thresholds of NDWI and NDVI. (2) The distance to bus/subway station. The 

DWI and SWI are designed for a flat area and, thus, may not be appropriate for mountainous terrain. 

Since the bus/subway distance is calculated based on the two-dimensional straight-line distance, it is 

not fit for mountainous terrain where the distance should be calculated based on a three-dimensional 

line.  

4.2. Shopping and Dining-Oriented Walking Indices 

Compared to the walking scores, the SWI and DWI place greater focus on the shopping, dining, 

and walking environment. The walking score assesses three different types of walking: purposeful 

walking, physical activity, and all types of walking [66]. However, SWI and DWI more strongly 

emphasize purposeful walking (shopping and dining) and the physical walking environment outside 

destinations. Shopping and dining are two activities that are strongly related to leisure time [39], and 

many consumers engage in shopping and dining together. However, the current walking score cannot 

satisfy these major purposes of consumers since such scores cannot provide specific suggestions for 

locations of relevant POIs that are within walking distance. However, if consumers look at the 

proposed walking indices, they can easily determine the most recommended street segments in the 

SWI results for shopping or dining. Our SWI and DWI can save consumers considerable time in 

finding these two types of locations, as well as a suitable walking environment. With the weighting 

score of POIs and the walking environment, our street indices primarily emphasize the purpose of 

walking followed by the walking environment, simultaneously satisfying the walking purpose and 

comfort.  

4.3. 50-Meter Street Segment 

Another highlight of our study is our focus on providing detailed information of a street segment 

that is 50 m long. Most current studies analyze the whole street as an individual object [23,27]. Some 

streets in Guangzhou, such as Jinsui road (Figure 10), have a length of more than 2 km, and their 

subsegments in a block are more than 500 m long. Such a long segment can only provide general 

information for a street. This general information may cause confusion if a consumer wants to find a 

place with many options for shopping or dining, thus wasting considerable time. Cutting these long 

roads into 50-m segments enables consumers to easily identify the clustered shopping and dining 

segments. The 50-m-long street segment can reduce the confusion in finding potential stores or 

locations. This is one of the major advantages of SWI and DWI compared to the walking score. We 

focused on the detailed information in each 50-m segment of a street to decrease the time needed to 

find potential destinations. Of course, a heat map created by density functions can also present hot 

spot areas [67]. However, it cannot present the street’s physical environment, such as its vegetation 
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cover, water area, and the distance to bus/subway stations. Thus, the shopping and dining-oriented 

walking environment cannot be accurately provided by a heat map. 

 

Figure 10. Jinsiu Road. 

Two sites (E and G) were overestimated in this study. For E, there is a water area in the 

residential area that contributes 10% to the walking index. However, this water area is located in a 

residential area that pedestrians cannot access directly. In the future, more data, such as land use and 

land cover types, should be used to avoid situations like that of site E. For site G, we closely examined 

the values of each variable, and found that the distance to the bus/subway station is short, the 

vegetation cover is very high, and the LST is low, contributing more than 40% to the final walking 

index. Thus, to some degree, this walking index value can still represent a real shopping or dining 

environment. 

This study constructed two walking indices: one for shopping- and one for dining-oriented 

walking. However, some limitations remain that need to be solved in future studies. The type of 

shopping/dining should be detailed to provide more specific information. For example, it may be 

useful to set various categories for different types of restaurants/shopping. Assigning different 

weights to each shopping/dining type in the model may provide more precise shopping and dining 

information for these two indices. The bus/subway distance calculation method also needs to be 

improved in the future. A network-based distance calculation may provide a more accurate walking 

distance from the bus/subway station to the desired destination. Moreover, the slope and other 

landscape parameters should be taken into consideration in the future because the slope can affect 

the speed and comfort level of walking [68]. More parameters, such as distance to vegetation and 

water, and fuzzy logic computation methods, will be considered in future work to make the model 

more robust. Finally, subcategories related to consumers, such as parents with children and people 

with limited walking abilities, will be taken into consideration in future studies.  

5. Conclusions 

This study proposed two walking indices, namely, a shopping walking index (SWI) and a dining 

walking index (DWI), to evaluate shopping- and dining-oriented walking environments. The SWI 

and DWI were constructed using the relevant POIs (SWI: shopping, DWI: restaurants), vegetation 

cover, water area, bus/subway station distance, and land surface temperature. An expert scoring 

method that assigns different scores to each element was employed, not only to emphasize the 

importance of the POIs, but also to focus on the walking environment of the street. The SWI and DWI 

were categorized into seven levels to provide a visualized suggestion to help customers determine 
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the best option for shopping or dining. The accuracy assessment showed that most of the SWI and 

DWI values matched the real situation of a street segment.  
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