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Abstract—Due to the popularity of GPS-equipped cameras
such as smartphones, geo-tagged image datasets are widely
available and they became a good source to record every corner of
urban streets and to understand people’s everyday life. However,
even in the presence of such large visual datasets, a simple
question is not yet answered about how much such data cover a
certain area spatially. For example, when we have millions of geotagged images in San Francisco, how do we know if this dataset
visually covers the city completely or not in an intuitive way? Do
we have visual coverage of a specific region from all directions
or from only a certain direction? This paper provides an answer
to such a question by introducing new measurement models
to collectively quantify the spatial and directional coverage of
a geo-tagged image dataset for a given geographical region.
Our experimental results using large real datasets demonstrate
that our proposed models are able to well represent the spatial
coverage of a geo-tagged image dataset, which is comparable to
human perception.
Index Terms—geo-tagged image, spatial coverage, field of view,
directional coverage

I. I NTRODUCTION
Images tagged with their spatial properties such as geographical location are termed as geo-tagged images. Due to
the ubiquity of sensor-equipped cameras such as smartphones,
people are conveniently and automatically generating more
and more geo-tagged images and sharing them in ever-growing
online services (e.g., Flickr, Instagram, and Snapchat). According to two studies [6], [23], Flickr has collected roughly
215 million geo-tagged images captured by users all over
the world. Such massive datasets of geo-tagged images with
advanced data analysis technologies provide various information about recorded areas such as the objects recorded and
people’s perception of the recorded area which can be utilized
in many real applications. Several research efforts have been
devoted to utilizing the spatial context of geo-tagged images
in real applications (e.g., image search [3], [19], analyzing
the characteristics of cities and communities [9], [25], and
event recognition [1], [21]). The success of such applications
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depends on obtaining sufficient visual data related to particular
geographical regions.
One of the most fundamental questions one can make in
the presence of a geo-tagged dataset is how much a specific
region is visually covered by the dataset. Interestingly, there is
no sufficient simple answer to such a basic question which can
provide a very useful insight into many critical applications
such as urban planning, situation awareness in disasters, etc.
What percentage of the region do we understand visually? Can
one single number provide how well a certain region is covered
by a dataset? How can we define a visual coverage of geotagged images? When one collected thousands of images for
an urban street block, does it show every corner of the region?
Spatial metadata of images by themselves do not provide a full
visual understanding of their recorded regions.
Hence, there is a need to define appropriate models for
measuring a spatial coverage of a geo-tagged image dataset
collectively based on human visual perception. One solution
is to use the visual feature descriptors of images to extensively
study the visual coverage of images utilizing computer vision
approaches (e.g., the structure-from-motion algorithm [28]),
which are computing intensive, time-consuming, and errorprone. An alternative solution is to utilize the tagged geospatial
properties to estimate spatial coverage of images which might
efficiently provide a comparable estimation of the visual
coverage of images. This paper focuses on investigating the
latter approach.
Defining efficient spatial coverage model requires an appropriate spatial representation of an image. Ay et al. [5]
introduced an image field-of-view (FOV) representation which
comprises the camera location, the spatial extent of the image
view, and the camera viewing direction. This FOV model
effectively converts the spatial coverage of an image into a
simple geometric figure such that a large amount of images
can be managed efficiently in a spatial database. In our work,
we adopt this representation.

Some researchers investigated the problem of regional visual
coverage using optimization algorithms with a restricted set of
image sensors such as robots or drones in the mission (e.g.,
autonomous sensors) [8], [27]. In our work, we address the
visual coverage problem differently. In particular, we utilize
geo-metadata to define spatial models to measure the spatial
coverage of an image dataset obtained from various sensors
without any constraint (such as online geo-tagged images).
We effectively represent each geo-tagged image as a spatial
object in the database. Subsequently, our spatial coverage
models can be straightforwardly converted to spatial queries
which are well supported by conventional enterprise geospatial
databases [24], [26]. Such databases use the state-of-the-art
spatial index structures (e.g., R-tree [11] or Quadtree [29]) to
organize the images’ metadata efficiently and enhance query
performance. This enhances the usability and scalability of our
models when dealing with large scale image datasets.
Estimating the spatial coverage of geo-tagged images was
used as part of our previous research work (e.g., [30], [31]).
However, the problem was not thoroughly investigated, specifically, the adopted solutions were to intuitively calculate the
percentage of the overlapping area between a certain region
and the collectively covered area of a set of images without
considering the view directions of images which is critical
in visual understanding. In this paper, we use such a model
as a baseline which we refer to it as Area Coverage Model.
Moreover, we propose other models to estimate the spatial and
directional coverage of images within a given geographical
region. One of our proposed models calculates the coverage
percentage with respect to various viewable directions to
assure the visibility of the region from all viewable angles
(referred to it as Directional Coverage Model). The other
model measures the spatial coverage with respect to both all
viewable directions and all local viewpoints inside a given
region (referred to it as Cell Coverage Model), especially for
the case when the size of an interested region is large. To
evaluate the validity of our proposed models, we first compared them with actual human perception using a user study.
Then, we evaluated the efficiency of our models using largescale real geo-tagged image datasets collected in New York,
San Francisco, Los Angeles, and Pittsburgh. Our experimental
results demonstrated that our models are able to successfully
represent the spatial coverage of a geo-tagged image dataset
and the results were comparable to human perception.
The remainder of this paper is organized as follows. In
Section II, we review the related work. Section III describes
the spatial representation of images, and a formal problem
definition of the spatial coverage measurement of images.
Section IV presents our proposed models and Section V
reports our experimental results. Finally, in Section VI, we
conclude.
II. R ELATED W ORK
Applications based on Geo-metadata of Images: Several
researchers investigated different applications which utilize
only geo-metadata in managing images. For example, Kim et

al. [15] proposed heuristic approaches that spatially select a
set of images for generating a panoramic image at a particular
geographical location. Wang et al. [32] proposed a machine
learning approach which utilizes the geo-metadata for selecting images spatially for 3D model reconstruction. To et al. [31]
and Tavakkol et al. [30] proposed entropy-based methods
which prioritize images for crowdsourcing real-time images
in a time-constrained manner. Zhang et al. [34] and Hao et
al. [12] proposed different techniques to extract keyframes
from an existing video dataset for representing a geographical
area. Various works also investigated organizing image and
video datasets using their geo-metadata (e.g., [16]–[19], [22]).
Such applications require estimating the coverage of the spatial
extent of geo-tagged images; thus they mainly focused on
calculating the percentage of the overlapping area between the
spatial extent of images and the given geographical region.
Coverage Models of Geo-tagged Images: To the best of
our knowledge, we are the first who have investigated the
spatial coverage of images for a geographical region. However,
there are two works [8], [27] which are relative to our
problem. Papatheodorou et al. [27] investigated optimization
algorithms for controlling autonomous robots at the time of
video recording to obtain the best coverage of a given area. Del
Bue et al. [8] focused on controlling robot movement to obtain
full visual coverage of a given area using the well-known 3D
reconstruction algorithms (e.g., [28]). Both of these works are
different from our work since they utilize computer vision
algorithm based on the content of the collected images. Such
approaches are expensive and require many similar images
to cover all features for each specific place. However, our
proposed models utilize only the metadata tagged with images
at the capturing time.
III. P RELIMINARIES AND P ROBLEM D ESCRIPTION
We first describe the spatial descriptor of geo-tagged images
to define spatial coverage models. Next, we give a formal
description of the spatial coverage measurement problem.
A. Spatial Representation of Image
In this research, an image is represented spatially using
its field of view (FOV) [5]. The FOV of an image (see
Definition 1 and Figure 1) is the spatial extent which is
described by four parameters (camera location L, camera
direction θ, viewable angle α, and maximum viewable distance
R) obtained at the image capturing time using various sensors
(e.g., GPS and digital compass) embedded in a camera. The
FOV descriptor provides an accurate spatial representation
because it specifies the viewing direction of an image and
provides a spatial boundary of the scene depicted in the image.
Similarly to images, a video is a sequence of frames (i.e.,
images) and every frame is represented spatially with an FOV.
Assuming an image dataset D which is a set of images and
video frames where every image and frame is tagged with
its FOV descriptor, a dataset of spatial objects F is formally
defined in Definition 2.

Definition 1 (Field of View [5]). Given an image Ij , the image
field of view fj is represented by four parameters (acquired
at the image capturing time), fj ≡ hL, θ, R, αi, where L is
the camera position in latitude and longitude obtained from
the GPS sensor, θ is the angle with respect to the North
obtained from the digital compass sensor to represent the
~ R is the maximum visible distance at
viewing direction d,
which an object can be recognized, and α denotes the visible
angle obtained from the camera lens property at the current
zoom level.

a triangular region). And, a query range Rq is represented
by a rectangular region. Subsequently, for measuring the
spatial coverage of Rq by F we can intuitively calculate the
percentage of the overlapping area of Rq with F. In particular,
we first calculate the overlap between the rectangle region of
Rq and the union set of triangles representing F and then
estimate the percentage of the overlapped area with respect to
the area of Rq . The model is formulated in Eq. 1 and illustrated
in Fig. 2.
ACM (Rq , F) =

Area(Overlap(Rq , F))
Area(Rq )

(1)

Fig. 1: Image Field-of-View (FOV) Representation
Definition 2 (Field-of-View Dataset). Given an image dataset
D, the field-of-view dataset F is a set of spatial objects
{f1 , f2 , . . . fn } where each fj ∈ F is the corresponding FOV
descriptor for the image Ij ∈ D.
Recently, various systems have been proposed (e.g., MediaQ [14] and GeoVid [4]) for collecting images and videos
which are automatically tagged with FOV metadata. Such
systems can be supported with a spatial crowdsourcing mechanism [2], [13] to employ users for collecting images at certain
places. After collecting such a set of images, there should be
a mechanism to measure their coverage.
B. Problem Description

Fig. 2: The Area Coverage Measurement Model
The ACM model is a straightforward approach without
considering the directional property of F; hence does not
represent a complete visual coverage of the query range based
on human visual perception. For example, ACM outputs
100% coverage in both cases illustrated in Figs. 3a and 3b.
However, Rq in Fig. 3a is visible from only one direction while
Rq in Fig. 3b is viewed from two directions which provide a
better visual perception of Rq . Therefore the coverage of Rq
in Fig. 3a should be less than that of Fig. 3b. This limitation
is addressed by the following model.

Given a field-of-view dataset F and a query range Rq , the
spatial coverage measurement (SCM ) problem is formulated
as calculating the geo-awareness percentage ρ of F to the
visual space located in Rq .
SCM (F, Rq ) =⇒ ρ

(a) FOVs Completely Cover Rq (b) FOVs Completely Cover Rq
from One Direction
from Two Directions

IV. C OVERAGE M EASUREMENT M ODELS

Fig. 3: Drawbacks of the Area Coverage Measurement Model

In this section, we present three models of the space
coverage measurement with a set of geo-tagged images. The
first model basically estimates the percentage of the area
covered by F (referred to as Area Coverage Measurement
(ACM ) Model). The second model additionally measures the
visibility of the area from various directions (referred to as
Directional Coverage Measurement (DCM ) Model). The third
model measures the visibility at a finer granularity by dividing
the area of a query range into cells and evaluating the visibility
of each cell then aggregating the results into one (referred to
as Cell Coverage Measurement (CCM ) Model).
A. Area Coverage Measurement Model (ACM )
Using the metadata of an image, each FOV constructs a pieshaped region as shown inFigure 1 (can be approximated as

B. Directional Coverage Measurement Model (DCM )
To estimate the visibility of Rq from various viewing directions, we use the directional property (i.e., f.θ) of each f ∈ F
when estimating the spatial coverage of Rq . Towards this end,
we divide Rq into a set of directional sectors (see Definition 3)
based on the viewing degree of interest. The sectors can be
generated by calculating the maximum circle inscribed in Rq
and dividing the circlePinto d equal-sized sectors S (i.e.,
d
◦
S = {s1 , s2 , . . . sd } |
i=1 (si .θmax − si .θmin ) = 360 ).
Thereafter, we estimate the coverage for each viewing sector
by considering a subset of F whose viewing angles fall into
the viewing sector and calculate the overlap percentage with
Rq as shown in Eq. 2. To obtain the final result, we average the

coverage of the region from all viewing directions as shown
in Eq. 3. Note that this equation can be straightforwardly
extended using a weighted average when a certain direction
has a different priority in human visual perception.
Definition 3 (View-Directional Sector (s)). The sector s is
bounded by two vectors (S =< smin
~ , smax
~ >) where
smin
~ is defined by the angle θmin from the North, and
smax
~ is defined by the angle θmax from the North.
Coveragedir (Rq , F, si ) = ACM (Rq , Fsi ) |
Fsi = {∀f ∈ F : angle(f ) ∈ si }

(2)

Pd

Coveragedir (Rq , F, si )
(3)
d
Figure 4a shows an example when Rq is viewed by
F = {f1 , f2 }. Moreover, Rq is divided into 8 directional
sectors (i.e., S = {s1 , . . . , s8 }). With respect to s3 , F
(particularly f2 ) covers approximately 32% of Rq while, with
respect to s6 , F (particularly f1 ) covers approximately 64%.
Meanwhile, with respect to the other directions, Rq is not
viewed. Consequently, the overall spatial coverage is 12%
(DCM (Rq , F, 8) = 96%/8 = 12%.), which provides more
reasonable measurement considering directions.
The main shortcoming of DCM is that it does not properly
provide the coverage estimate of Rq at finer granularity when
the area of Rq is relatively large comparing to that of FOV.
For example, Figure 4b shows that Rq includes three local
locations denoted as p1 , p1 , and p3 . p1 is visible by f1 and
f2 through two different viewing directions. However, both
p2 and p3 are visible by only f1 from one viewing direction.
The whole range Rq is visible from two viewable directions,
however, not all local locations of Rq are visible from these
two particular viewable directions. Thus, the spatial coverage
calculation provided by DCM is not sufficient to estimate how
well it covers a certain point from various directions inside Rq
(such as occluded areas). This issue is addressed by the next
model.
DCM (Rq , F, d) =

(a)

i=1

(b)

Fig. 4: Directional Coverage Measurement Model
C. Cell Coverage Measurement Model (CCM )
The query range (Rq ) is composed of an infinite number of
points. Hence, for estimating the coverage of Rq at the finestgranularity (i.e., individual point-level), we should calculate
the coverage of each point. However, this will be computationally intractable and such a fine point-level consideration is

Fig. 5: The Cell Coverage Measurement Model

not necessary in understanding images. An alternative heuristic
solution is to partition the whole region of Rq into smaller
regions and recursively estimate the coverage of every small
region using DCM . In sum, this model (an extension of
DCM ) addresses three properties of measuring the spatial
coverage: the percentage of the covered area by F, the visibility of Rq as a whole area from various directions, and the
variety of the visual observation of local areas. In partitioning
Rq , one straightforward way is to use the Grid structure which
divides Rq into equal-sized cells. Thereafter, we aggregate the
partial results of all cells to report the final result. Note that the
space decomposition can be altered without loss of generality
when regions have different emphasis in visual perception.
Algorithm 1 shows the pseudocode of the CCM model.
Algorithm 1 CCM (Rq : Query Range, F: Set of FOVs, d:
Number of View-Directional Sectors, c: the number of cells)
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:

Divide the region Rq into c equal-sized cells such that
Rq = {r1 ∪ r2 ∪ ... ∪ rc }
for cell ri ∈ Rq do
Fri = {∀f ∈ F : f ∩ ri }
for view-directional sector sj where j = 1, 2, ..., d do
Fsj = {∀f ∈ Fri : angle(f ) ∈ sj }
Area(Overlap(ri ,Fsj )

Coveragesj =
Area(ri )
end for
Pd
Coveragesj
Coverageri ← j=1 d
end for Pc
Coverageri
result = i=1 c
return result

Figure 5 shows an example of how CCM is performed. In
this example, Rq is divided into 9 cells and 8 view-directional
sectors. The r1 cell is covered only by f1 with respect to
the view-directional sector s5 . Thus, the coverage of r1 is
96%/8 = 12%. Furthermore, r6 is covered by both f1 and f2
capturing the s3 and s6 sectors, respectively. Thus, coverage
of the r6 is (72% + 80%)/8 = 19%. Following the same way,
we can calculate the coverage scores for other cells, and obtain
the overall coverage for the entire region Rq by aggregating
the coverages of all cells.
Intuitively, the selected values for the model parameters
(i.e., the number of cells (c) and the number of viewdirectional sectors (d)) impact the spatial coverage estimation
by CCM . The user can tune the values of these parameters
to achieve an acceptable trade-off between the completeness
of coverage estimation and the efficiency of the algorithm.

TABLE I: A Summary of Query Ranges Used for User Study
Query Range
A
B
C
D
E
F
G
H
I

# of FOVs
11
10
25
14
30
12
24
26
12

Area (m2 )
48.9 × 56.9
85.4 × 75.4
75.1 × 93.9
33.8 × 39
37.5 × 88.9
31.4 × 48.3
44.4 × 54.4
79.5 × 114.8
58.6 × 69.7

TABLE II: Experiment Parameters for Evaluating the Effectiveness of the Proposed Models
Parameter
# of View-Directional Sectors (d)
# of Cells (c)

Values
2, 4, 6, 8
4, 9, 16, 25

V. E VALUATION
A. The Effectiveness of the Proposed Models
To evaluate the meaningfulness of our proposed spatial
coverage measurement models, we conducted a user study
evaluation using a small-scale dataset. First, we explain how
the user study was done and report the comparison of the results from the user study and our models. Then, multiple cases
with real big image datasets are discussed in the following
sections.
1) Dataset and User Study: We collected geo-tagged images using the MediaQ smartphone app [14] at nine buildings
at the University of Southern California, Los Angeles. (see
Fig. 6 and Table I). All collected images were tagged with their
corresponding FOVs (for all FOVs, f.α = 45◦ and f.R = 100
meters). Fig. 7 shows a set of example images at one of the
buildings involved in the user study and Fig. 8 visualizes their
FOVs. We bounded each building by a minimum bounding
rectangle (MBR) to generate Rq for the corresponding building. To evaluate the spatial coverage of each Rq using our
proposed models (ACM , DCM , and CCM ), we conducted
several experiments with the parameters listed in Table II. To
obtain the ground truth1 , we conducted a user study to gauge
the perceived coverage of every Rq . Six people participated
in the study who are familiar with the chosen buildings
for accurate evaluation. Since human evaluation might be
subjective and depend on individual visual perception of Rq ,
we averaged their results to derive the ground truth.
2) Spatial coverage Models vs. User Study: Fig. 9a shows
the evaluation of our spatial coverage measurement models
(ACM , DCM , and CCM ) compared to the user study results
for various Rq cases using d = 4 for DCM and c = 9 for
CCM . For all Rq cases, the coverage values reported by
DCM are the most similar ones to the user study evaluation.
We notice that participants in the user study evaluate whether
the images collected at a particular building (representing Rq )
cover the four sides of the building, which is similar to the
1 We use the term ground truth for the human judgment of the spatial
coverage percentage of a region.

TABLE III: Large-scale Datasets
Range Query
MA
PT
LA
SF

# of images
21, 947
5, 940
36, 624
409, 862

Area (km2 )
13.7 × 7.3
1.5 × 3.6
0.9 × 1.7
4.4 × 4.2

Avg. # images / km2
219
1, 100
23, 459
22, 429

mechanism of DCM when considering d = 4. Thus, DCM
with d = 4 provides the most similar coverage estimation
as the human directional perception of a region or object.
Noticeably, CCM reported a way lower coverage value comparing to user study (and all others) because CCM evaluates
both inbound and outbound view-directional coverage of a
region, but users only considered inbound coverage since
there were no indoor images in the study. This illustrates
that CCM is a more conservative model compared to DCM
when considering a relatively small region. Regarding ACM ,
it reported the highest coverage values far different from
the user study; hence considering the percentage of only the
spatially covered area does not properly represent a visual
understanding of a region. It is also obvious the coverage
value reported by ACM is higher than both DCM and CCM
because the latter two approaches consider more constraints,
i.e., various viewing directions.
3) The Impact of Varying d: Fig. 9b shows the impact of
varying d on the spatial coverage models compared to the
user study when Rq = A2 and c = 9. In general, the reported
values by ACM do not change while the coverage values
from both DCM and CCM decrease as d increases (i.e.,
as more comprehensive directional visual perspectives of a
region are considered in the evaluation). When considering
only two view directions (i.e., d = 2) the coverage value of
DCM is greater than the user study. The case of d = 4 is most
similar to the user study case, meaning that four directions
best represent human visual perception. As d increases, DCM
becomes more conservative and it reports less coverage than
the user study. The same observation applied on CCM since
it is an extension of DCM .
4) The Impact of Varying c: Fig. 9c shows the impact of
varying c on the spatial coverage models compared to the
user study when Rq = A and d = 4. ACM and DCM have
no impact while the values of CCM decrease as c increases
with the same number of images. When increasing c, CCM
becomes more restrictive as it calculates the coverage for very
small cells. For example, when dividing A into 25 cells, each
cell gets too small, approximately 10×10 m2 comparing to the
size of an FOV. Thus, the output of CCM becomes different
from the user evaluation.
B. Experiments with Large Real Datasets
Next, we evaluate the proposed spatial coverage models by
conducting a set of experiments using real large-scale datasets.
2 Hereafter, we report our results with the case of only R = A as all
q
observations hold for other Rq cases.

Fig. 6: Rq Cases for User Study

Fig. 7: Sample Images Collected at Rq = A

Fig. 8: Rq = A (Red) & FOVs (Green)

(a) Varying Rq and fixing d=4 and c=9

(b) Varying d and Fixing c=9 for Rq = A

(c) Varying c and Fixing d=4 for Rq = A

Fig. 9: SCM using (ACM , DCM , CCM ) vs. User Study Evaluation

Fig. 10: View Directional Distribution of Large-scale Datasets

1) Description of Datasets: We used four datasets. The
first two were obtained from Google Street View [33] at two
particular geographical regions: a) part of Manhattan, New
York City (referred to as M A); and b) downtown Pittsburgh,
Pennsylvania (referred to as P T ). The third dataset was obtained from GeoUGV [20] which contains a set of geo-tagged
videos recorded in Los Angeles, California (referred to as LA)
and we extracted keyframes from them for the experiments.
The fourth dataset is a set of geo-tagged building images in
San Francisco, California (referred to as SF ) [7]. Table III
shows a summary of the four datasets in terms of the number
of images and the size of the area covered by each dataset.
Each image in the datasets is tagged with a camera location
(f.L), a viewable angle (f.α), and a directional angle (f.θ)
but misses the maximum viewable distance (f.R). Thus, we
assumed several values for f.R (i.e., 50, 100, 150, 200 meters)
to evaluate its effect on estimating the coverage. Fig. 10 shows

the dataset distribution among four view-directional sectors
(0◦ − 90◦ , 90◦ − 180◦ , 180◦ − 270◦ , 270◦ − 360◦ ) which
correspond to the Northeast (NE), Southeast (SE), Southwest
(SW), and Northwest (NW) direction, respectively. As shown
in Fig. 10, M A and P T contain images only in the NE
and NW 3 while the other datasets contain images which are
distributed quite evenly among all directions.
To conduct our evaluation, we consider one geographical
MBR per dataset which bounds all images in each dataset as
Rq . To evaluate the spatial coverage for each Rq using our
models, we used d = 4. For evaluating the coverage using
CCM , we divided Rq for each dataset to obtain cells of size
roughly 400 × 400 m2 since the area of Rq changes across
the datasets.
2) Spatial Coverage Measurements: Fig. 11a shows the
evaluation of ACM , DCM , and CCM using four Rq cases
(i.e., M A, P T , LA, and LA) where each Rq is different
in terms of the region size and the number of images, i.e.,
image density defined as the number of images per km2 .
In general, M A showed the lowest coverage value with all
models because M A has the lowest image density. Meanwhile,
SF and LA obtained the highest coverage due to the highest
image density. SF had a slightly higher coverage than LA
because the images of SF are almost evenly distributed
within the region (images were recorded by a moving car
purposely visiting every route) while the images of LA were
3 The M A and P A datasets intentionally contain images whose view
directions in the NE or NW, however, the Google Street View API [10]
provides images from all directions.

(a) Spatial Coverage

(b) Execution Time

Fig. 11: ACM , DCM , and CCM for Large-scale Rq cases

Fig. 12: ACM , DCM , and CCM for Rq = SF w/
Varying f.R

Fig. 13: DCM w.r.t. the North vs. the South for Largescale Rq cases

obtained from videos which were randomly recorded within
the region by several users with more redundant images.
Moreover, with respect to ACM , DCM showed just a slightly
lower coverage with both SF and LA which contain images
from all directions while DCM showed a big decrease with
both M A and P T which contain images only from two
viewable directions. In particular, the coverage value by DCM
decreased by 58% and 55% with respect to ACM using M A
and P T , respectively. CCM always showed small coverage
values among all datasets since it considers the coverage at a
finer granularity and there are not enough number of images
to cover all cells from all directions.
Fig. 11b shows the spatial coverage evaluation time (in
the base-10 logarithmic scale) for the models across the
different Rq cases (i.e., different datasets). In general, among
all datasets, CCM took the longest time while ACM achieved
the shortest one since the computational complexity of CCM
is the highest while ACM is the simplest. When varying Rq
in terms of its area size and its image density, the model
performance varies. For example, when Rq = SF (i.e., small
area but high image density) CCM incurred a latency factor
of 14 compared with that of Rq = M A (large area but low
image density). This shows that the performance of the model
degrades significantly with a large image density rather than
a large area of Rq 4 .
3) The Impact of Varying f.R: Fig. 12 shows the impact
of varying f.R on the spatial coverage measurement value
using Rq = SF 5 . As expected, the spatial coverage for all

models increased as f.R increased since the size of FOV
becomes larger and subsequently increases the percentage of
the overlap between an f with Rq . Thus, depending on the
regional characteristics (e.g., downtown, residential area, etc.)
one can select an appropriate value of viewable distance in a
meaningful evaluation of spatial coverage.
4) The Impact of Varying f.θ: When d = 4, DCM calculates the coverage for four viewable directions which correspond to NE, SE, SW, and NW, and then DCM averages the
individual results to report the overall coverage. Subsequently,
the model can also independantly report a spatial coverage
from a specific viewable direction. For example, to obtain the
coverage in the North (or South) direction, we can average
the individual calculated results for both NE (SE) and NW
(SW). Fig. 13 compares spatial coverages using DCM with
respect to the North and South directions among all datasets.
In general, the coverage w.r.t. the North was almost similar
to that w.r.t. the South using both SF and LA sincethey are
evenly distributed in all directions. However, this does not hold
with M A and P T . In particular, the coverage w.r.t the South
was zero while the coverage was high w.r.t the North since
M A and P T only contain images whose viewable directions
are towards the North.

4 The
5 We

performance issue can be addressed using geospatial databases
report only for SF as the observations hold for the other Rq cases.

VI. C ONCLUSION
This paper proposes a series of measurement models
(ACM , DCM , and CCM ) to estimate the spatial and directional coverage of geo-tagged images within a given geographical region. Our models utilize the field-of-view metadata
of images in estimating the spatial coverage. Through a user

study evaluation, we showed that DCM with four viewable
directions (NE, SE, SW, NW) is the closest model to human
visual perception of a region. Furthermore, we observed that
CCM is the most restrictive (fine granular coverage) one
and it can be used when considering a large region. We
evaluated our models using various large-scale real geo-tagged
datasets and observed that the efficiency and performance of
our models were mainly affected by the image density of a
query range rather than its area. As part of future work, we
plan to extend our models to be defined in 3D space.
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