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Abstract. Understanding human movement trajectories represents an
important problem that has implications for a range of societal chal-
lenges such as city planning and evolution, public transport or crime.
In this paper, we focus on geo-temporal photo trails from four differ-
ent cities (Berlin, London, Los Angeles, New York) derived from Flickr
that are produced by humans when taking sequences of photos in urban
areas. We apply a Bayesian approach called HypTrails to assess different
explanations of how the trails are produced. Our results suggest that
there are common processes underlying the photo trails observed across
the studied cities. Furthermore, information extracted from social media,
in the form of concepts and usage statistics from Wikipedia, allows for
constructing explanations for human movement trajectories.

1 Introduction

Understanding the way people navigate urban areas represents an important
problem that has implications for a range of societal challenges such as city
planning and evolution, public transportation or crime. Recent research in the
computational social sciences has studied human movement trajectories in cities
through a variety of data sources including mobile phone data [15,35], GPS track-
ing [41], WiFi tracking [29], location-based social media platforms [8], online
photo sharing sites [11,13,14] and others. Such studies have provided a num-
ber of insights into human movement trajectories. For example, past work has
indicated that human mobility exhibits regularities [15,35] and spatio-temporal
patterns [8]. Research has also shown that we can successfully leverage these
patterns for certain tasks such as constructing high quality travel itineraries [11].
Yet, little is known about how the corresponding trails materialize, i.e., what
factors play a role when people move through urban spaces. Thus, in this paper,
we extend the stream of research on human movement by assessing different
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(a) Berlin heat map (b) Transition
probabilities

(c) Proximity hypothesis

Fig. 1. Main concepts of this work. In (a), we visualize a cell-based grid layout of
Berlin with photo frequencies visualized in a heatmap format, as derived from our
data at interest. (b) depicts an example of transition probabilities between cells. In
particular, it depicts the cell where the “German Bundestag” is located, and visualizes
the transition probabilities to subsequent cells, i.e. cells where people take photos after
they photographed the Bundestag. For instance, with a probability of 0.07, people take
a picture at the “Brandenburg Gate” after they have taken one at the “Bundestag”.
As we are interested in gaining insights into the processes producing these trails, we
formulate hypotheses based on belief in transitions (parameters of the Markov chain).
In (c), we depict an exemplary proximity hypothesis which represents a belief that
people successively take photos in proximate areas of a city; higher proximity refers to
higher belief.

explanations (hypotheses) of how urban photo trails are produced. A better
understanding of this process is relevant for a series of practical problems, such
as local recommendations of picturesque locations, studying touristic movement
patterns or movement of people in urban environments in general.

Problem and Objective. To that end, we aim to compare a set of different
hypotheses about how urban photo trails are produced given actual sequential
photo data from four cities (Berlin, London, Los Angeles and New York) as
derived from Web data (Flickr). In particular, we want to assess the plausibility
of different potential explanations (hypotheses) for the trails of photos that we
can observe and compare them across cities. We define an urban photo trail as
a sequence of spatial positions in a city over a period of time as, e.g., obtained
from the geo-temporal metadata of photos. Then, hypotheses can be expressed
as different beliefs about transitions between spatial positions. For example, we
might want to compare a proximity hypothesis—which represents a belief that
people frequently take subsequent photos in geographically close regions of a
city— with another points of interest (POI) hypothesis that represents the belief
that humans take subsequent photos of POIs.

Approach. To tackle these challenges, we resort to a Bayesian approach called
HypTrails [32] that allows for relative comparison of hypotheses given sequential
categorical data. The approach is based on Markov chain modeling and Bayesian
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inference; hypotheses can be seen as Markov transitions and our belief in them.
For working with HypTrails, we map each photo of a trail to a cell of a geo-spatial
grid over the city. For constructing hypotheses, we utilize information extracted
from the social semantic web, specifically, from Wikipedia, DBpedia and YAGO
and corresponding usage statistics. For illustration, we visualize and explain the
main concepts of this work in Figure 1.

Contributions and Findings. The main contribution of this work is a system-
atic evaluation of hypotheses for explaining how urban photo trails are produced
in four different cities. We find interesting commonalities, in particular we find
that the partial ordering of evidence for different hypotheses is quite stable across
the cities we have investigated. Furthermore, information extracted from social
media, in the form of concepts and usage statistics from Wikipedia, allows for
finding advanced explanations for human movement trajectories. Most promi-
nently, our results suggest that humans seem to prefer to consecutively take
photos at proximate POIs that are also popular on Wikipedia. In addition, we
can also observe differences between cities: For example, proximity is less rele-
vant for Los Angeles, which is a plausible finding given the unique topology of
the city among the studied datasets.

The findings of our work can enable photo sharing websites to offer localized
recommendations of picturesque photo spots according to actual tourist trajec-
tories, city planners to explore human movement patterns of its inhabitants in
general or tourist organizations to facilitate and optimize tours.

Structure. We start by giving an overview of related work in Section 2. Section 3
describes the utilized HypTrails method as well as the Flickr data at interest.
In Section 4, we present our hypotheses of interest. Section 5 summarizes our
experiments and presents the corresponding results. We discuss our work in
Section 6 and conclude it in Section 7.

2 Related Work

This section covers related work from three areas of research: (i) studies on geo-
spatial trails, (ii) studies on Flickr, and (iii) studies on human trails on the Web
in general.

Geo-Spatial Trails. In the past, researchers have studied geo-spatial trails
originating from diverse sources along several dimensions. For example, Song
et al. [35] as well as Gonzales et al. [15] showed that geo-spatial trails (derived
from mobile phone data) indicate high predictability with a lack of variability
between humans. Cho et al. [8] supplemented mobile phone data with check-in
data from social networks and found that human mobility is not only driven by
periodicity, but also by social ties. Generally, social check-in data on the Web has
supplemented our understanding of human mobility as e.g., shown in [9,25,26].
Further works have studied human mobility as derived from e.g., Twitter [12,16],
taxi data [27] or bike data [18].
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Flickr. Geo-spatial trails have also been studied on Flickr; e.g., De Choud-
hury et al. [11] aimed at leveraging photo trails for automatically construct-
ing travel itineraries through cities by utilizing popularity of POIs. Similarly,
Tai et al. [36] used past landmarks photographed by users for recommending
sequences of new landmarks as derived from sequential information by other
users on Flick. Girardin and colleagues have conducted several studies on Flickr
photo trails. In [13], they studied digital footprints and in [14] they focused on
tourist dynamics based on concentrations and spatio-temporal flows revealing
popular points of interests, density points and common trails tourists follow.
Apart from trails, Flickr has also been studied in other contexts specifically
regarding tagging [10,23,31] and social network properties [5,24].

Human Trails on the Web. Our research community has studied sequential
interactions of humans with the Web in various settings. While some work has
mainly focused on modeling (e.g., [2,3,7,28,30,33]), others have been more inter-
ested in investigating regularities, patterns and strategies (e.g., [17,38,39]) that
emerge when humans sequentially engage with the Web. This kind of work has
been interested in answering similar objectives as this paper, i.e., understanding
sequential steps by humans.

Many researches have been studying human navigational trails on the Web
[4,17,33,39]. This line of research has inspired other works to improve the Web,
based on these found patterns by e.g., better website design [6]. Similarly, a
better understanding of human mobility might lead to improvements in urban
city design. Other works have focused on e.g., studying search trails [40], diffusion
trails [1] or ontology editing trails [37].

3 Methods and Material

For comparing hypotheses about how humans choose their next location to take
a photo, we resort to an approach called HypTrails [32] and study data derived
from Flickr, a social photo sharing platform. This section describes both the
method and the data set.

3.1 Methodology

HypTrails [32] is an approach utilizing first-order Markov chain models [33] and
Bayesian inference [20] for expressing and comparing hypotheses about human
trails. Since a Markov chain model is a stochastic system that models transition
probabilities between a set of discrete states, it is not directly applicable to the
continuous space of geo-spatial data. To address this issue, we discretize the
geo-spatial regions by defining a grid over the target area where the grid cells
then can be interpreted as states in the Markov chain. This step allows us to use
HypTrails in the context of geo-spatial data.

With HypTrails, hypotheses can be expressed as beliefs in Markov transitions,
i.e., assumptions on common and uncommon transitions at individual states;
Section 4 presents several such hypotheses about human photo trails. To obtain
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insights into the relative plausibility of a set of hypotheses given data, HypTrails
resorts to Bayesian inference and specifically to the marginal likelihood—also
called evidence—denoting the probability of the data D given a hypothesis H.
HypTrails utilizes the sensitivity of the marginal likelihood on the conjugate
Dirichlet prior for comparing hypotheses. The main idea is thus, to incorporate
hypotheses as Dirichlet priors into the inference process.The hyperparameters of
Dirichlet distributions can be interpreted as pseudo counts; higher pseudo counts
refer to higher beliefs in a specific transition.

Thus, for each hypothesis, we need to provide a hypothesis matrix Q that
captures our generic beliefs in transitions (see Section 4) based on our geo-
spatial states. HypTrails then internally elicits proper Dirichlet priors from these
expressed hypotheses matrices by setting the pseudo counts of the priors accord-
ingly. An additional parameter K steers the total number of pseudo counts
assigned; the higher we set it, the more we believe in a given hypothesis. Basically,
this means, that with higher K, the stronger we believe in the single parameter
configuration specified in Q. With lower values of K, the Dirichlet prior also
assigns more probability mass to other, similar parameter configurations, thus
giving the hypothesis some “tolerance”.

Based on the elicited priors for different hypotheses, HypTrails determines
the marginal likelihood with respect to the empirical (observed) data. Then, we
can judge the relative plausibility of two hypotheses by comparing their evidences
for the same K; higher evidences refer to higher plausibility. The fraction of the
evidence of two hypotheses (priors), called Bayes factor [19], is then used for
determining the strength of evidence for one hypothesis over the other. A Bayes
factors can be directly interpreted as the Bayesian equivalent to a frequentist’s
significance value. In this article, all Bayes factors for reported results are decisive.
Therefore, we refrain from explicitly reporting them and, for simplicity, we can
state that one hypothesis H1 is more plausible compared to another hypothesis
H2, if the evidence of H1 is higher than the one of H2 for the same value of
K. Thus, the partial ordering based on the plausibility of respective hypotheses
H = {H1,H2, ...,Hn} can be determined by ranking their evidences from largest
to smallest for single values of K. In this work, we report evidences on a log
scale. We present corresponding results in Section 5.

Table 1. Bounding boxes and center coordinates used for data collection and hypoth-
esis creation.

min lon. min lat. max lon. max lat. center lon. center lat.

Berlin 13.088400 52.338120 13.76134 52.675499 13.383333 52.516667
London -0.5103 51.2868 0.3340 51.6923 -0.1280 51.5077
Los Angeles -118.6682 33.7037 -118.1552 34.3368 -118.2450 34.0535
New York -74.2589 40.4774 -73.7004 40.9176 74.0071 40.7146
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3.2 Datasets

In this work, we study human phototrails through cities by analyzing data
from the social photo-sharing platform Flickr1. In this section, we first describe
the data collection and its transformation into the required representation of
trails and state transitions. Then, we highlight some basic characteristics of our
datasets.

Data Collection. Our datasets2 contain metadata—i.e., user, temporal and geo
(latitude and longitude) data—about images uploaded to the Flickr platform. In
particular, we focus on pictures taken in the cities of Berlin, London, Los Angeles
and New York between January 2010 and December 2014. For each city, we
define a bounding box, see Table 1. We acquired corresponding data by crawling
Flickr’s public API. Since our analysis requires an exact position, we remove
pictures with less than street-level accuracy (level 16 on the Flickr scale3).

For our analyses, we interpret the sequence of all photos of a single user
as a phototrail ordered by the time each photo was taken, regardless of the
time difference between the photos, see also Section 6. Each photo in a trail is
mapped to a cell of a grid that we place over the respective city according to
its geo-reference. The grid cells are then used as the discrete states required by
the HypTrails approach. Since we want to capture how people move between
places in a city, such as sights or train stations, we choose a cell size of 200m
x 200m for our experiments. From our experience, this cell size is small enough
to distinguish places close to each other and it is large enough to aggregate
movement at a single place as well as to reduce the sensitivity due to GPS
inaccuracies. Figure 1 shows cells of such a grid on Berlin to give an idea about
the chosen granularity.

Finally, since we are only interested in the sequence of different places people
photograph, we remove all self-transitions (i.e., transitions from one grid cell to
itself) from the photo trails in order to account for people taking several photos
at one place. Basic statistics of the processed datasets are summarized in Table 2.

Points of Interest. We work with hypotheses (see Section 4) that utilize infor-
mation about points of interest (POIs) in a city. We query these POIs from

Table 2. Basic dataset statistics.

city years photos cells trails covered
cells

avg. trail
length

POIs avg. view
counts

Berlin 2010-11 60,978 43,052 4,364 6,343 13.97 1,085 1,240
London 2010-14 794,535 66,444 35,101 23,694 22.64 7,228 1,272
Los Angeles 2010-14 300,373 84,014 15,357 25,834 19.56 1,462 3,654
New York 2010-14 714,549 58,065 31,246 15,232 22.87 6,002 1,511

1 https://flickr.com
2 Dataset access can be requested via e-mail.
3 see https://www.flickr.com/services/api/flickr.places.findByLatLon.html

https://flickr.com
https://www.flickr.com/services/api/flickr.places.findByLatLon.html
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the social semantic web, in our case DBpedia [21] and YAGO [22]. For each
city, the POIs are filtered by bounding box. Also, area concepts such as “Ger-
many” or “Berlin”, which do not correspond to actual locations (rdf:type equal
to yago:District108552138 ), are removed.

Additionally, we quantify the importance of a POI in some hypotheses. As an
approximate measure of importance we take pageview counts of the Wikipedia
articles describing the POIs. For that purpose, we extracted view counts from
data available at the Wikimedia download page4—in this work, we use the view
counts for January 2012. Table 2 shows the number of POIs per city and their
average view count.

4 Hypotheses

The HypTrails approach allows to compare hypotheses about human trails on dis-
crete states—see Section 3 for details. Hypotheses are expressed by constructing
matrices that reflect beliefs about transitions between such states. This section
describes how several intuitions about phototrails can be expressed as hypothesis
matrices Q.

For our geo-spatial setting, we define states by discretizing the continuous
geo-spatial area using a grid. Then, we elicit the belief in the transition between
each ordered pair of grid cells. That is, given a grid cell si of a user’s last
photo, we specify how likely her next photo will be taken in every other cell sj .
In the HypTrails approach, higher values correspond to higher beliefs in the
corresponding transitions. In this paper, we express our beliefs as local transition
probabilities P (s = sj |si). For example, if a hypothesis assumes that a user, who
took her last photo in cell s1, will take the next photo in cell s2 with probability
0.5, then we set P (s = s2|s1) = 0.5. We assign these transition probabilities
between states as the values of the hypothesis matrix Q: Q(i, j) = P (s = sj |si).
Please note that the hypothesis matrix is a stochastic matrix since each row i of
Q sums to 1, i.e.

∑
j Q(i, j) = 1.

For simplicity, we do not directly express transition beliefs as probabilities,
but rather in the form of a belief function P̄ (i, j). This function can then be
transformed into a probability distribution by multiplying it with a normaliza-
tion factor 1

Z obtained by summing over all values of P̄ with regard to the source
cell si:

P (s = sj |si) =
1
Z

P̄ (i, j), Z =
n∑

j=1

P̄ (i, j)

In this paper, we apply Gaussian distributions for weighting transition prob-
abilities or factors. In this context, the elements of a hypothesis matrix Q often
take very small values. For practical computational reasons, we set the value for
a belief in a transition Q(i, j) = P̄ (i, j) to 0 if the transition probability falls
below a threshold. For our experiments we use 0.01 as a threshold. Furthermore,
we set the beliefs in self-transitions to zero (P̄ (i, i) = 0) for all hypotheses as we
4 http://dumps.wikimedia.org/other/pagecounts-raw/

http://dumps.wikimedia.org/other/pagecounts-raw/
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are more interested in modeling actual movement. This is in accordance to the
removal of self-transitions in the observed data for our experiments. Next, we
describe the hypotheses that we analyze in this paper.

Uniform Hypothesis. This hypothesis believes that each transition is equally
likely assuming that users take pictures uniformly at random anywhere in the
city regardless of the previous location:

P̄uniform(i, j) = 1

We use the uniform hypothesis as a baseline hypothesis: an informative hypoth-
esis should at least be more plausible than the uniform hypothesis in order to
express valid notions about the processes underlying human photo trails.

Center Hypothesis. Typically, the city center is the most lively part of a
city and this hypothesis assumes that a user always takes her next picture near
the city center regardless of the location of her last picture. To formalize this
hypothesis, we use the geographic center C of the city (as listed in Table 1)
and lay a two-dimensional Gaussian distribution centered at this point over
the corresponding grid. Given the geographic (haversine [34]) distance dist(C, j)
between the city center C and the central point of the grid cell sj , we calculate
the entries of the hypotheses matrices from the following distribution:

P̄center(i, j) = e− 1
2σ2 dist(C,j)2

We parametrize the center hypothesis with the standard deviation σ (e.g., in
kilometers). A small value of σ indicates the belief that most pictures are taken
very close to the city centre. If σ approaches infinity the hypothesis approximates
the uniform hypothesis.

Points of Interest (POI) Hypothesis. Previous work on photo trails has
shown that it is possible to automatically construct travel itineraries through
a city by analyzing Flickr users behavior [11]. This suggests that humans favor
points of interests—including not only tourist attractions, but also important
public transportation spots or the locations of government institutions—when
taking photos throughout major urban tourist areas. Thus, the POI hypothesis
captures the intuition that people take a majority of pictures near such POIs.
Similar to the center hypothesis, we express the attraction force of each POI with
a two-dimensional Gaussian distribution. Formally, for each cell sj and each POI
q ∈ Q, we get an attraction value G(q, j) that corresponds to the likelihood that
q generates a picture in cell sj according to their distance:

G(q, j) = e− 1
2σ2 dist(q,j)2

Here, as before, dist(q, j) describes the haversine distance between POI q and
cell sj . Then, for each cell, we aggregate the distance weighted attraction values
of all POIs.

P̄poi(i, j) =
∑

q∈Q

G(q, j)
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In doing so, cells that contain multiple POIs have a stronger attraction to their
neighboring cells. Again, we have to choose an appropriate standard deviation σ;
a small σ assumes that photos are taken directly at the point of interest, whereas
a larger σ assumes that pictures are taken in the surroundings of a POI. Larger
values of σ may represent the fact that people do not take pictures directly at a
POI, e.g., to cover an architectural attraction fully in one picture, or they find
something interesting to photograph nearby. In this work, we utilize points of
interest extracted from DBpedia, see Section 3.2.

Weighted POI Hypothesis. Each city contains a large amount of potential
POIs, however, not all of these are equally important. For example, the “Branden-
burg Gate” is more likely to influence human trails in Berlin than the less known
“Charlottenburg Gate”. We capture this intuition in a weighted POI hypothesis
by approximating the importance of a POI q by the view count views(q) of the
Wikipedia article corresponding to this POI. If the view count of an article is
very high (as e.g., for the “Brandenburg Gate”), we expect the respective POI
to have a stronger influence on the sequence of image locations. We quantify this
hypothesis by weighting each term of the POI hypothesis:

P̄weighted poi(i, j) =
∑

q∈Q

(views(q) · G(q, j)) .

Since we expect view counts to follow a power law, we also apply a sub-linear
weighting scheme to avoid overemphasizing the importance of large points of
interest:

P̄log weighted poi(i, j) =
∑

q∈Q

(log(views(q)) · G(q, j)) .

Proximity Hypothesis. This hypothesis—motivated by findings of previous
work [8,15,32]—expresses the belief that the next image of a user will be taken
nearby the last image. To formalize this hypothesis, we consider the haversine dis-
tances dist(i, j) between the center points of two cells si, sj . Then, we can again
specify the respective transition probabilities by applying a two-dimensional
Gaussian distribution:

P̄prox(i, j) = e− 1
2σ2 dist(i,j)2

As before, a standard deviation σ must be specified; a small value of σ suggests
a photo is more likely to be taken very close to a user’s previous photo. An
example for this hypothesis is depicted in Figure 1(c) where we visualize our
beliefs in transitions from one state to other states (i.e., one row of Q).

Mixture of Hypotheses. Finally, we are interested in studying the effects of a
mixture of two hypotheses. Technically, we mix two hypotheses by element-wise
multiplication of the corresponding hypothesis matrices. In this paper, we study
two mixtures combining the intuition that people are likely to take pictures at
POIs or close to the city center on one hand, but at the same time stay close to
their current location for their next photo on the other hand. We can capture
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this by combining the POI or center hypotheses with the proximity hypothesis.
Please note that other kinds of combinations are also conceivable.

Proximate weighted POI hypothesis. First, we are combining the POI hypoth-
esis with the proximity hypothesis, i.e., we assume that people will move to a
POI to take their next photo but, instead of moving to a random POI, they
choose one close by.

P̄prox (log )weighted poi(i, j) = P̄prox(i, j) · P̄(log )weighted poi(i, j.)

Proximate center hypothesis. Similarly, the following formulation expresses
the belief that the next picture is likely taken closer to the city center, but limits
the area to move to to a location close to the current one.

P̄prox center(i, j) = P̄prox(i, j) · P̄center(i, j.)

5 Experiments

In Section 4, we introduced a set of hypotheses that express beliefs on where
people take their next picture while moving through a city. In this section, we
compare these hypotheses with each other based on empirical trails derived from
four different cities—Berlin (Germany), London (United Kingdom), Los Angeles
(USA), and New York (USA) (see Section 3.2)—by employing the HypTrails
approach as outlined in Section 3.1.

First, we focus on Berlin as a representative example in Section 5.1. We report
in-depth experimental results for different parameter settings of each hypothesis.
Afterwards, we report results for the other three cities in Section 5.2 focusing
on the individually best parameter settings and highlight prominent differences
between them.

5.1 Berlin

In this section, we thoroughly study each hypothesis and their different parame-
terizations in the same order as they have been introduced in Section 4, focusing
on Berlin.

Center Hypotheses. For Berlin, the most photos are clearly centered around
the cultural center as shown in Figure 1(a). Thus, we expect the center
hypothesis—i.e., the belief that people move towards the city center and stay
there for taking photos (see Section 4)—to be a better explanation of human
photowalking behavior than our baseline (uniform) hypothesis. We consider the
center of Berlin (see Table 1) and four different standard deviations σ: 1km, 3km,
5km and 10km. The results are depicted in Figure 2(a).

As expected, the results show that for all considered values of K > 0 and
all parameterizations of the hypothesis, the center hypothesis is more plausible
than the uniform hypothesis (higher evidences). The best center hypothesis is
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Fig. 2. Berlin. This figure visualizes the results for our hypotheses on human photo
trails on Berlin. First, for each type of hypotheses at interest, we compare various
parameter configurations (a-e). Then, in (f) we compare the best hypotheses from
each set. Overall (f), a combination of proximity and weighted POIs provides the best
hypothesis. This suggests that people prefer to subsequently take photos at important,
yet proximate POIs in a city (c.f., Section 5.1).

based on σ = 3km and the worst on σ = 10km. Standard deviations of 1km
and 3km are mediocre and cross for increasing K. The initially high evidence
values of 1km mean that this hypothesis covers an important aspect of the data.
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The quickly dropping values, however, are an indicator that it also fails to model
important transitions outside the 1km radius. This is because with increasing
K, HypTrails decreases the tolerance of a hypothesis, cf. Section 3.1 and [32].
Contrary, for σ = 5km low values of K show lower evidence, but it does not drop
as quickly, eventually resulting in higher evidence values than for σ = 1km. This
indicates that the 5km standard deviation covers most transitions, but fails to
model the strong focus on the center aspect.

Overall, we find that the center hypothesis is a reasonable explanation for
photowalking trails in Berlin. In detail, of the investigated standard deviations,
3km works best, while 1km is too specific and 5km is too broad.

Points of Interest Hypotheses. For the POI hypothesis (see Section 4), we
consider five different standard deviations: 0m (only considering the grid cell the
POI is located in), 100m, 200m, 400m, and 800m. The results (see Figure (2b))
suggest that the POI hypothesis provides good explanations about how people
photowalk a city as all parameterizations indicate higher evidence compared
to the baseline (uniform) hypothesis. In detail, the results show that the POI
hypothesis without Gaussian spread performs inferior to those POI hypotheses
allowing their influence to spread. The two rather close-ranged spreads 200m
and 400m perform the best implying that people indeed move towards POIs.
The worse performance of too narrow and too wide ranges is an indicator that
people tend to visit places and take photos of the place at a close range, but
not necessarily directly at the POI. For example, a minimum range might be
required to capture a large building in one picture.

Weighted Points of Interest Hypotheses. In the weighted POI hypotheses,
more popular POIs have a stronger influence on the transitions. For tractability,
we focus on the best spreading parameter σ for the unweighted POI hypothe-
sis from the previous paragraph, i.e. σ = 200m. Overall (see Figure (2c)), the
hypothesis that people prefer to take pictures at places with many important
POIs (here, derived from Wikipedia) provides a reasonable explanation for how
people photowalk a city. By using online usage statistics from Wikipedia (view
counts), we can strengthen the evidence of the hypothesis by a small, but signif-
icant amount if we use logarithmic scaling.

Proximity Hypotheses. For the the proximity hypothesis (see Section 4), we
use four different standard deviations σ: 200m, 400m, 700m and 1.5km. Overall,
the results shown in Figure (2d) demonstrate that the hypothesis that people
prefer to consecutively take pictures in their proximity captures an important
aspect of the production of human photo trails; σ = 700m produces the highest
evidence for all considered values of K > 0. For standard deviations of 200 and
400m, a similar situation occurs as for the center hypotheses with a standard
deviation of 1km: They seem to concentrate their belief on a too narrow proxim-
ity leading to decreasing evidence values for higher values of K. Contrary, the
proximity hypothesis with σ = 1.5km is too broad, somewhat neglecting the
centralized character of the proximity aspect.
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Mixtures of Hypotheses. To evaluate the mixture of POI and proximity
hypothesis, we focus on the logarithmically weighted POI hypothesis with σ =
400m since it was one of the best performing hypotheses so far. This is combined
with different standard deviations for proximity, i.e., 100m, 200m, 400m, 700m
and 1.5km. The results shown in Figure (2e) indeed demonstrate that adding
the proximity aspect to the POI hypothesis strongly improves the evidence of
the corresponding belief how people consecutively take pictures in a city. The
best results can be achieved with larger standard deviations σ, i.e., σ = 700m
and σ = 1.5km.

We also investigated different parametrization for the mixture of the proxim-
ity and the center hypothesis (not visualized in this paper due to limited space).
The best parameter setting was a standard deviation of 3km for the center and
a standard deviation of 1.5km for the proximity hypothesis (see Figure (2f)).

Comparison. For a direct comparison of the different hypotheses we are taking
the most plausible ones (best parameters) of each set as elaborated beforehand.
The results are shown in Figure (2f). We can see that the center and the weighted
POI hypothesis perform quite similar which may be due to the larger number of
(important) POIs in the city center. At the same time, the proximity hypothesis
performs very well and combining it with the other hypotheses improves them
strongly. Indeed, the combination of the proximity hypothesis and the weighted
POI hypothesis provides the best explanation of how people move around Berlin
while taking photos. This result suggests that information extracted from the
social semantic web, in the form of concepts and usage statistics from Wikipedia,
allows for finding advanced explanations for human movement trajectories.

5.2 Los Angeles, London and New York

To further augment the results from Section 5.1, we analyze three more cities,
namely, Los Angeles (USA), London (United Kingdom) and New York City
(USA). We show similarities and highlight some differences between the cities.
For a concise presentation, we focus on the best parameter settings for each
hypothesis only. The best parameters were determined separately for each city.
Results are depicted in Figure 3. For most parts, all hypotheses perform very
similar and the best parametrizations are consistent. This indicates that the
hypotheses about photo trails in Berlin can be generalized to other cities quite
well, implying that some basic patterns exist that even hold across countries.

However, there are two exceptions which are worth mentioning. First, in Los
Angeles (see Figure (3c)), the most plausible center hypothesis has a standard
deviation of 10km instead of 3km. This indicates that LA either has a very large
center or none at all—arguably, LA is a spread out city which may cause this
divergence. Additionally, in LA higher standard deviations for the POI hypoth-
esis, i.e., 400m instead of 200m, are favored compared to the other cities. Also,
even the best performing hypotheses are strongly decreasing with increasing K.
This further supports the idea that LA is structurally different from the other
cities. Second, the linearly weighted POI hypothesis in London is superior to the
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Fig. 3. Comparison of cities. This figure visualizes the results for our studies on human
photo trails derived from Berlin(a), London (b), Los Angeles (c), and New York City
(d). We only present a comparison of the best hypotheses for each type of hypotheses
for each city. We can identify similar explanations across cities, but there are some
differences for LA and London (c.f., Section 5.2).

logarithmically weighted one. This may be due to different view count distribu-
tions and has to be further investigated in the future.

6 Discussion

In this work, we have conducted extensive experiments to gain a better under-
standing of the underlying processes that are employed when people take photos
while moving through cities. We dedicate this section to discuss characteristics
specific to our approach and corresponding results and to highlight some poten-
tial limitations.

Data Characteristics. Next, we shortly discuss four relevant aspects regard-
ing our data: (i) splitting photo trails due to time constraints, (ii) observation
sparsity, (iii) Flickr movement characteristics and (iv) state granularity.

(i) We have considered the sequence of all photos of a user as a single photo-
trail regardless of the time span in between two photos. However, if such a time
span is too long (e.g., a week or even a few hours), the corresponding two pho-
tos are most likely unrelated. Thus, in additional experiments, we have removed
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transitions with time intervals exceeding 6 or 24 hours respectively The results
are very similar to the ones reported in Section 5 which is why we refrain from
explicitly reporting them.

(ii) Since we are using grids with 200m by 200m cells over relatively large
areas, the number of observations for corresponding transitions is limited. How-
ever, as HypTrails automatically focuses on observed states, the sparsity of the
data does not randomly bias our results. Thus, no further testing of possibly
derivable predictors is necessary since all available information is drawn directly
from the data via Bayesian inference.

(iii) Due to our focus on studying Flickr, we are only able to make judgments
about behavioral aspects that emerge when people move through a city and take
photos as captured by Flickr. Studying other forms of mobility data might reveal
different results. However, we might assume that certain behavioral aspects are
similar, regardless which type of data we look at as suggested in [8]. This may
be verified, for example by contrasting different cities or consider different kinds
of movement data—e.g., social check-in data, mobile phone data or business
reviewing data.

(iv) While the focus on an intra-city level in this work has allowed us to gain
insights into urban behavior, we might observe different movement patterns if
we extended our scope of interest. To give an example, by looking at cities, we
constrain our studies to a small geographic area which might favor proximity
based hypotheses. If we extended the scope, by e.g., looking at a country or
continent level, the results might largely differ. However, then, other kinds of
hypotheses might be more plausible to study.

Choice of Hypotheses. The observations in this work are limited by our choice
of which hypotheses to study and how to express them; they have mostly been
motivated by related work. Many other kinds of hypotheses are conceivable and
can be investigated with HypTrails and our data. We suggest some potential can-
didates: (i) A hypothesis expressing the belief that a river is a natural barrier
in a city. (ii) Also, district boundaries may be some kind of barrier. Addition-
ally, (iii) demographic aspects (such as crime rates) might influence movement
patterns in a city.

Tourists and Other User Groups. Previous work has suggested that the
photographing behavior on Flickr differs between tourists and residents in a
city [11,14]. The authors of [11] argue that residents are not under the direct
pressure of visiting as many POIs within a certain time span as tourists are.
Thus, we might also see differences in their behavioral aspects producing the
human photo trails studies in this article. The same may apply for a number
of other user groups or sub-groups, such as visitors from different countries or
users from different generations. While we have focused on an aggregated view
in this paper, the distinction between such user groups might be an additional
highly interesting layer which we leave open for future work.
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7 Conclusion

In this paper, we have investigated and compared hypotheses about urban photo
trails across different cities by analyzing sequences of geotagged photos uploaded
to the Flickr platform using the Bayesian HypTrails approach. For the informed
specification of hypotheses, we have utilized additional data sources such as
DBpedia, YAGO and view counts of Wikipedia articles which has allowed us
to find advanced explanations for human movement trajectories. Our results
suggest that cities share interesting commonalities and differences. For example,
while proximity is an overall good explanation across all cities, for the city of Los
Angeles we observe movement patterns on a different scale. Most prominently,
our results suggest that humans seem to prefer to consecutively take photos at
proximate POIs that are popular on Wikipedia.

In future work, we plan on extending our work by looking at additional cities.
Furthermore, it would be interesting to expand the current city-level analysis to
a larger scale, e.g., trails across different cities or countries. Finally, improved
tool support for the interactive exploration of location sequences and hypotheses
would be helpful.
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