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Abstract—There are places that are popular with cyclists
(cyclist points of interest: CPoI). However, these CPoIs are often
only known within the cyclist community and are not widely
shared as general tourist information. In this study, we propose a
semi-automated method for detecting and evaluating CPoIs from
cyclist ride log data. To verify the proposed method, we used 374
detailed ride data collected at “Michi-no-Eki Maebashi Akagi”
in Maebashi City, Gunma Prefecture. By applying stop location
estimation and hierarchical clustering to the collected data, we
identified 125 CPoIs. We then used crowdsourcing to identify and
evaluate the CPoIs. As a result, 109 locations (87.2%) matched
our expectations, and a positive correlation was observed between
the evaluation results. Furthermore, by analyzing the relationship
between the evaluation of CPoIs and the number of visitors, we
showed that it is possible to distinguish between popular CPoIs,
which are widely recognized, and hidden CPoIs, which are highly
rated but not well known. These results show that the proposed
method is effective for detecting and evaluating CPoIs.

Index Terms—cycle tourism, cyclist points of interest (CPoI),
crowdsourcing, hierarchical clustering, tourist spot detection

I. INTRODUCTION

Cycle tourism is attracting attention as an environmentally
friendly and sustainable form of tourism. This tourism style is
expected to contribute to regional revitalization as cyclists dis-
cover new local attractions while leisurely exploring peaceful
landscapes and natural settings, as well as through interactions
with local residents. In particular, resources often overlooked
by conventional tourism—such as small-scale facilities that
can be explored briefly, natural scenery, and quiet roadside
views—have the potential to become attractive stopping points
for cyclists (Cyclist Points of Interest: CPoI). However, these
CPoIs tend to be shared only within specific cyclist commu-
nities, and efficient methods for identifying and sharing them
as new tourism resources have not been established. In this
study, we propose a semi-automated method for detecting and
evaluating CPoIs from cyclists’ ride log data. Specifically,
we developed a method to identify CPoIs through stopping
point estimation and clustering of cyclists’ ride log data,
along with a methodology to evaluate CPoI characteristics
using crowdsourcing. Applying the proposed method to ac-
tual data collected in Maebashi City, Gunma Prefecture, we
successfully identified 125 significant CPoIs. Furthermore,
through analyzing the relationship between CPoI evaluations
and visitor numbers, we gained new insights into distinguish-
ing between widely recognized spots (Popular CPoIs) and

highly-rated yet less-known spots (Hidden CPoIs) based on the
correlation between visitation frequency and evaluation scores.
The effectiveness of our proposed method was validated by
the crowdsourcing identification results, where 87.2% of the
detected CPoIs matched the author’s expectations, and positive
correlations were observed between evaluation results.

II. RELATED WORK

A. Analysis of Cyclist Behavior

Numerous studies have analyzed GPS data to investigate
cyclists’ route choice behaviors [1]–[7]. In the context of
tourism and GPS studies, Ritchie et al. [1] revealed cyclists’
characteristics and infrastructure usage patterns in tourism
contexts, while Prato et al. [2] proposed a bicycle route
choice model in distance-value space using GPS data from the
Copenhagen region. In research utilizing bike-sharing system
data, Khatri et al. [3] and Scott et al. [4] analyzed user
behavior patterns and preferences in Phoenix and Hamilton,
respectively. Chen et al. [5] examined how land use and
road network characteristics influence cyclists’ route prefer-
ences, while Zimmerman et al. [6] proposed an efficient route
choice model using a recursive logit model. These studies
have revealed clear patterns in cyclists’ location preferences.
Cyclists show preferences for riding through residential areas
and scenic locations [2], [3], and tend to favor quick travel
on low-traffic roads and dedicated cycling infrastructure [3],
[5]. Some cyclists also show preferences for routes with street
trees, street lighting, and routes surrounded by mixed land use
[5]. Conversely, cyclists tend to avoid unpaved roads, hilly
terrain, and cycling along major roads [2], [5]. Additionally,
detour routes, corners, steep slopes, high-traffic roads, and
one-way sections have been shown to negatively impact route
selection [3], [4].

B. Extraction of PoIs from Location Data

Numerous studies have focused on extracting Points of In-
terest (POIs) from location data [8]–[12]. In research utilizing
location-based User Generated Content (UGC) such as Flickr,
Kuo et al. [8] proposed an efficient method for extracting POIs
and Regions of Interest (ROIs) from geotagged photos, while
Kozaki et al. [9] conducted research on discovering hotspots
from social media data. In studies identifying POIs from
GPS data, Krause et al. [10] proposed an automated activity



location identification method combining GPS and land use
data for short-term movement prediction, while Ashbrook et
al. [11] developed a Markov model for learning significant
locations and predicting movement patterns across multiple
users. Additionally, Zheng et al. [12] proposed a method for
estimating users’ interest levels in locations based on personal
location histories. Furthermore, substantial research has been
conducted on discovering lesser-known Hidden POIs [13]–
[16]. Kitayama et al. [13] proposed a method for extracting
attractive hidden spots based on user evaluations and visitor
numbers, while Zhuang et al. [14] developed a method for
discovering hidden tourist spots by evaluating popularity and
scenic quality based on photographer behavior analysis. Re-
garding POI evaluation, Yang et al. [17] proposed a method
for calculating recognition and user evaluations using social
media data, and Cui et al. [18] developed a methodology for
ranking Hidden POIs using crowdsourcing.

C. Identification of Stay Points Using GPS Data

Recent years have seen active research in identifying stay
points and analyzing activities using GPS data [19]–[24]. In
methods utilizing POI data, Liu et al. [19] developed an
automated approach for identifying urban blocks using Open-
StreetMap and POI data, while Huang et al. [20] proposed
a method for identifying activity locations from GPS data by
defining spatial and temporal attractiveness of POIs. Addition-
ally, Zhao et al. [21] achieved high-accuracy travel purpose
prediction by combining GPS data and POI information using
gradient boosting decision trees. For more advanced analytical
approaches, Lyu et al. [22] developed a destination prediction
model based on understanding travel purposes by combining
GPS and land use data. Furthermore, Tao et al. [23] achieved
high-accuracy activity type detection (96.8%) using random
forests by integrating spatial and temporal information.

III. PROPOSED METHOD

In this study, we propose a method for semi-automatically
detecting and evaluating CPoIs using cyclists’ ride log data.
Figure 1 shows an overview of the proposed method. The
cyclists’ stopping points are estimated from ride log data, and
these locations are considered CPoI candidates. CPoIs are de-
tected by applying hierarchical clustering to these candidates.
Crowdsourcing is used to identify buildings and facilities at
the detected CPoI locations and to evaluate the attractiveness
of CPoIs.

A. Structure of Ride Log Data

Ride log data is recorded as time-series tracking data of
each cyclist’s movement. This data includes the cyclist’s
position information (latitude and longitude), bicycle speed
information, and time information at one-second intervals.

B. Estimation of Stopping Points

To extract meaningful CPoIs, we first need to narrow down
significant points from the ride log data. Since CPoIs are
locations for rest, sightseeing, and enjoying scenery, it is

Fig. 1. Overview of the Proposed Method

appropriate to identify cyclists’ stay points. Stay points are
defined as GPS coordinates recorded when the front wheel
speed remains below a threshold v for t seconds or longer.
In our experiment, we set the threshold v to 5m/s and t to
180 seconds. The value of v was set as a speed that clearly
indicates stopping, considering typical bicycle riding speeds
and GPS errors. The value of t was determined to be 3
minutes as the appropriate threshold because durations less
than 3 minutes might include temporary stopping points such
as traffic signals and route checking, while durations longer
than 3 minutes might miss short rest stops or scenic viewing
locations.

C. Location Clustering

Due to GPS measurement errors of several meters, the
same location may be recorded with different coordinates.
Therefore, we determine CPoIs by clustering locations. For
this purpose, we use Ward’s minimum variance method [25],
which is one of the hierarchical clustering algorithms. Ward’s
minimum variance method minimizes the increase in variance
when merging clusters. Specifically, we first calculate the
Euclidean distances between each stopping point to create
a distance matrix. Next, we sequentially merge the closest
stopping points or clusters, forming clusters that minimize the
increase in within-cluster variance during this process. Finally,
we stop merging when the increase in variance during cluster
combination exceeds a threshold, thus identifying the final
CPoIs.



D. CPoI Identification Using Crowdsourcing

After narrowing down meaningful CPoIs from a large
amount of ride log data, we identify what buildings and
facilities exist in each cluster. When there are multiple location
candidates, we need to select the ones that cyclists would par-
ticularly prefer. In our method, we use Yahoo Crowdsourcing1

for location identification. Crowdsourcing excels in providing
objective evaluations from numerous participants at low cost
and efficiently collecting geographical information judgments
[26], [27]. The specific identification procedure is as follows:

1) Calculate the center coordinates of each cluster.
2) Obtain Street View images and surrounding maps of the

center coordinates.
3) Use Google Maps Places API2 to obtain a list of nearby

buildings and facilities.
4) Through the crowdsourcing platform, present partici-

pants with Street View images and surrounding maps,
and ask them to select the buildings and facilities visible
in the images from the list obtained via Google Maps
Places API.

The list of buildings and facilities is limited to the five
closest locations within a 100-meter radius from the center
coordinates. This consideration accounts for cases where bi-
cycle parking locations might be separate from the intended
destination, and the fact that having more than five options
could complicate decision-making and potentially lead to less
accurate responses.

E. CPoI Evaluation Using Crowdsourcing

While it is necessary to evaluate whether the identified
CPoIs are actually attractive to cyclists, conventional methods
are inadequate due to the lack of traditional evaluation metrics
such as check-in records and reviews. Therefore, in this study,
we employ crowdsourcing to evaluate CPoIs. Crowdsourcing
is widely used for evaluating hidden spots with limited data
[18] and efficiently collecting human judgments on geograph-
ical information from images [26], [27]. We consider this
method appropriate for our study, which requires objective
evaluations from numerous users. Specifically, we present
participants with maps and Street View images centered on the
locations identified in Section III-D and ask them to evaluate
them using a four-point Likert scale based on criteria important
to cyclists (Table I), such as scenic quality, suitability as a
rest stop, appropriateness as a dining location, and appeal as a
tourist spot. If the Street View information is outdated and the
identified building cannot be confirmed, participants are asked
to select the option ”specified building cannot be found,” and
the average of valid evaluations is used as the attractiveness
score for that location.

1https://crowdsourcing.yahoo.co.jp/
2https://developers.google.com/

TABLE I
EVALUATION CRITERIA FOR CPOIS

Rating Criterion: Suitability as a CPoI
4 Highly suitable
3 Moderately suitable
2 Moderately unsuitable
1 Highly unsuitable
- Cannot find the specified building/facility

IV. EXPERIMENT

A. Data Collection
In this experiment, the ride log data is collected from

cyclists using rental bicycles at Michi-no-Eki Maebashi Akagi
in Maebashi City, Gunma Prefecture, in collaboration with E-
Force Inc.3. Data collection was conducted over a nine-month
period from April to December 2023, obtaining detailed riding
data at one-second intervals from a total of 374 participants.

B. CPoI Detection Results
In this experiment, we analyzed cyclists’ ride log data to

detect CPoIs. First, we extracted stopping points where speed
remained below 5m/s for more than 180 seconds, identifying
896 initial CPoI candidates. As GPS measurements may record
the same location with different coordinates due to measure-
ment errors, we applied Ward’s minimum variance method for
hierarchical clustering to these candidates. Ward’s minimum
variance method allows adjustment of cluster numbers by
changing the threshold of variance increase rate. Too many
clusters lead to detection of duplicate similar locations, while
too few clusters result in locations with different characteristics
being treated as the same CPoI. Additionally, appropriate
threshold values depend on regional characteristics such as
tourist spot density and topographical features. In this study,
we empirically determined the number of clusters to be 125
after testing different threshold values. The 125 detected CPoIs
were distributed across urban areas, along major roads, and
in suburban and natural areas. Figure 2 shows the spatial
distribution of these CPoIs on a wide-area map.

C. CPoI Identification Results Using Crowdsourcing
We utilized crowdsourcing to identify the 125 CPoIs de-

tected through hierarchical clustering. As shown in Figure 3,
we presented each CPoI to 10 participants with Street View
images and surrounding maps centered on its location, asking
them to select appropriate places from candidates within a 100-
meter radius obtained through Google Maps Places API. As
a result of the identification process, we were able to identify
specific place names for 79 locations (63.2%). These locations
encompassed a wide range, including tourist spots such as
local landmarks and historical buildings, dining facilities like
cafes, restaurants, and roadside stations, public facilities such
as parks, observation decks, and train stations, and commercial
facilities including convenience stores and bicycle shops. For
the remaining 46 locations (36.8%), most were confirmed to be
roadside points without specific buildings or facilities nearby.

3https://www.eforce.co.jp/



Fig. 2. Distribution Map of Detected CPoIs

Fig. 3. Sample Crowdsourcing Interface for CPoI
Identification

Fig. 4. Sample Crowdsourcing Interface for CPoI
Evaluation

D. CPoI Evaluation Results Using Crowdsourcing

We conducted CPoI evaluations using crowdsourcing. As
shown in Figure 4, ten participants per CPoI were presented
with Street View images and asked to rate the location’s
attractiveness to cyclists on a four-point scale, with the average
score serving as the evaluation value for that CPoI. Four
locations where the response ”Cannot find the specified build-
ing/facility” exceeded half of the responses were excluded
from the evaluation, as these were locations where buildings
could not be confirmed due to outdated Street View infor-
mation. Table II shows the top 10 highest-rated CPoIs. High
ratings were obtained by tourist facilities such as the Dutch-
style Windmill and Santai Shrine, public facilities including
Asahigaoka Park and Chuo-Maebashi Station, agricultural
facilities like Tokunaga Farm and Fukubuta-no-sato Ton-ton
Square, and rest facilities such as Isshin-an, Himeyuri Parking
Lot, FamilyMart Shibukawa Bando Bridge Store, and 7-Eleven
Maebashi Komagata Inter Store.

TABLE II
TOP 10 HIGHEST RATED CPOIS

Rank Place Name Rate
1 Dutch-style Windmill 3.89
2 Asahigaoka Park 3.89
3 Santai Shrine 3.88
4 Chuo-Maebashi Station 3.88
5 Tokunaga Farm 3.86
6 Isshin-an 3.78
7 Himeyuri Parking Lot 3.71
8 Fukubuta-no-sato Ton-ton Square 3.71
9 FamilyMart Shibukawa Bando Bridge Store 3.71
10 7-Eleven Maebashi Komagata Inter Store 3.70

V. DISCUSSION

A. Evaluation of CPoI Identification Results Using Crowd-
sourcing

In this study, we used crowdsourcing to identify CPoIs. To
validate this method’s effectiveness, we examined each CPoI
stopping position data, predicted cyclists’ destinations, and
compared these with the locations determined through crowd-
sourcing. The verification revealed that 109 out of 125 CPoIs
matched our predicted destinations, achieving an accuracy of
87.2% (109/125). This result demonstrates that our proposed
method can identify CPoIs with relatively high accuracy.
Analysis of the identified CPoIs indicates that cyclists tend to
prioritize factors such as scenic quality, suitability for breaks,
and tourist appeal. Notably, locations combining multiple of
these elements received higher evaluations. However, most
identification failures stemmed from discrepancies between
destinations and parking locations. For example, at mountain
shrines, multiple stopping points were detected both around
the shrine itself and at parking areas at the mountain base.
When these were processed as a single cluster, the cluster
center shifted toward the base, preventing accurate identifi-
cation. This issue was particularly prominent in tourist spots
with elevation differences, where multiple cases showed that
appropriate location candidates could not be presented due to
the distance between destinations and parking locations. The
following improvements could address these challenges. First
is the refinement of clustering methods. The current method
faces issues such as the merging of densely packed stopping
points in close proximity, or the combining of distant clusters
causing cluster centers to deviate from intended locations.
Introducing density-based clustering methods like OPTICS
could enable more appropriate cluster formation [28]. Second
is the utilization of spatial crowdsourcing, where tasks are
assigned to participants who can physically visit locations.



This would enable identification of places that cannot be
determined through map information alone [26].

B. Comparison between Crowdsourcing Results and Author
Evaluation

To verify the consistency between CPoI evaluations ob-
tained through crowdsourcing and the author’s own assess-
ments, we conducted a comparative analysis. The author
examined each CPoI stopping position data individually to
evaluate their suitability as cyclist stopping points. As shown
in Figure 5, a positive correlation exists between the aver-
age crowdsourcing participant evaluations and the author’s
assessments, with many data points distributed along or near
the diagonal line. This indicates general agreement between
participant average ratings and author evaluations, confirming
the basic effectiveness of the proposed evaluation method.
However, several improvements could enhance evaluation ac-
curacy. First, certain cases proved difficult to judge based
solely on location names and Street View images. Features
such as scenic quality and rest suitability require more compre-
hensive information presentation. Therefore, providing images
from multiple perspectives and detailed information about
surrounding environments should be considered. Additionally,
addressing various heuristics that influence human judgment is
important [29], [30]. Evaluations may be affected by anchoring
effects where participants are influenced by initially presented
criteria, availability heuristics based on personal experience,
and representativeness heuristics leading to superficial judg-
ments based on typical ”tourist spot” characteristics. To ad-
dress these challenges, establishing clearer evaluation criteria
and introducing multifaceted assessments would be effective.
Specifically, setting evaluation criteria from multiple concrete
perspectives, such as ”ease of bicycle parking,” ”quality of rest
facilities,” and ”scenic appeal,” could enable more objective
evaluations.

Fig. 5. Scatter Plot of Average Crowdsourcing Ratings versus Author Ratings

Fig. 6. Relationship between evaluation scores and number of visitors for
each CPoI

C. Relationship Between CPoI Evaluation and Number of
Visitors

Figure 6 shows the relationship between the number of GPS
points in each CPoI cluster (number of visitors) and evaluation
scores. This figure excludes the starting point where all cyclists
stopped and five locations that were excluded from evaluation.
The figure reveals that while low-rated CPoIs tend to have
few visitors, highly-rated CPoIs show a wide distribution in
visitor numbers. This distribution suggests the existence of
Popular CPoIs and Hidden CPoIs. Although some locations
with low ratings had many visitors, these were confirmed to
be cases where location identification was unsuccessful due
to discrepancies between destinations and parking locations.
From the distribution of visitor numbers and evaluation scores,
we can identify Popular CPoIs that attract sufficient numbers
of cyclists and Hidden CPoIs that are highly rated despite
relatively few visitors by using a threshold value α. In this
study, we set α = 10 and classified the CPoIs into Popular
CPoIs with 10 or more visitors (shown in Table III) and Hidden
CPoIs with fewer than 10 visitors (shown in Table IV). Popular
CPoIs include tourist-oriented facilities such as the Dutch-
style Windmill and Yoshioka Onsen Roadside Station, while
Hidden CPoIs include locations where visitors can quietly
enjoy local attractions, such as urban parks like Asahigaoka
Park and historical buildings like Santai Shrine. It is generally
known that tourist site visitor numbers correlate with distance
to the destination, and the CPoIs identified in this study
also showed a tendency for visitor numbers to decrease with
increasing distance from the starting point. Considering this
characteristic, more detailed analysis of CPoI features could
be achieved through comparative analysis by distance zones
or analysis that corrects for distance-related effects.

TABLE III
TOP 5 HIGHEST RATED POPULAR CPOIS

Rank Place Name visitor numbers Rate
1 Dutch-style Windmill 15 3.89
2 Maebashi Akagi Roadside Station 30 3.67
2 Yoshioka Onsen Roadside Station Lot 22 3.67
4 Lunapark 18 3.50
4 Ushiya Kiyoshi 15 3.50



TABLE IV
TOP 5 HIGHEST RATED HIDDEN CPOIS

Rank Place Name visitor numbers Rate
1 Asahigaoka Park 1 3.89
2 Santai Shrine 3 3.88
2 Chuo-Maebashi Station 6 3.88
4 Tokunaga Farm 4 3.86
5 Isshin-an 2 3.78

VI. CONCLUSION

In this study, we proposed a method for semi-automatically
detecting and evaluating CPoIs from cyclists’ ride log data.
The proposed method identifies CPoIs through stopping point
estimation and hierarchical clustering, and evaluates their
characteristics using crowdsourcing. Through application to
actual data, we identified 125 CPoIs and confirmed the ef-
fectiveness of crowdsourcing-based evaluation. Furthermore,
through analyzing the relationship between evaluation scores
and visitor numbers, we demonstrated the potential to dis-
tinguish between Popular CPoIs and Hidden CPoIs. These
findings are expected to contribute to the discovery of new
tourism resources in cycle tourism. Future challenges include
improving clustering methods, clarifying evaluation criteria,
and analyzing the effects of distance. We expect that the
outcomes of this research will contribute to the development
of sustainable tourism through cycle tourism.
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