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Abstract—As any other type of data, GPS traces contain
noise, anomaly, and sometimes unexpected values. Normally,
researchers and data engineers analysts would start dealing with
GPS data by removing those noises and outliers. However, in this
work, we take the opposite direction. We focus on analyzing those
unexpected values rather than discarding them. Interestingly, we
discovered useful findings from an insight look at the noise in GPS
trajectories. The intuition behind those discoveries is that when
unexpected GPS readings are observed several times around a
specific location, we study the nature of that location rather than
thrown away those reading. By doing so, we are able to tell the
type of area around those readings. For example, we can infer
that a driver is passing by a tall building or through a forest
based on the pattern of noise in the GPS readings. We are also
able to question the quality of the underlying road map. Our
findings and discoveries are based on the analysis of real GPS
data for the Microsoft shuttles.

I. INTRODUCTION

In data analytics in general, there is a fundamental concept
of data preprocessing which mainly eliminates noise from
the raw data. Noise mostly has a negative effect on data
handling algorithms and data analytic models as it misses up
the findings, patterns, and discoveries from data [24]. In spatial
and spatio-temporal data analytics specific, noise data refer to
to unexpected values for locations, time, and/or a combination
of locations pattern over a sequence of time stamps. In this
paper, we focus on the noise in GPS trajectories generated by
moving objects, e.g., vehicles.

In several ways, GPS trajectories could be utilized to
discover new patterns about the underlying space, i.e., road
network. Those discovered patterns can significantly improve
the offered location based services. For example, most of the
map providers such as OpenStreetMap, Google Maps, Bing
Maps, MapQuest, and TomTom employs drivers’ generated
GPS traces to construct and improve the quality of their maps.
This process is performed automatically through efficient
algorithms [29], [7]. These algorithms include methods to
gradually process the GPS trajectories and produce the road
network [6], [17], and methods to discover road segments and
intersections and, hence, build the road map using artificial
neural networks [19], [23], [8]. Further, analysis of GPS
trajectories would release important patterns about the moving
objects’ activities and their daily lives [9]. For example, the
work in [12], [27] leverages the GPS traces to extract the
points of interest that attracted a user and calculate the time

spent at each location. Moreover, analysis of GPS traces
for outdoor exercises helps to recognize the health status of
patients [13].

Unfortunately, it is normal to get lots of noise data in
the form of inaccurate readings from GPS devices due to
several reasons, e.g., environmental effect. Normally, analysis
of GPS trajectories start by eliminating noise data [16], [18].
However, this paper focuses on the opposite side, analysis
of the noise data itself not removing them. The intuition
behind this work is that repeated patterns in GPS noise
data would give interesting discoveries about the underlying
space, environment, and driving conditions and behavior. For
example, when the GPS readings in a specific area deviate
from reality by a fixed error pattern for all drivers, this gives
an indicator there there is some common factor in the area
that causes this erroneous effect. That factor could refer to
the nature of the area such as high building, tunnel, forest
etc. The findings of this paper are based on the analysis
of real GPS trajectories for the Shuttle Service in Microsoft
Seattle campus. The collected GPS points are filtered to only
remove outliers but not noise. Outliers are points that are
extremely infeasible or unreachable from the shuttle’s previous
location. Then, the GPS points are map-matched (or snapped)
to road segments in the underlying road network graph using
the Microsoft Maps Snap-to-Road API [2]. The Microsoft
Snapping API is based on the technique presented in [21].

The rest of the paper is organized as follows. Section II
describes the GPS data and the experimental settings for this
study. Section III provides analysis of various noise patterns
and potential discoveries. Section IV overviews related work,
and Section V concludes the paper.

II. THE DATA SET

The GPS data is collected from 161 shuttles over a three
month period. The total number of GPS samples is 6, 536, 702.
This gives an average of 74, 280 samples per day and 40, 600
samples per shuttle. Figure 1 shows the distribution of the
samples over the days of the week and the hours of the day.

The sampling rate is crucial to many operations including
map matching. Low sampling rates (or high inter-arrival time
between samples) may pose a risk when map matching the
original trace to the road network graph. The average inter-
arrival time between two consecutive GPS samples from the
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(a)

(b)

Fig. 1. Distribution of GPS sample frequencies over (a) days of the week
and (b) hours of the day.

same shuttle is 34.05 seconds. However, the standard deviation
of 25, which indicates a wide range of sampling rates. To give
a better image of the sampling rate, Figure 2(a) illustrates
a histogram of the inter-arrival times between consecutive
samples. It shows that we have a good amount of GPS
traces with 0-25 seconds inter-arrival time between samples.
However, the majority of traces show samples that are 25 to 35
seconds apart and we have few traces where the inter-arrival
time is more than 35 seconds and stretches to over a minute
in some cases. Also, Figure 2(b) illustrates a histogram of the
distance between consecutive samples of the same trace. The
skewness of the data to the left is attributed to the stop and go
nature of the shuttle service and/or the low speed of shuttles
while on campus and while boarding/dropping off passengers.

As we mentioned earlier in this paper, we consider noise as
an asset. We would like to differentiate between noise that we
would consider as an asset and outliers that have to be filtered
out before any processing would take place. The deviation of
a point from the road segment to the left or to the right is
a noise that we are interested in studying and analyzing its
pattern in different situations. However, GPS points that are
completely far away from other points in the GPS trace are
undesirable and are considered outliers. For examples, GPS
points in the middle of the ocean or in another continent are
clear outliers that we filter out before further analysis takes
place. To filter out such outliers, we introduce the concept of
reachability speed, which is the speed the shuttles needs to
go over to reach point number i+ 1 from point i in the GPS
trace. As a quick and early filter, we decided to filter out any
GPS points that has to be reached with an over 100 mile/hour
speed. This filter removed 18, 531 GPS samples, which is a
total of 2.83% of the total GPS samples in hand.

(a)

(b)

Fig. 2. Distribution of the (a) inter-arrival time and (b) distance between
consecutive GPS samples.

We split GPS samples of each shuttle into several runs.
The run is a continuous GPS trace of the same shuttle. For
example, the GPS trace of a shuttle may be split into runs
where each run represents a workday worth of data or a block
of consecutive hours where the shuttle has been active. If there
is a five-minute separation or a one kilometer distance between
samples in the trace, the trace is divided into two runs to
maintain the continuity and the locality of the shuttle run. After
splitting into runs, we got 59, 699 runs for the 161 shuttles.
There are 107 GPS samples for each run on average. The
average number of runs per shuttle is 375.

We map-match every run through the Microsoft Maps Snap-
to-Road API. 58, 200 runs were successfully snapped by the
snapping APIs. The snapping APIs were not able to find a
feasible way of map-matching for the remaining runs, which
can be attributed to high levels of noise in a few traces or to
the absence of some parking lots from the underlying maps.
The distance between the raw GPS point and its snapped
counterpart on the road segment can be an indication of
how noisy the GPS signal is, how inaccurate the underlying
map is, or both. The distance between the raw GPS point
and its snapped counterpart is 10.95 meters on average with
a relatively high standard deviation of 13. In the following
section, we study the noise patterns in more details.

III. ANALYSIS OF NOISE PATTERNS

In this section, we provide some analysis of the noise
patterns that appear under various road, driving and weather
conditions. We define the noise as the distance between the raw
GPS point and its snapped counterpart on the road segment.
The Microsoft Snap-to-road API accepts a full trace of GPS
data from one moving vehicle and returns the snapped (or
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map-matched) trace. For each raw point in the original trace,
there is a snapped-to-the-map point in the output trace. We
evaluate the average and the standard deviation values of the
noise. Moreover, we draw some histograms that would further
give a better image of the noise patterns. Then, we discuss if
there is a consistent pattern observed in the signal noise for
each situation. For some of the analyses, We further classify
the raw GPS points into three buckets based on whether the
noise pushed the GPS signal to the left or to the right of the
road segment and recompute the statistics: (1) points that are
within 3 meters of the road segment, and which are considered
a perfect match1, (2) points that are to the right of the road
segment by more than 3 meters, and (3) points that are to the
left of the road segment by more than 3 meters.

A. Analysis of GPS data around tall buildings

In our study, we consider 63 tall buildings in the down
towns of Seattle [3] and Bellevue [1] to generate statistics and
histograms of noise. Then, we focus on six tall buildings and
six flat areas (with no tall buildings) for deeper analyses and
comparisons.

In [11], we discussed our detailed findings around analysis
of GPS data around tall buildings. We found that in areas
of tall buildings, the average distance between raw data points
and their snapped counterparts is 18.04 meters with a standard
deviation of 14.5, which is higher than the average distance
of 7.9 meters with a standard deviation of 7.6 for the flat
areas. We also found that high buildings distort GPS signal
and causes less points to be a perfect match. In flat areas 30%
of the points are considered a perfect match, while only 4.57%
is a perfect match in areas of tall buildings. The percentages
of points to the left and right of the road segments are 25%
and 45%, respectively in flat areas, in contrast to the higher
percentage of 29.92% and 65.51% in areas of tall buildings.

We find no correlation between GPS noise and building
height (Figure 3a), however, a clear trend was observed where
the noise reduces as a function of: the building height divided
by the building’s distance to the road (see Figure 3b).

B. The effect of waterbodies on the signal noise

Do large water bodies have an impact on the signal noise?
We were curious to study whether or not large waterbodies
have an impact or reflection on the GPS signal. We decided
to run our noise analysis on a highway bridge that crosses
over a lake. The SR-520 crosses over Lake Washington going
between the cities of Seattle and Bellevue. As shown in
Figure 4, the SR-520 bridge has a portion of it over the land
and a portion over Lake Washington. The portion of the SR-
520 that crosses Lake Washington is a floating bridge that is
very close to the waterbody.

The study shows that we get a good signal on the portions
of the SR-520 that cross Lake Washington. Table I shows that
the average distance between raw data points and snapped

1the underlying map provider claims that 3 meters is a good estimate of
the road span to the left and to the right of the road geometry recorded in the
road network graph.

(a) Effect of building height

(b) Effect of building height divided by distance to road

Fig. 3. The effect of the building height on the noise of the GPS Signal.

Fig. 4. The SR-520 features portions on the land and portions over Lake
Washington.

points is 11.22 meters with a standard deviation of 9.86 on
plain land whereas it is 6.68 meters with a standard deviation
of 7.76 on the floating bridge. This pattern indicates that the
GPS signal is not affected by the water. We believe that the
noise on the floating bridge is less than the land areas of the
highway because the vehicles are mostly moving in straight
lines for long distances without changing lanes and with no
exits on the bridge. However, on plain lands there are exits
almost every mile and our tracked shuttles take these exits to
reach different Microsoft buildings.

Figures 5 (a) and (b) show the noise histograms over the
water and land areas of the SR-520, respectively. The figure
shows a better signal on the water parts of the bridge with
some noise spikes in the range 20 to 25 meters on plain lands.
Deeper analysis of noise spikes shows that overpasses (where

Land Waterbodies Overpasses
Average 11.22 6.68 21.61

Standard Deviation 9.86 7.76 17.35
TABLE I

STATISTICS THAT COMPARE THE AVERAGE AND STANDARD DEVIATION OF
NOISE BETWEEN LAND AREAS AND WATERBODIES.
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(a) Noise histogram over the Water.

(b) Noise histogram over the land area.

(c) Noise histogram of six road segments near overpasses

Fig. 5. The effect of waterbodies on the noise of the GPS Signal.

highways flyover each others) exhibit a higher noise pattern.
We consider six road segments in the SR-520 that are near
overpasses to further analyze the noise. As shown in table I, the
average distance between raw GPS points and their snapped
counterparts at overpasses are 21.61 meters with a standard
deviation of 17.35. Figure 5 (c) shows the noise histogram of
six road segments near overpasses and it shows that the GPS
signal is highly distorted around these regions.

C. The effect of weather on the signal noise

Do the weather conditions have an impact on the signal
noise? In this section we analyze and track the noise of the
same shuttles going over the same routes, yet, under different
weather conditions. We consult with the weather conditions
logs over the time period of our GPS data. We choose days
with weather conditions that can be classified as: rainy, sunny,
overcast and snowy. Figure 6 shows the influence of weather
conditions on the signal noise. We noticed slight change in
the GPS noise among different weather conditions. In a snow
storm, we noticed that increased by 1.22 meters over rainy
days with sunny and cloudy days in between. We probably

Fig. 6. The effect of weather on the noise of the GPS Signal.

Average Standard Deviation
Rainy 10.6781 12.8092
Sunny 10.9358 13.1465

Overcast 11.1853 13.2296
Snowy 11.8978 13.6091

TABLE II
STATISTICS THAT COMPARE THE AVERAGE AND STANDARD DEVIATION OF

NOISE UNDER DIFFERENT WEATHER CONDITIONS.

interpret the figure as there is no much impact of the weather
on the noise signal or slight changes may be observed under
different weather conditions. Table II shows the average and
standard deviations of distance between raw GPS points and
their snapped counterparts under different weather conditions.

D. The effect of trees on the signal noise

Do the presence of trees increase the GPS signal noise? We
considered running our noise analysis on areas with a lot of
trees versus areas with no trees. Contradicting our hypothesis,
our study does not find higher GPS noise in areas with lots
of trees comparing to areas without trees. In fact, Table III
shows a slight increase of average GPS noise in areas with no
trees (7.4629) than the average GPS noise in areas with trees
(6.9365), which is probably due to other city constructions
assuming that non-treed areas are within the city boundaries
while heavily treed areas are outside the city.

E. The effect of road type on the signal noise

In this section, we address two questions. First, does the
road type (e.g., highway, arterial, major and minor roads) have
an impact on the signal noise? Second, which may be even a
more interesting question to address, can we detect the road
type from the noise pattern?

Table IV compares the noise between highways and internal
roads. The table shows a higher average noise on the highways
(9.22) compared to average noise on internal roads (6.00). This
pattern can be attributed to the fact that the highways are wider
than internal roads so the distance between a raw GPS point
and its snapped counterpart on the polyline representation of
the highway is expected to be larger. Moreover, the percentage

Average Standard Deviation
No trees 7.4629 5.2578

with trees 6.9365 5.6780
TABLE III

THE IMPACT OF TREES ON SIGNAL NOISE.
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Highways Internal roads
All points

Percentage 100% 100%
Average 9.22 6.00

Standard Deviation 9.10 6.90
Average Speed 58.91 22.72
Points that perfectly match the road segment

Percentage 23.90% 32.28%
Average 1.56 1.43

Standard Deviation 0.84 0.83
Average Speed 66.89 18.30

Points that are on the left of the road segment
Percentage 24.00% 22.07%

Average 11.84 9.32
Standard Deviation 9.10 8.63

Average Speed 64.06 19.44
Points that are on the right of the road segment

Percentage 52.10% 45.65%
Average 11.52 7.63

Standard Deviation 9.22 6.72
Average Speed 58.87 23.52

TABLE IV
STATISTICS THAT COMPARE THE AVERAGE AND STANDARD DEVIATION OF

NOISE BETWEEN HIGHWAYS AND INTERNAL ROADS.

of points that perfectly match the highway road segment (i.e.,
within 3 meters) is 23.90% which is lower than the percentage
of points that perfectly match the internal road segments
(32.28%).

We would like to add few more notes which can help
differentiate between highways and internal road segments.
Our data set, as we mentioned before, is collected from the
shuttle service across Microsoft buildings. Therefore, most of
the shuttle raw points are on the right of the road segment
geometry (52%) because shuttles travel for short distances on
the highway and enter/exit from the highway frequently to
pick up and drop off employees. Moreover, the HOV lane on
the SR-520 between Microsoft campuses is on the right side
of the highway. The same observation is found on internal
nodes where 45.65% of the shuttles travel on the right side of
the streets.

It is not a surprise that the speed of the shuttles travelling on
the right side of the highway (58.87 mile/hour) is less than the
speed of the shuttles travelling on the left side of the highway
(64.06 mile/hour). However, it is initially counter intuitive that
the speed of the shuttles travelling on the right side of the
internal roads (23.52 mile/hour) is higher than the speed of
the shuttles travelling on the left side of the highway (19.44
mile/hour). A closer look reveals that the speed of shuttles
moving on the left side of internal roads are slowed down by
vehicles that are waiting for the left turn signal before they
can proceed with a left turn.

In conclusion of this section, we provided some numbers
that show the promise of signal noise analysis in detecting the
road types. The statistics obtained in this section definitely
trigger the interest in applying further machine learning tech-
niques to classify roads based on the observed signal noise,
which is part of our future work.

Fig. 7. Examples of single-digitized roads versus double-digitized roads.

F. The noise pattern of single-digitized versus double-digitized
roads

Most of the roads are two-way roads. Vehicles can travel
in either direction on these two-way roads. However, two way
roads are represented in the map’s underlying road network
graph differently based on the width of the road segment. Each
road can be represented either as a single-digitized road or as a
double-digitized road. A single-digitized road is represented in
the road network as a single polyline for both directions. The
polyline for a single-digitized road segment usually aligns with
the median of the road or the line separating the two directions
of the road. A double-digitized road segment represents each
direction by a separate polyline where each polyline probably
lies in the middle of the directional segment it represents.
Figure 7 shows examples of single-digitized roads (the NE
36th St and the 157th Ave NE). The figure also shows an
example of a double-digitized road (the 156th Ave NE) which
is represented by a polyline for each direction.

Paying attention to whether the road is single or double
digitized is crucial when performing analysis of the noise
patterns. Table V shows that, for a single-digitized road, the
distribution of the GPS points is skewed to the right, where
15.08% of the points are on the left of the road segment’s
polyline and 53.94% of the points are on the right. For a
double-digitized road segment, the distribution of the points is
balanced, where 36.79% of the points are considered perfect
matches, 33.20% are on the left of the road segment, and
30.01% are on the right of the road segment. These numbers
are expected because the single digitized road’s polyline is
at median between the two directions of the road. Therefore,
all vehicles are driving to the right of that polyline. However,
the double-digitized road’s polyline is in the middle of the
road direction it represents. We also notice an increase in
the average distance between the raw GPS points and their
snapped counterparts in double-digitized roads over single-
digitized roads. The reason behind that increase is that most
single-digitized roads are small roads while most double-
digitized roads are wide roads with up to six lanes in each
direction in the case of major highways.

G. The effect of tunnels on the signal noise

We are probably aware that GPS signal is lost inside tunnels.
However, is there a pattern that shapes up as the GPS signal
is being lost? We zoomed in our analysis at GPS signals
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single digitized double digitized
All points

Percentage 100% 100%
Average 5.30 6.86

Standard Deviation 4.32 9.29
Points that perfectly match the road segment
Percentage 30.98% 36.79%

Average 1.45 1.41
Standard Deviation 0.84 0.84

Points that are on the left of the road segment
Percentage 15.08% 33.20%

Average 7.78 9.99
Standard Deviation 5.39 9.71

Points that are on the right of the road segment
Percentage 53.94% 30.01%

Average 6.81 10.08
Standard Deviation 3.69 11.18

TABLE V
STATISTICS THAT COMPARE THE AVERAGE AND STANDARD DEVIATION OF

NOISE BETWEEN SINGLE AND DOUBLE DIGITIZED ROADS.

Fig. 8. A map that shows a tunnel on the Highway I-90 along with the
received GPS points.

received around a tunnel that goes deep under the ground along
the Highway I-90, which connects the cities of Bellevue and
Seattle. Figure 8 shows an aerial image of the tunnel. The
figure shows (at the right side of the picture) the entrance of
the tunnel. The highway then goes under the ground (marked
by dotted lines on the map). In the area where the highway
goes into a tunnel under the ground, the aerial map shows
some parks and tennis courts on topof the tunnel. This means
that the tunnel goes deep under the ground. Then, the highway
is shown again in the picture (at the left side of the picture)
where the tunnel ends and the highway becomes visible again.

Figure 8 also visualizes the GPS signals of the shuttles going
through the tunnel, The plotted GPS points shows accuracy at
(or before) the entrance of the tunnel. The noise increases after
few meters of entering the tunnel. Then, the signal completely
disappears through the tunnel and is regained again as the
shuttles exit the tunnel.

Figure 9(a) shows a histogram of the noise noise pattern at
the entrance of the tunnel, while Figure 9(b) shows a histogram
of the noise noise pattern throughout the tunnel. Comparing
the two histograms of Figure 9, we may infer that a sudden
change in the noise histogram from a uni-modal graph into a
bi-modal graph over a short distance may signal the existence
of tunnels or the existence of city construction that obstructs
the GPS signal.

(a) Noise patterns at the entrance of the tunnel

(b) Noise patterns throughout the tunnel

Fig. 9. Histograms that show the noise patterns around tunnels.

H. The noise patterns in roundabouts and the detection of
missing roundabouts

Recently, many roundabouts have been added to the roads
in the Greater Seattle area to ease the traffic flow. Many of
these roundabouts are still missing in the road network graph.
In this section, we show the noise pattern of moving shuttles
as they cross roundabouts and circles in front of the buildings
in two cases: (1) The first case is when the roundabout exists
in the road network graph. (2) The second case is when the
roundabout is missing from the road network graph.

Figure 10(a) shows a roundabout that is correctly mapped
in the road network graph and Figure 10(b) shows the cor-
responding noise histogram. Table VI also shows that 47.6%
of the points perfectly match the road network graph with an
even distribution of points on the left and the right (22.73%
and 29.67%, respectively). However, higher noise is observed
in the case of a missing roundabout. Figure 11(a) shows a
missing roundabout and Figure 11(b) shows the corresponding
noise histogram that exhibits higher noise patterns. Moreover,
Table VI shows that only 4.56% of the points perfectly match
the road network graph with a higher distribution of points
on the right side of the road segment (58.83%) compared to
the left side (36.63%). This noise pattern can signal a missing
roundabout in the road network graph.

I. Discussion

This section wraps up our findings on the noise patterns
with a short discussion. One highlight is the negative cor-
relation between GPS noise and the building height divided
by the building’s distance to the road. The counter-intuitive
findings about impact of large water bodies and trees on
GPS signals are valuable. Weather has no or slight impact
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(a) Example of a roundabout

(b) Noise histogram corresponding to the roundabout

Fig. 10. The noise pattern in roundabouts.

(a) Example of a missing roundabout

(b) Noise histogram corresponding to a missing roundabout

Fig. 11. The noise pattern for missing roundabouts.

existing missing
roundabouts roundabouts

All points
Percentage 100% 100%

Average 8.96 28.69
Standard Deviation 11.15 23.49

Points that perfectly match the road segment
Percentage 47.60% 4.56%

Average 1.34 1.77
Standard Deviation 0.85 0.86
Points that are on the left of the road segment

Percentage 22.73% 36.61%
Average 14.04 26.37

Standard Deviation 9.95 22.36
Points that are on the right of the road segment

Percentage 29.67% 58.83%
Average 17.31 32.23

Standard Deviation 12.62 23.56
TABLE VI

STATISTICS THAT COMPARE THE AVERAGE AND STANDARD DEVIATION OF
NOISE BETWEEN EXISTING AND MISSING ROUNDABOUTS ON THE MAP.

on the GPS signal. Road types with different sizes as well
as single and double digitized roads exhibit different noise
patterns. By tracking the noise patterns, we may be able to
identify the road types, the height of surrounding buildings, the
existence of urban constructions and the existence of tunnels.
The amplitude and the histogram of the noise may even
reveal missing roads, missing roundabouts and missing tunnel
annotations on the map. While this paper focuses on presenting
statistics and histograms of noise patterns, we believe that the
door remains open for deep learning techniques that combine
noise histograms, trajectory analysis and map construction
techniques to improve the map and to detect driving patterns.

IV. RELATED WORK

This section summarizes the work in the area of GPS
preprocssing and cleaning that includes various methods for
noise cleaning, outlier detection, and redundancy filtering.

Wang-Chien Lee and John Krumm in [16] discussed how
to remove redundancy in trajectories in order to reduce the
storage cost. They also presented techniques to identify the
loss caused by applying data reduction. In addition, the authors
discussed various types of noise filtering techniques such
median, Kalman, and particle filters. The work in [26] employs
a technique based on adaptive density optimization to get rid
of outliers from a given set of GPS traces. The proposed
technique considers both spatial and temporal features of
points in the GPS traces.

Wang et al. in [28] introduced kernel density techniques
to filter out outlier GPS trajectories from the set of all
available trajectories. In [22], a technique named GeoSClean
is developed for anomaly detection in GPS points. GeoSClean
is supposed to perform its task while protecting privacy of
users’ location.

For outlier and anomaly detection in general, a comprehen-
sive survey can be found in [25]. To focus on spatial data, a
framework for outlier detection in categorical spatial data is
provided in [20]. This framework depends on measuring the
correlation ratio between different sets using spatial distances.
Then, the outlier object is identified based on their similarities
to other objects in its vicinity. The idea of studying the
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similarity between objects in spatial and temporal dimensions
is also addressed in [4]. In order to detect the outliers, objects
that are dissimilar to the neighbors are spotted. Two methods
named ROSE (Rough Set Extraction) and Kernel Set are
presented in [5] to detect the outliers in spatio-temporal data.
They reported that ROSE outperformed Kernel in terms of
quality while the later is more efficient computationally. The
work in [14], [15] presents other methods for spatial outlier
detection. Hendawi et al. in [10] presented a system that allows
users to visually inspect the precision of their raw GPS traces,
clean the traces by applying various spatio-temporal filters,
perform noise analysis and produce statistics over regions of
interest on the map. The system also gives predictions on the
surrounding environment by comparing the perceived noise
patterns to a database of pre-stored noise patterns.

V. CONCLUSION

Unlike the traditional work for analyzing the GPS traces that
begins with noise elimination, this paper explored the analysis
of the noise data themselves. Here, a noise data item refers
to a GPS reading that is off the corresponding edge in the
underlying road network map by a considerable distance. This
paper considered the noise data as an important resource of
knowledge, thus, it presented our findings discovered from an-
alyzing those noise data. The paper applied relevant statistical
analysis techniques on GPS noise patterns close by various
features in the space. This includes inside tunnels, over water
bodies, during various weather conditions, in forest areas, on
different road types, with single and double digitized roads, at
roundabouts, and close by high buildings. This paper attracts
the researchers’ attention to address two research challenges;
the first is to distinguish the environmental, weather and
driving conditions from the noise patterns, and the second
is to spot gaps, missing, and inaccurate topology in the
maps by contrasting the unprocessed GPS traces and their
corresponding parts in the real space.
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