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Abstract
Urban greenway is an emerging form of urban landscape offering multifaceted benefits to public
health, economy, and ecology. However, the usage and user experiences of greenways are often
challenging to measure because it is costly to survey such large areas. Based on the online postings
from Instagram in 2017, this paper used Computer Vision (CV) technology to analyze and compare
how the general public uses two typical greenway parks, The High Line in New York City and the
Atlanta Beltline in Atlanta. Face and object detection analysis were conducted to infer user
composition, activities, and key experiences. We presented the temporal patterns of Instagram
postings as well as the group gatherings, smiling, and representative objects detected from photos.
Our results have shown high user engagement levels for both parks while teens are significantly
underrepresented. The High Line had more group activities and was more active during weekdays
than the Atlanta Beltline. Stronger sense of escape and physical activities can be found in Atlanta
Beltline. In summary, social media images like Instagram can provide strong empirical evidence for
urban greenway usage when combined with artificial intelligence technologies, which can support
the future practice of landscape architecture and urban design.
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Introduction

The greenways are urban linear parks that are often developed on vacant lands and properties of
railway lines, power lines, or edges of water bodies (Paneerchelvam et al., 2020). They create
essential linkages between city neighborhoods and accommodate various recreational needs
(Watson, 2003). Cities design walking paths, bike trails, water trails, gardens, agricultural facilities
as parts of greenways for public use. Greenways also connect natural habitats and mitigate bio-
diversity loss and fragmentation in urban areas (Ahern, 2013). Recently, greenways have gained
increasing popularity in the US and the world as an emerging form of development (Akpinar, 2016).
Previous studies have demonstrated that greenways could encourage more physical activities,
increase interactions with nature, and contribute to more job opportunities (Cohn and Scott Shafer,
2009; Dallat et al., 2014).

It is important to understand how the greenway has been used and what is affecting its usages to
maximize its benefits (Hamilton et al., 2017). Research showed associations between size,
proximity, number of amenities, and number of programs with positive park usages and physical
activities (Bedimo–Rung et al., 2005). On the other hand, poor maintenance, safety issues, lack of
access points, and ineffective event programming could negatively affect greenway usages, es-
pecially for minority groups (Boone et al., 2009). While these features and attributes are essential,
the subjective factors and direct experiences were found to be stronger indications for successful
parks and public spaces (Fongar et al., 2019). For example, the perception of accessibility was found
to be more important than proximity measures such as network distance (Wang et al., 2015). The
perceived qualities and nature-relatedness of green spaces were better predictors of park visit
frequency for local communities than objective measures such as the percentage of vegetation areas,
size of parks, and number of facilities (Flowers et al., 2016). Therefore, investigating park ex-
periences and uses directly from the users’ perspective is crucial. Without such knowledge, re-
searchers and administrators will have little empirical evidence from users to evaluate planning and
design interventions.

In recent years, growing numbers of studies have used social media to assess place preferences
and engagements from users (Heikinheimo et al., 2017; Wang et al., 2019). The abundance of big
data offers a broader coverage on the human experiences of places across time and space (Chen
et al., 2020; Ye et al., 2020). Powered by AI technology such as natural language processing (NLP)
and computer vision (CV), researchers can automate the data analytics process in tackling complex
problems using emerging new big urban data (Jamonnak et al., 2020; Li, 2020; Ning et al., 2021).
Researchers have found that social media data were helpful to offset the limitations of conventional
survey techniques due to the expense and infrequencies (Li et al., 2017; Wang et al., 2016; Ye et al.,
2016). There are also strong links between geo-located photos and empirical visitations (Donahue
et al., 2018; Sessions et al., 2016). Online reviews and photograph postings of specific locations
could describe the user experiences at the site level (Song et al., 2021). By investigating iconic
public spaces such as parks and streets, several empirical studies have identified user perceptions
and usages that could support future practice in urban design and landscape architecture (Song et al.,
2020b).

The long-term usage and experiential patterns of users are key to understand the impact of urban
greenways. Sim et al. (2020) have recently compared the differences in the uses of three elevated
greenway parks through field observations and surveys. But each park was only studied for two
weekdays and two weekend days. Existing literature rarely gathers big datasets to study the user
experiences of urban greenways. This paper utilizes social media data on Instagram with Computer
Vision technology to investigate and compare two urban greenway parks’ usage patterns during
2017. The well-known Atlanta Beltline (Atlanta, GA) and the High Line (New York, NY) were
chosen as our case study sites. Our study objectives are (1) to examine the efficacy of using
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Instagram data and CV technology on understanding the greenway usage; (2) to detect meaningful
scenes and activity types based on the visual content of Instagram photos; (3) to analyze the temporal
patterns of different CV detections and identify their indications for park users and their experiences.

Methodology

Study site and data collection

Atlanta Beltline (Figure 1) is a project that transforms a former railway corridor into a multi-use trail
around the core of Atlanta, GA. The whole beltline reaches 33 miles along with playgrounds, parks,

Figure 1. Weekday posting numbers throughout the year of 2017.
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shopping centers, and public arts. This study focused on the eastside section of the Atlanta Beltline,
which was first opened to the public with three miles of trails. The High Line (Supplementary Figure
S1) is built on a historic and elevated railroad track in New York City, NY, with gardens, seatings,
food vendors, viewing decks, and art displays. These two greenway parks are both located in the
central downtown area of the city. They are among the most influential projects in the US with
enormous recognition by the public. Both have won multiple awards for their excellent design and
management (ASLA Professional Awards,2010; Atlanta Beltline Awards, 2020).

As one of the most popular social media platforms globally, Instagram is considered a self-
representation and personality crafting platform where users post their everyday lives and moments
(Rettberg, 2017). Instagram has outperformed other platforms such as Twitter and Flicker in
predicting park visitations (Tenkanen et al., 2017). This study uses Instagram as our primary data
source for the year of 2017. We used the location tag “Atlanta Beltline” to collect 11,198 Instagram
posts from 7765 unique users for Atlanta Beltline. And we collected 137,055 posts from 94,715
unique users for the High Line using the location tag “The High Line.” The location tags are chosen
by users when then physically located in or around the parks. However, no specific geo-location
information (GPS coordinates) were included for privacy reasons.

Facial detection

Computer vision has been a key component of the AI advances in recent years. We reviewed the
current state-of-art object detection approaches in computer vision (Liu et al., 2020), and used these
techniques to infer park usages. There are two types of widely used CV technology included in this
study. The first is face detection which was used to provide inferences of user behaviors and
emotions which has been well developed in recent years (Masi et al., 2018; Zheng et al., 2020).
Commercial companies (e.g., FacePlusPlus) provide publicly accessible APIs that take a photo as
the input then return the attributes of detected faces (Supplementary Figure S2), such as gender, age,
and expression (Smile vs not smile) with accuracies relatively close to the performance of human
raters (Jung et al., 2018). It has been used in many studies (Patil et al., 2018) as a reliable tool.

Object detection

The second technology is object detection through a pre-trained YOLOv3 detector (Redmon and
Farhadi, 2018), which identifies the bounding boxes or boundaries of target objects. Popular object
detectors such as YOLO (Redmon and Farhadi, 2018) and SSD (Liu et al., 2016) are based on multi-
layer Convolutional Neural Network (CNN), and require a mass amount of training data. COCO
(Lin et al., 2014) dataset is a widely used CV dataset in object detection research, which contains 80
common object types such as person, backpack, bottle, and dog. In this study, we used a pre-trained
YOLOv3 model to detect four target categories (handbag, vehicle, bike, and pet) out of seven
COCO object types. Although these categories are not direct records of user activities, they could be
used as proxy measures to indicate park usage and experiences (see Table 1). We selectively
excluded other COCO object types including (1) streets or indoor objects (stop sign, laptlop,etc.)
that our model did not detect enough amount of them in park settings; (2) objects with significant
accuracy issues (bench, cake, book, etc.); (3) objects unrelated with our study (bowl, teddy bear).

Per our knowledge, the performance of YOLOv3 on Instagram photos for outdoor public spaces
is unknown. Therefore, we tested the reliability of our objective detection task through manual
validation. 3% of the entire dataset was taken out as the validation set, and four human annotators
checked whether the class of a returned bounding box is correct and whether there is a missing
object. Finally, we evaluated our CVmodel performance through the precision, recall, and F1 Score
calculated as below
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Precision ¼ true positive

true positive þ false positive
(1)

Recall ¼ true positive

true positive þ false negative
(2)

F1 Score ¼ 2 ∗
Precision * Recall

Precisionþ Recall
(3)

Results

Object detection accuracy

Our analysis of park users is based on the premise of adequate accuracy performance in object
detection results. Except for the pet category of the High Line, all detections have high precision
scores (Table 2), which indicate the high accuracy of positively detected objects. The vehicle and
bicycle (Supplementary Figure S3) detection are very precise, given that their F1 scores are all larger
than 0.8. Pet category is very accurate for Atlanta Beltline (F1 = 0.84). However, the High Line
presents a low precision score (F1 = 0.4) with many false positives witnessed from fuzzy objects,
human hair at night, dazzle effects, or art sculpture in photos (Supplementary Figure S3). The
handbag category has a lower F1 score of around 0.5. This is mostly from the lower recall score with

Table 1. CV detection categories and COCO object types.

Categories
COCO
object types Indications on park users Rationale

Vehicle Car Sense of wilderness or
escape from city life

Too many vehicles around means the location is close
to roads or traffic which are unlikely to make people
feel secluded from the city and experience the
wilderness of nature

Truck
Bus

Bicycle Bicycle Biking/exercising
activities

Bringing a bike in a greenway is a strong indication of a
biking trip for exercising purposes

Pet Cat Jogging/walking activities Pets are active and promote more physical activities
Dog

Handbag Handbag Sightseeing or walk
around the area

Females bring handbags to relax and socialize with
people. Few will bring handbags for exercising

Table 2. Accuracy measures of different CV detection categories.

Study site CV detection category Average of precision Average of recall F1 score

Atlanta beltline Vehicle 0.85 0.82 0.83
Pet 0.78 0.90 0.84
Handbag 0.90 0.37 0.52
Bicycle 0.93 0.72 0.81

The high line Vehicle 0.85 0.82 0.83
Pet 0.28 0.80 0.41
Handbag 0.90 0.40 0.55
Bicycle 0.92 0.72 0.81
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many false negatives where the model could not detect smaller Handbags for people in the distance
(Supplementary Figure S3). Overall, the YOLOv3model produces acceptable results for our dataset
and the following analysis.

General stats and distributions

The posting numbers on Instagram could give us a general idea about the site’s activity levels (Song
et al., 2020a). Atlanta Beltline dataset identified 5771 female and 3279male faces, 5800 posts have no
faces. As Figure 1 shows, the Weekend days had more postings than weekdays. The average posting
number for a weekend day was 46.6 (coefficient of variation 42%), which was about double the
amount for a weekday with average posting number of 24.4 (coefficient of variation 31%). For the
High Line dataset, 47,391 female and 36,917 male faces were identified; while, 55,693 posts had no
faces. The difference between weekday and weekend is less than the Atlanta Beltline. The average
posting number for the High Line on a weekend day was 429.5 (coefficient of variation 32%); while,
the average weekday posting stood at 355.4 (coefficient of variation 30%). The High Line showed
lower volatility, given its lower coefficient of variation. This could also be seen from daily posting
patterns in Figure 1, where the High Line did no’t have big spikes and drops as the Atlanta Beltline did.

Facical attributes and detected objects

As Figure 2 shows, the left Y axis represents the ratio of smiles in detected faces. Both pink and blue
curves of Atlanta Beltline (combined average 70%) show higher values than The Highline (combined
average 58%). This indicates that user faces in Atlanta Beltline Instagram photos are more likely to smile
than The High Line. There was also a consistent pattern that female faces had higher ratios of smiling
(roughly 1.5 times of male) for both sites. People take pictures when they are happy, and smiling faces
are normal in social media photos like Instagram or Facebook. However, smile intensities represented in
social media photos are strong predictors of long-term well-being (Seder and Oishi, 2012). The long-
term patterns of smiling faces detected from Instagram photos could be an indirect indication of how
park visitations contribute to user well-beings. Although the number of smiling faces detected in
Instagram postings cannot represent all users, we believe this analysis still has the potential to compare
user sentiment for different sites or different times when other variables were controlled.

Since our CValgorithms only detect foreground faces, we detect major faces in the photo that are
usually friends or companions during the trip. Therefore, we use the face counts in each photo as a
measure of social interactions. When three and more faces are seen in a photo, we count it as social
activities. 1–2 faces photos were categorized as family or companion activities. The 2017 dis-
tribution charts (Figure 3) show that more photos with 1–2 faces (gray color) were detected than
photos with 3+ faces (pink color) for both sites. The High Line has a higher percentage of photos
with 3+ faces (average 14.0%) than Atlanta Beltline (average 6.65%). The peak for photos of 3+
faces is in early Sept. in the Atlanta Beltline, versus late May for the High Line.

The compositions of user age groups and genders are shown in Figure 4. 18–34-year-olds are the
biggest age group for both genders and sites. 12–17-year-olds, mostly teenagers, are the least seen
group across all categories. A discernible difference between the two sites is the male group between
35 and 64, where the High Line recorded a higher percentage (19.25%) than Atlanta Beltline
(14.62%). Moreover, 18–34 females of the Atlanta Beltline recorded a higher rate (40.21%) than the
High Line (33.73%).

The weekly results for the percentages of four object categories are illustrated in Figure 5.
Because our CV model detects cars, buses, trucks as far as 500 ft away, a photo of streets or roads
can record very high numbers of vehicles. The vehicle category in the High Line dominated other
categories, with an average of 90.3% as lots of photos include the streets in Downtown Manhattan.
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For the Atlanta Beltline, the categories are more even as the vehicle counted an average of 46%, the
pet counted an average of 22.5%, and the bicycle counted 25.9%. The handbag category was the
least category in the Atlanta Beltline, while, as the second biggest category in the High Line.
Regarding overall distributions, the bicycle category in both sites generally started to increase from
January and to peak in the summer months during August or September. The pet category did not
show strong patterns for both sites as we did not see significant seasonal differences.

Discussion

Visitations and users

Park engagement. Assuming Instagram postings correlate with the overall real visitation well as seen
in previous research (Donahue et al., 2018). The number of photos in our dataset could help indicate
the overall park engagement levels for different times. Overall, both the High Line and Atlanta
Beltline users recorded significantly higher Instagram postings comparing to a similar study of
Freeway park in downtown Seattle (Song and Zhang, 2020). This showed the strong engagement
levels and interactions in these two parks and demonstrated how greenways could attract public
usage as green infrastructure investment.

From Figure 2, the posting numbers in the winter season are low for the High Line (lower bars on
both sides of the distributions). This is different from Bryant Park according to a previous study
(Song et al., 2020b) which has shown the highest park engagement during the holiday season in
Winter. Our manual readings of Instagram photos also found a lack of activities during winter
festivals such as Thanksgiving and Christmas. Cold and windy climate plus dormant plants may
have affected the High Line’s attractiveness to people.

Figure 2. Weekly distributions between average faces (right Y axis) and ratio of smiles in detected faces (left Y
axis).
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It is common sense that more people visit parks during weekend than weekdays. But the High
Line had more weekday postings than Atlanta Beltline according to Figure 1. Located inManhattan,
NYC which has a denser and a more walkable street network. For many local residents, the High
line is very accessible to their home or workplace, allowing them to plan short-time trips there
during the weekdays. On the other hand, Atlanta Beltline Eastside was located around single-family
housing and automobile-oriented commercial developments. The density around the Atlanta
Beltline is a lot lower than the High line. Trips to the Atlanta Beltline requires longer time and will
not be feasible for many residents during the weekdays.

User compositions. Our user composition results generally align with previous studies (Sim et al.,
2020; Veitch et al., 2015). We saw more females than males in both sites (Figure 4). The 64% for
females is also higher than the overall female user percentage (51%) on the Instagram platform
(Chen, 2020). Most users were adults in the age groups between 18 and 64, while, children, teens,
and the elderly were minor. Especially for teens (13–17), both parks only recorded an average of
0.19% of the total. It is common that teens do not take as many Instagram photos as adults with only
3.3% of all Instagram users were teens (Chen, 2020). However, this is still significantly higher (17.3

Figure 3. Distributions of postings in different group size.
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times) than the teens detected in our data. Both parks lack recreation facilities for teenagers such as
basketball courts, mountain biking, and skateboard. It is essential to serve the underserved age
groups and design for inclusive greenways.

Indications on user experiences, activities, and interactions

User smiles. Likewise, our results of smiling faces could indicate how the experiences in the two
parks mentally impact the users. As Figure 2, both sites generally present stable ratios of smiles in
detected faces; there is no significant difference between cold and warm seasons. People shown in
the High Line are less likely to smile than those in the Atlanta Beltline. And females tend to smile
more than males consistently throughout the year at both sites. This could be a sign that both parks
meet female users’ needs more than male users.

Group activities. Supportive social interactions have been consistently linked to mental health
(Antonucci et al., 2010). From Figure 3, both sites have shown considerable group activities (3+
faces). The ratio of group images almost reached the level of larger city parks such as Lincoln Park
in Chicago (Tinsley et al., 2002). The High Line has attracted a higher percentage of group activities
than the Atlanta Beltline. The big spike of group activities during September in Atlanta Beltline may
come from a famous art Parade activity. The High Line, on the other hand, was developed from an
old railway track which has limited width. Big spikes of events and gatherings were rarely seen, but
tours, yoga classes, and small concerts or art exhibitions frequently took place there. Overall, our
results proved that greenways, if designed and programmed appropriately, were not just trails or
paths for mobility purposes but also public spaces that could provide a considerable amount of
social interactions and events.

Park users through objects detected. Regarding our object detection results (Figure 5), we found all
four categories are useful to inform park usage and experiences directly or indirectly. The number of
vehicles in photoes can be associated with visitors’ restorative experiences, as people are more

Figure 4. Age group analysis of faces detected.
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likely to feel an escape from the city and the sense of wilderness in nature (Zoderer et al., 2020). The
Vehicle category was the most seen element in people’s Instagram posts in the High Line, and we
found that people like to take photos at the intersection between the High Line and the streets below.
In comparison, Atlanta Beltline was secluded from city traffic with few vehicles seen. Handbags are
indirect indications of likely trip purposes of Female users who normally with their Handbags when
attending social events, taking a walk, sight viewing, or relaxing instead of exercising. So more

Figure 5. Distributions of object detection results by percentage compositions.
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handbags seen in the High Line may indicate a lower level of usage of physical exercises for
females. This resonates with Sim et al. (2020) who found that the High Line could not accommodate
high-intensity physical activities. Elevated urban greenways have limitations to support physical
activities since facilities such as bike lanes, skate ramps, drainages, and fences are usually more
expensive to construct. Pets and Bicycles are not so productive to compare our two cases since the
High Line has so few of them. However, they are good indications for physical activities shown in
Atlanta Beltline.

Significances and limitations

In our opinion, understanding public space usage is one of the most fundamental works in landscape
architecture and urban design because it will be challenging to plan and design spaces for people
without knowing how people are using them. However, most urban park managers do not have the
resources to collect comprehensive or even preliminary data on park users (Godbey et al., 2005;
Walls, 2009). Researchers are also constrained in collecting large data samples for an extended
period (White et al., 2019). This is especially true for urban greenway studies given their long
lengths and extensive coverages in cities.

We presented a possible solution at scale by showing the potential of using Instagram data as a
proxy to investigate greenway park usages in urban cities. Similar to previous visual preference
survey methods (Nassauer et al., 2009), Instagram postings, which are self-reported experiences and
represent real user engagements, provide rich visual content that could reveal park visitations
patterns, users, activities, and social interactions (Donahue et al., 2018; Kang et al., 2019; Sessions
et al., 2016). They are great resources for landscape architecture and urban design research studying
topics in sense of place, cultural landscapes, mental health, physical activities, place activation, etc.
(Shaw et al., 2016; Ye and Liu, 2018).

Computer Vision, as an important emerging technology, will transform how researchers perceive
human-environment relationships. Ready-to-use CV technologies, such as pre-trained YOLO
models, are widely available to the public and can be used in many settings (urban, rural, indoor,
outdoor, etc.) especially for urban designers and landscape architects who have few computer
science background.

Future studies should develop customized CV datasets to correctly detect water features,
sculptures, seatings, food items, take-out bags, cell phones, strollers, playgrounds, sports field, etc.
Technologies in vision-based human activity recognition could be applied on detecting jogging or
sitting in social media photos. Scene studies could be developed to analyze “views” or what
constitutes a scene ”worthy of a post?" It is also important to compare the different perceptions
between local residents and tourists. Human perceptions are an important component for urban
studies. Our research did present some indirect links between sentiment and smiles, group size and
social interactions, vehicle numbers, and restorative experiences (escape from the city). However,
future studies may look for ways to integrate social media data with surveys or interviews to directly
measure human perceptions.

Like many other social media studies (Ghermandi and Sinclair, 2019), our data was limited to
certain demographics with Instagram accounts even though the Instagram usage rate is growing.
Some amount of advertising account, bots, and fake account could also confound our results (we
exclude some during our manual browsing). We do not know if our data reflect local residents or
tourists and did not standardize through local population. Our face detection results may not reflect
all users since only 42% of our Instagram photos have human faces. The difficulties of defining
exact spatial boundaries that our data represents also lead to selection bias in our results. The
difficulties of obtaining specific geo-location info from Instagram posts limit the applicability to
inform park design and planning. The CV techniques only effectively detect several frequent
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activities. We are not able to depict the full picture of how the parks were used. Regarding to the
gender and age inference, an earlier assessment by Jung et al. (2018) shows that the results from
FacePlusPlus are reliable on gender (accuracy >0.92), but less confident on age (average minimum
error = �0.89, average maximum errors = 6.4). A new assessment of current face attributes de-
tection is needed to reflect the performance of the evolving technology. Lastly, our park activity
indications were made based on empirical assumptions. For example, if we see pets in a photo, we
assume the users were walking a dog or likely having more physical activities. This might not
always be the case.

Conclusion

In this study, we examined and analyzed the usage of two influential greenway projects, including
the High Line in New York City and Atlanta Beltline in Atlanta. By harnessing Instagram posting
data and CV technology, we gain insights on who are the greenway users and how the greenway was
used.

In summary, common characteristics found in two parks include (1) both greenways have shown
strong value to attract public use as we found high Instagram engagement levels; (2) a considerable
amount of group activities were detected, indicating the potential of enhanced social interactions
and events of greenway; (3) more female users were found, and they tend to be more satisfactory to
greenway experiences than males; and (4) less than expected teenager users were shown, indicating
the lack of teenager amenities.

Major differences of the two greenways include (1) Atlanta Beltline is showing lower weekday
visitations relative to the weekend days. This difference may come from lower connectivity and
urban density in Atlanta Downtown area where people have to plan for longer trips to visit the park.
(2) Since The High Line is elevated, users could see city street scenes from above. More vehicles
were seen in Instagram photos of The High Line, indicating a weaker sense of connection with
nature and escape of the city. (3) The High Line has shown fewer physical activities than Atlanta
Beltline, such as running and biking. Elevated greenways may be limited to accommodate high-
intensity physical activities.

These common and different characteristics that we found could potentially inform future
designing and managing greenway parks. They also showed the promising usage of social media
photos to understand urban greenways and the potential of applying artificial intelligence, such as
pre-trained CV models, as an analytical tool to understand the user behavior of the built envi-
ronments in urban areas.
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