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GNSS Accuracy Improvement Using
Rapid Shadow Transitions

Roi Yozevitch, Boaz Ben-Moshe, and Amit Dvir

Abstract—Receiver modules in Global Navigation Satellite Sys-
tems (GNSS) are capable of providing positioning and veloc-
ity estimations that are sufficiently accurate for the purpose of
road navigation. However, even in optimal open-sky conditions,
GNSS-based positioning carries an average error of 2–4 m. This
imposes an effective limitation on GNSS-based vehicle lane de-
tection, a desired functionality for various navigation and safety
applications. In this paper, we present a novel framework for
lane-level accuracy using GNSS devices and 3-D shadow matching.
The suggested framework is based on detection and analysis of
rapid changes in navigation satellites’ signal strength, which are
caused by momentary blockages due to utility and light poles. A
method for detecting such momentary changes between line of
sight and non line of sight is presented, followed by a geometric
algorithm that improves location accuracy of commercial GNSS
devices. We have tested the framework’s applicability using both
simulations and field experiments. We provide the results of these
tests and discuss receiver-side sampling rate requirements for
high-performance lane-level positioning.

Index Terms—Global Navigation Satellite Systems (GNSS) ac-
curacy improvement, lane detection, shadow matching.

I. INTRODUCTION

G LOBAL Navigation Satellite Systems (GNSS) lane-level
accuracy is a desirable goal in the research of road

navigation. Knowing a vehicle’s driving lane is a precondition
for various applications in the fields of agricultural autonomous
driving systems, automated vehicle location (AVL), and safety
awareness. Because commercial GNSS devices do not provide
sufficient accuracy for lane-level navigation, the topic is usu-
ally addressed as a computer vision problem. However, this
approach has several drawbacks, mainly the complexity and
price of such systems. In this paper, we present an innovative
framework for lane-level accuracy improvement solely relying
on GNSS signal analysis.

The average positioning error of commercial GNSS devices
is usually not smaller than 2–3 m [1]. These are best case figures
that can be only achieved in open-sky scenarios, by using four
or more satellites having line of sight (LOS) with the device.
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Fig. 1. Typical scenario requiring improved GNSS accuracy and vehicle lane
detection.

This level of accuracy is good enough for basic road navigation
tasks but is not sufficient in complex road scenarios, which
remains a challenging topic.

Existing navigation applications mostly rely on map match-
ing (MM) in conjunction with dead reckoning (DR) to address
imperfect GNSS accuracy. By coinciding the road network with
an inertial measurement unit (IMU), the navigation software
can enhance the raw GNSS accuracy. To some extent, these
methods can also assist in estimating the vehicle’s driving
lane. For example, in [2] and [3], it is suggested that lane
detection can be performed by fusing measurements from a
GNSS receiver, an odometer, and a gyroscope, along with road
information stored in enhanced digital maps. It is questionable,
however, whether these MM and DR heuristics can provide
high-level accuracy in very complex road scenarios. Of course,
in these complex cases, such as branched interchanges (see
Fig. 1) and closed lanes (which may lead to different desti-
nations), lane detection is needed the most. Thus, the failure
of mainstream navigation software to reliably support this
functionality raises the need for alternative research directions
for high-level GNSS accuracy.

Our current research stems from a relatively new approach
in the field of GNSS accuracy improvement. Previous pa-
pers have described methods to improve GNSS accuracy in
urban canyons (i.e., heavily obstructed satellite LOS) using
3-D building models and shadow algorithms [4]–[7]. These
shadow-matching techniques are based on reducing the possible
locations of the device by applying the geometrical constraints
associated with the buildings’ shadows.

Nonetheless, applying the shadows of buildings, thus im-
proving positioning, can be only valid in locations such as urban
canyons. In highways and interchanges, the phenomenon of tall
buildings blocking LOS with navigation satellites is practically
negligible. These driving scenarios are characterized by the
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Fig. 2. Shadow arrangement. The emulation consists of 15 GNSS satellites.
The black lines represent the shading from the poles. Each pole creates a flower-
like shape.

following features: a relatively open sky and the presence of
many utility and light poles.

The first feature’s implication is that the estimated position
produced by the GNSS device is rather accurate. The implica-
tions of the second feature are demonstrated in Fig. 2, which
shows a typical shadow map with two poles and 15 satellites.
The satellite’s azimuth and elevation data correspond to real
GPS and GLONASS satellites. When the receiver is in a shaded
region, there is a non line of sight (NLOS) between the receiver
and a specific satellite. Given a method to distinguish between
LOS/NLOS (see Section III) and the locations of the poles,
we can improve the GNSS positioning accuracy. The algorithm
presented in this paper1 assumes prior knowledge of positions,
heights, and widths of utility poles, as well as 3-D shapes of
other obstacles such as navigation signs and bridges.

In wide-scale deployments, 3-D models of poles can be
obtained from sources such as 3-D Geographic Information
Systems (GIS) or Light Detection And Ranging (LIDAR)
photographs. Alternatively, the 3-D modeling can be based on
LOS/NLOS analysis of satellite signals to form 3-D maps of
obstacles, as demonstrated in [5], [8], [9]. Using this technique,
a large number of end users, who automatically map the ob-
stacles (“crowd-sourcing”), enables simultaneous improvement
of the pole models, which, in turn, assists to achieve lane-level
accuracy.

The remainder of this paper is organized as follows. The
next section is devoted to the related work, which has been
conducted both on lane detection and shadow matching. In
Section III, we provide the details for our LOS/NLOS clas-
sification techniques. Section IV presents the algorithms for
accuracy improvement based on GNSS signals. In Section V,
we present simulation and experimental results. In Section VI,
we summarize our findings and discuss the implications.

II. RELATED WORKS

This paper aims to propose a framework for vehicle lane de-
tection using a shadow-matching technique. Extensive research
has been conducted (separately) on both these subjects.

1A preliminary version of this work was presented in the 2013 Workshop on
Positioning, Navigation and Communication conference.

A. Lane Detection

Lane tracking has been an active research area for a long
time [10], [11], starting from lane keeping for driver assistance,
including locating lane markings, fitting the lane into a lane
model, and tracking the driver’s location. Most of the papers
that considered lane marking localization used image descrip-
tors such as steerable filters [12] and ridges [13]. Lane tracking
is likely to use Kalman filters, or variations, which seems to
work well for continuous structured roads [12].

Du and Barth [14] presented a real-time low-cost AVL sys-
tem, using both GPS and General Packet Radio Service (GPRS)
information. The system calculates the lane position through a
lane-level MM with reference to a lane-level roadway network
database. Toledo-Moreo et al. [2] presented a navigation and
integrity provision method at the lane level, using measure-
ments from a GNSS receiver, a gyroscope, the odometer of the
vehicle, and a vectorial map. The system provides lane alloca-
tion, vehicle position on the lane, and its relative position on
the road. Liu and Lim [15] improved the positioning accuracy
via cooperative intervehicle, crowd-sourcing, and distance mea-
surement. Nie et al. [16] argued that most lane detection tech-
niques based on vision require considerable computing power.
Thus, the vision-based lane detection method still remains a
challenging task. Bar Hillel et al. [17] presented a survey about
recent progress in lane detection. The authors claimed that the
main sensor modalities are the following: monocular and stereo
vision, LIDAR, information from odometer or IMU with GPS,
and digital maps. One observation is that the most promising
technique is the vision-based lane detection, whereas LIDAR
and GPS are complements.

Recently, Sivaraman and Trivedi [18] have focused on moni-
toring the exterior of the vehicle to provide driver assistance.
The authors presented a new synergistic approach that im-
proved the performance of the lane tracking system, extended
its robustness, and improved the precision of the vehicle track-
ing system. Moreover, the authors introduced a novel approach
to localizing and tracking other vehicles on the road with
respect to the estimated lanes.

In ideal conditions, GNSS devices can produce a positioning
accuracy level within the range of 2–4 m (while driving) [19].
However, the actual LOS conditions on highways are often
imperfect. A recent survey [17], which has addressed the lane
detection problem, has suggested that GNSS alone is insuffi-
cient for robust lane detection. This survey has suggested that,
in order to achieve reliable lane detection, a hybrid navigation
system that includes a fusion of GNSS with other sensors such
as IMU and vision-based devices is required.

B. Shadow Matching

Commercial GNSS devices tend to perform poorly in urban
canyon environments. The erroneous pseudoranges, due to the
multipath phenomena, cause significant positioning errors in
those environments. An NLOS satellite signal can be detected
via its reflection. Those reflections may cause several paths
with a longer distance than the direct LOS path (hence the
name multipath). Moreover, a major characteristic of GNSS
performance in urban environments is rapid changes between
LOS/NLOS states, as opposed to the open-sky scenario, where
satellites tend to slowly “shine/decline” (LOS/NLOS). The
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ramification is that the position computation is performed using
different satellites; hence, there are spikes in the estimated posi-
tion. The reason for that is the following: In theory, there should
be no difference in the result when solving the pseudorange
equations for one set of satellites or for a completely different
set. In practice, however, since some pseudoranges are incorrect
(due to the multipath phenomena), there are differences. This
change implies discontinuity in the position estimation. In dense
urban canyons, the use of an extended Kalman filter (EKF)
technique may help eliminate discontinuity in the positions;
however, the positioning accuracy tends to drift, leading to
significant positioning errors. Previous work [20] have recorded
an average error of about 50 m in a pedestrian route due to the
drift phenomena.

Recently, a new approach has been introduced to tackle
this issue, i.e., shadow matching [5]–[7], [20]. This method is
based on reducing the possible locations by adding geometric
constraints of the buildings’ shadows. The novelty of the
shadow matching approach lies in three key elements: First,
the ability to utilize NLOS satellites. This feature is crucial to
commercial navigation since the lion’s share of it is devoted to
urban canyon navigation. The acquisition and tracking of weak
(NLOS) signals are detailed in [21] and [22]. Nevertheless, for
standard commercial receivers, NLOS satellites suggest only
a limited contribution for solving the position equations. Our
method utilizes both LOS and NLOS satellites with almost no
computational/digital signal processing effort. Second, estima-
tion accuracy can be increased as the region of interest (ROI) be-
comes denser. The more constraints there are, the smaller the
ROI becomes. Third, one can incorporate data from other GNSS
(such as GLONASS and GALILEO) to gain better accuracy.

Shadow matching requires a prior geometric knowledge of
the terrain. Gathering such data is an achievable task since 3-D
city models are now available (e.g., Google Earth) and 3-D
GIS become more accurate. These 3-D city models provide
the capability to predict a satellite LOS/NLOS state given its
estimated position. In essence, shadow matching divides the
ROI to shading regions where each satellite causes different
shading. The ROI is determined by the coarse receiver’s posi-
tion. Suppose the LOS/NLOS state for each satellite is known,
the possible location is considerably reduced. Previous works
on shadow matching have used 3-D city models to address
insufficient GNSS performance in urban canyons [4], [20].

Observe that the only raw data needed for such accuracy
improvement method are the LOS/NLOS status and the
approximated position of each navigation satellite; in fact, the
improved accuracy method can start working before the GNSS
device acquired “fixed position,” assuming the ROI is known.

Other works have tackled the GNSS inaccuracy in urban
environments using multipath propagation models [23], [24].
This approach can be seen as a generalization of the shadow-
matching method; in order to limit the error caused by multipath
signals, an RF propagation model is used to match between
the received signals and the predicted (simulated) one. Such
method requires considerable computing power and therefore
might not be applicable for commercial GNSS devices. Finally,
several research studies have suggested to use 3-D building
models in order to improve GNSS positioning in urban re-
gions, mainly by predicting NLOS navigation satellites and
incorporating this information into the positioning algorithms,

often with the use of IMU system: Peyraud et al. [25] reported
promising test results of a virtual image processing method
that detects and eliminates faulty measurements. Obst et al.
[26] presented a lightweight probabilistic positioning algorithm
through 3-D urban environmental information. Finally, Groves
[27] introduced a GNSS positioning approach based on NLOS
signals and Kalman filters.

C. Our Contribution

To the best of our knowledge, this work is the first attempt to
improve vehicle lane detection using GNSS shadow matching
of utility and light poles. Previous work on GNSS accuracy
improvement using shadow-matching techniques mostly ad-
dressed the urban canyon case, where 3-D building models can
assist to narrow the positioning problem. This phenomenon
of tall buildings that block satellite signals is rather rare in
highway conditions. It is, therefore, not straightforward to
apply shadow matching in settings where the only consistent
shades, with respect to navigation satellites, are associated
with utility and light poles. However, our field experiments
and simulations demonstrate that this novel type of shadow
matching is valid for GNSS accuracy improvement and lane
detection.

A notable aspect of implementing the suggested concept
in commercial GNSS devices concerns the sampling rate of
satellite signals, which is insufficient in most devices. Assum-
ing one can fabricate a dedicated hardware/software module
for high sampling rate, we present a conceptual LOS/NLOS
classifier that utilizes high sampling rate (100 Hz and above).
This classifier is, in essence, a binary strong/weak signal clas-
sifier in high sampling rate. By binary, one means that the
signal can be detected or not. Since we assume an open-
sky scenario and are only interested in a momentary at-
tenuation of the signal, such classifier can be served as a
LOS/NLOS classifier. Nevertheless, throughout this paper, we
will refer to this classifier as a strong/weak signal classifier.
Such high-speed classification module will enable detection
of narrow obstacles such as utility and light poles, even for
vehicles moving at 120 km/h. This, in turn, should enable
accurate lane-level positioning utilizing the algorithm discussed
in Section IV.

III. LOS/NLOS CLASSIFICATION

Given a 3-D representation of a highway, including utility
and light poles, and given a method to estimate LOS/NLOS to
a specific satellite, the accuracy of GNSS devices can be signif-
icantly improved, allowing robust lane detection. In addition,
the increased number of poles used by the algorithm improves
its accuracy. Efficient LOS/NLOS classification is, therefore, at
the very basis of our suggested framework and is the topic of
this section.

Here, we narrow the discussion to strong/weak (LOS/NLOS)
classification in open-sky scenario using a slow sampling rate.
Since the spatial distribution of the samples is denser as the
velocity decreases, we limit the receiver’s velocity to 20 km/h
or less. Later on, we address the problem of strong/weak
(LOS/NLOS) classification in a high sampling rate(highway
driving scenario).
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Fig. 3. Open-sky experiments. The colored lines represent LOS satellites.
The black line represents an NLOS satellite. All visible satellites are above
40 dB-Hz.

The carrier frequency of any GNSS is within the range of
1.17–1.62 GHz [1], [27]. Such frequencies suffer from signal
attenuation in NLOS conditions. Although GPS satellites send a
time sync every 30 s [1], one can extrapolate the signal strength
in 10–100 Hz and even faster. Commercial GNSS devices allow
extracting the receiver’s carrier power to noise density, i.e.,
C/N0, measurement in 10 Hz (e.g., SiRF output message 4
and 28).

Typical values of C/N0 range from 20 to 45 dB-Hz, where
signal strength of 45 dB-Hz indicates a LOS satellite, and any
value below 25 dB-Hz usually indicates an NLOS satellite. The
experiments we have conducted have shown that any strength
above 40 dB-Hz distinguishes with high probability a LOS
satellite. The midrange (below 40 and above 25) cannot be
uniquely classified.

Fig. 3 shows GPS recording in an open-sky scenario using an
external antenna. It can be seen that almost all the C/N0 values
of the visible satellites are above 40 dB-Hz. The elevation of
the exceptional satellite is 6◦. Furthermore, the fluctuations in
the signal strength, while in LOS state, are very small (below
3 dB-Hz). This information was used later in our algorithm.

Fig. 4 shows a recorded C/N0 value of a satellite with an
elevation of 64◦ over time while walking against a shaded wall
using our receiver. The graph shows a clear distinction between
LOS/NLOS states. Both the appearance and disappearance
of the satellite are very rapid. Fig. 4 demonstrates the basic
precondition for any shadow-matching algorithm—the ability
to detect a LOS/NLOS satellite with high certainty. The prob-
lem, however, is that detecting a pole during a 90-km/h drive
(25 m/s) is almost impossible in 10-Hz strong/weak signal sam-
pling. The minimum rate for accurate lane detection at highway
speeds is 100-Hz strong/weak signal sampling. Massive utility
poles are approximately 1.5–2 m wide. Such widths can be
only detected at speeds of 40 km/h or less in a 10-Hz sampling
rate. Fig. 5 shows a signal strength recording while driving at
20 km/h. Rapid signal attenuation (RSAT) is the rapid at-
tenuation of the signal strength due to an obstacle. Since
the obstacle’s width is rather narrow, the attenuation should
correspondingly be short in its duration. However, the signal
intensification in Fig. 5 is not as rapid as the attenuation, but
this phenomenon is caused by smoothing algorithms. When the
measured C/N0 drops, the smoothing interval increases from

Fig. 4. C/N0 measurement over time. The recording was performed while
walking in front of a building. A simple threshold to classify LOS/NLOS is
shown in green.

Fig. 5. RSAT events during 20-km/h driving. The attenuation is rapid,
whereas the intensification is slower.

≈ 0.1 to ≈ 1 s [28]. All the RSAT events in Fig. 5 are at least
7–8 dB-Hz in 0.1 s.

An RSATx event from satellite x creates a ray from the
estimated position to the satellite. Each RSATx event has a
specific time stamp and a confidence factor C (0 ≤ C ≤ 1).
C is determined by the weighting algorithm discussed later in
this article. We chose to focus on the changes of the signal
strength, i.e., RSAT, for classification.

Another aspect of strong/weak signal classification concerns
the RF propagation model of the carrier frequency (L1, L2 in
GPS). A well-known rule of thumb states that diffraction will
occur at an obstacle (pole) of width a when R > a2/λ, where
R is the distance from the pole, and λ ≈ 0.2 m for L1 [29]. A
1-m-wide pole will produce R ≈ 5 m. At distances greater than
5 m, diffraction will occur. However, obstacles with widths two
to five times λ will also attenuate the signal. In such scenarios,
both diffraction and attenuation occur. The implication is that
RSAT events caused by narrow poles can be detected. Section V
presents field experiments we have conducted to demonstrate
this phenomenon.
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IV. ALGORITHM

This section presents the main algorithms for lane detection
in highway navigation using our method. We first present the set
of prior assumptions and justification. We then introduce a basic
lane detection algorithm and proceed to a more advanced and
robust algorithm. We conclude this section with several remarks
concerning implementation of the techniques in commercial
GNSS devices.

Given a satellite position s and a 3-D model of a utility pole,
the shadow of s can be efficiently computed. Moreover, given a
3-D query point q, computing whether there is a LOS between
q and s can be efficiently done (for more information regarding
shadow and LOS/NLOS computation, see [30] and [31]). In
addition to the 3-D map, the algorithm holds information about
the constellation of the satellites (azimuth, elevation, and ECEF
coordinates). One can assume that in the course of 10 s, the
constellation is constant.2

A. Assumptions

A common highway navigation scenario includes the follow-
ing properties.

1) The highway includes several lanes that are properly
mapped and fairly accurate 3-D models of poles and other
such obstacles.

2) In an open-sky scenario, there exists LOS to at least
4 GNSS satellites (see Fig. 3).

3) In an open-sky scenario, it is sufficient to compute a
2-D position. The height value can be extracted from the
road’s 3-D map.

4) Commercial GNSS devices have an average velocity error
smaller than 4 km/h in magnitude and an angular error
smaller than 4◦ in heading [32].

5) GNSS horizontal position has a Gaussian error model
smaller than 15 m.

6) An error may occur when the algorithm fails to detect an
RSAT. The case of false RSAT detection is less likely due
to open-sky assumption. This error, however, is discussed
in the advanced algorithm.

B. Naive Algorithm

Since the angular change during 30 s period is smaller than
0.3◦, one can assume that in the course of 30 s, the satellite
constellation and the poles’ shadows are (relatively) constant.
Moreover, the distance between any two RSATs can be easily
computed. Fig. 6 shows the computed shades of two satellites
with respect to a single pole, where p0 is the GNSS position,
v0 is the velocity, and RSAT0 and RSAT1 are two adjacent
RSATs. The colored segments represent the distances between
the two RSATs in all four lanes. Their respective distances
are as follows: yellow: 13.1 m; green: 28.5 m; red: 34.1 m;
blue: 40.25 m. Fig. 6 illustrates the fundamental concept of
the algorithm: Knowing the time difference between two ad-
jacent RSATs and the approximated vehicle velocity during
that time enables determination of the correct lane using simple
geometry.

2The angular change during 10 s period is less than 0.1◦.

Fig. 6. Lane detection example. The colored segments represent the distance
between the two RSATs.

To simplify the explanation, the following example demon-
strates the algorithm with a single pole. The pole’s position is
set to the origin. Observe that the algorithm can handle changes
in the velocity over time (between RSAT0 and RSAT1). This
will imply a path instead of a single segment. This path can be
fitted into the two RSATs using the same computation. Based
on the relatively accurate position of the GNSS, an RSAT
can be associated with a specific pole with high probability.
Generalizing the algorithm for several poles is rather simple.
One just needs to classify an RSAT event to a specific pole.
This classification is unique since the position error is up to
15 m. This problem, however, does not exist in the advanced
algorithm.

Algorithm 1 Naive Lane Detection Algorithm

1: procedure NAIVE LANE DETECTION (p0, v0,RSAT0,
RSAT1)

2: Δt ← time difference between RSAT1 and RSAT0;
3: Wedge ← a 2-D projection of each RSAT on the plane;
4: Seg ← Δt× v0; � The approximated driving segment

between the RSATs.
5: Fit Seg into Wedge; � Finding the two approximated

locations on the RSAT events.
6: Overlay Seg on the map containing the lanes and pole

locations using the approximated location (p0).
7: return Seg.
8: end procedure

C. Advance Algorithm

The naive algorithm presented above works well in optimal
cases; however, in practice, the strong/weak signal classifica-
tion is often noisy due to obstacles such as other vehicles (e.g.,
trucks) and multipath effects caused by reflective surfaces (e.g.,
buildings, water, and even wet trees). Here, we present a more
robust algorithm, which can handle false negative and false
positive cases and also allows a continuously improved posi-
tioning approximation. The algorithm continuously computes
the center of mass of the sensed poles and compares these
locations with the known locations of the poles; at each time, an
optimal fixing vector (i.e., motion vector) is computed, which
fixes the GNSS positioning with respect to the sensed position
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using the strong/weak signal classification. The algorithm oper-
ates in real-time mode: for each new strong/weak (LOS/NLOS)
change, the motion vector is updated, whereas old samples
are being removed from the computation. Algorithm 2 below
encapsulates the pseudocode of the advanced algorithm for lane
detection. Fig. 14 demonstrates the actual implementation of
Algorithm 2.

Algorithm 2 Advanced Lane Detection Algorithm

1: procedure ADVANCED LANE DETECTION (p0, v0)
2: RSATs ← empty vector of RSATx events (3-D rays);
3: Intersections ← empty vector of weighted points;
4:
5: for true do
6: RSATs ← add new RSATx events;
7: Update the weight of each event in RSATs;
8: Update the Intersections with all weighted inter-

sections of RSATs.
9: OTV ← optimal translation vector between

Intersections the set of poles in ROIp0
.

10: Improved position: p1 ← p0 + OTV
11: end for
12: end procedure

Fig. 2 shows two flower-like intersections around poles that
were generated by the 3-D model. The algorithm will optimally
match the computed intersections to the poles’ positions, pro-
ducing improved accuracy. Algorithm 3 is used to compute
the optimal translation vector (OTV). The algorithm3 clusters
the intersection points into clusters of size proportional to the
velocity v0 divided by the sampling rate (fixed parameter)—in
order to handle RSATs timing errors. The last part of the algo-
rithm uses a registration method in order to correlate between
the clusters and the poles in the ROI. The registration starts
with the last OTV—as the average changes in consecutive
OTVs are relatively small. Fig. 14 presents the correction vector
computed by Algorithm 3, on a single cluster.

Algorithm 3 Computing Optimal Translation Vector

1: procedure OTV (Intersections,Poles, v0)
2: CL ← Cluster the points in Intersections.
3: OTVold ← last OTV;
4: OTV ← register(Poles, v0,CL,OTVold);
5: end procedure

D. Implementation Remarks

In order to implement the advanced algorithm in an actual
navigation system, the following technical issues should be
taken into consideration: Each intersection point between two
rays (RSAT events) is associated with a confidence weight. The
confidence of each intersection point is based on the confidence
(weight) of each RSATx event and decreases with time (or

3The actual algorithm uses an online weighted clustering algorithm. In most
cases, there are few such clusters (1–2). The most significant cluster is usually
sufficient for the registration, using a velocity filter.

Fig. 7. Recorded route with different types of obstacles.

distance). Find the optimal weighted motion vector from the
known poles’ positions to the weighted center of mass of the
intersections set. For practical implementation, the algorithm
assumes that the GNSS positioning error is smaller than 15 m.
Such accuracy level is reached even by low-cost GPS devices
in an optimal satellite constellation. The algorithms’ run time is
rather low, allowing real-time computation on mobile devices.
The algorithm input size is bounded by the number of satellites
(n). In each time stamp, there are at most n RSATs, each repre-
senting a 3-D segment. The suggested algorithm has an O(n2)
theoretical run time (with respect to the number of satellites);
the computations are linear segment intersections. Moreover, the
algorithm only requires linear space (S(n)). We assume that the
number of utility poles in the ROI is constant and therefore does
not affect the algorithm run time. In practice, the input size of
the algorithm is small, and even in cases of 30 satellites, the
algorithm can be implemented on low-end smartphone devices.

V. RESULTS

Here, we present both simulation and experimental results.
The field experiments were conducted to demonstrate our
ability to detect RSAT events caused by narrow utility and
sign poles (see Fig. 7) during highway driving and to test the
advance algorithm. The simulation was designed to test the
algorithms in various strong/weak sampling rates.

A. RSAT Detection

Here, we present results obtained from approximately 80-km
driving in various highways. The main GPS device was
ORG44tx by Origin GPS, which produces C/N0 in 10 Hz.
The experiment was conducted in the following manner: We
drove at the right lane while two GPS modules recorded the
signals. We distinguish between two types of obstacles: utility
poles and sign poles. While the first one is indifferent for some
of the satellites, the latter creates RSATs for all of the satellites;
hence, it can be served to calibration purposes.

For approximately 15 min of recording, dozens of RSATs
were detected. The most important part is that, for almost each
RSAT event, one can attach a utility or a sign pole as a cause
for the RSAT. Two examples are worth mentioning. The first
one is the signal behavior as a result of momentary bridge
attenuation. Fig. 8 shows the bridge and the vehicle route (red
tacks). The vehicle speed, as recorded by the devices, was
≈ 65 km/h (18 m/s). The bridge’s width is approximately 9 m.
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Fig. 8. Example of a 9-m-wide bridge that caused RSATs to all the satellites,
as shown in Fig. 9. The red dots represent the 1-Hz sampling rate.

Fig. 9. RSATs caused by a bridge, as shown in Fig. 8.

Fig. 10. Two RSATs (shadows) caused by a utility pole with time difference
of about 0.3 s, as shown in Fig. 11.

Thus, the vehicle passed the bridge in less than 1 s. Neverthe-
less, Fig. 9 shows the recorded C/N0 of the satellites. RSAT
can be easily detected in all of them. As explained in Section III,
the intensification is less rapid (more than 2 s).

Fig. 10 shows a different scenario. A 2-m-wide utility pole
creates shadows from two satellites (azimuth 114 and 130).
The SNR values of those two satellites are shown in Fig. 11.
The time difference between the two is 0.3 s, whereas vehicle
velocity is ≈ 13 m/s. Thus, the distance is ≈ 4 m. Knowing this
distance is a sufficient input for the naive algorithm.

Fig. 11. C/N0 graph of two satellites. The time difference between two
RSATs is 0.3 s.

Fig. 12. Constellation of the three poles. The experiment was conducted while
driving in proximity to the poles (8–30 m).

B. RSATs Intersection

Here we present RSAT detection caused by narrow poles.
Fig. 12 displays the area in which the field experiment was
conducted. The experiment was conducted in the following
manner: First, we recorded a route while driving in proximity
to the poles. The vehicle speed during the entire recording
was approximately 10 km/h. The recording was done using
ORG44tx by Origin GPS. This module records only GPS
signals. The poles’ measured width is 0.8 m at the base and
≈ 0.4 m at the top. According to this scenario, diffraction should
start at a distance from the pole of 2 m and above. However,
we were able to detect RSAT events at distances greater than
20 m using our device and a 10-Hz C/N0 sampling rate. The
3-D modeling of the poles was done in the following manner:
The X–Y position was determined using high-resolution aerial
photography. The width and height were computed using actual
measurements. The yellow line in Fig. 13 represents the actual
walking route while recording GPS data using our device. The
red dots represent the estimated GPS route. The difference
(as represented by the blue line) is 5 m in 60◦ N. The corrected
path error is less than 1 m.

The experiment was conducted in the following manner:
First, we recorded a route while driving in proximity to the
poles. Then, RSAT events were detected using our algorithm.
The red dots in Fig. 14 represent the recorded GPS route.
Each red line in the figure represents an RSAT event from a
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Fig. 13. Calibrating the GPS to the map. The red dots represent the recorded
route, whereas the yellow line represents the actual route. The blue line is the
correction vector.

Fig. 14. RSAT detection in field experiment. A top view of the RSAT flower is
shown. The (blue) correction vector is calculated from the center-of-mass point
to the pole. The yellow dots represent the corrected route that overlaps the real
route.

specific satellite. The intersection points of the RSAT lines are
clustered to a center-of-mass point corresponding to a specific
pole. The correction vector is calculated from that point to the
pole. The yellow dots represent the corrected route based on
our algorithm and the correction vector. In summary, we were
able to detect RSAT events caused by narrow-width poles at
distances greater than 20 m.

C. Simulation Results

In order to test the correctness and accuracy of both algo-
rithms in highway scenarios, we have programmed a simulation
in Java. In this simulation, the geometrical information of
poles was modeled using Google Earth and Google Sketch-Up
software tools.

For the simulation data, we have used a real GPS and
GLONASS constellation as recorded on our smartphone de-
vices. First, the simulation creates an imaginary route (i.e.,
a unique position for each time stamp). Then, for each time
stamp, a LOS/NLOS snapshot of the satellite constellation is
calculated. The simulation creates a degraded route with posi-
tion, velocity, and heading errors. The simulation’s objective
is to correctly estimate the original lane using the degraded
route and the LOS/NLOS classification. The yellow line in
Fig. 15 represents the original (imaginary) route, and the blue
line represents the degraded route.

Fig. 15. Advanced algorithm. The yellow line represents the original route.
The blue and green lines represent the GPS estimation and the algorithm,
respectively. The white segments represent RSAT events, and the red track is
the computed center of mass of all points intersection.

TABLE I
NEEDED SAMPLING RATE FOR ROBUST RSAT DETECTION

WITH RESPECT TO THE POLES’ WIDTH (IN METERS)
AND THE USER SPEED (KILOMETERS PER HOUR)

When an RSAT event occurs, a white line is created from the
estimated position (the blue route) in the azimuth of the corre-
sponding satellite. With every additional line, more intersection
points are created. Each added intersection point refines the
center-of-mass point (red tack in Fig. 15). A correction vector
from the pole’s position to the point is then calculated. The final
estimated route (green line in Fig. 15) is the degraded route with
the correction vector added.

The higher the velocity, the higher the error rate. This is
because the probability for detecting an RSAT event decreases
as the speed increases. Moreover, even if properly detected,
the actual time of such an RSAT event might not be accurate,
due to insufficient sampling rate. This time shift error leads to
a location error, which increases with respect to the receiver
speed. Table I presents the required sampling rate for robust
RSAT detection with respect to the client velocity (in kilometers
per hour) and the pole’s width (in meters). For example, the
RSATs from a 1-m-wide pole will probably not be detected
using a sampling rate of 10 Hz and a velocity of 40 km/h
(see Table I).

D. Highway Scenarios Simulation

The suggested method for lane-level accuracy improve-
ment using 10-Hz strong/weak classification, although it works
well for some low-speed applications (mainly agricultural
autonomous driving systems), does not work in high-speed
highway scenarios. In the field experiments we have conducted
with our device (ORG44tx with an external antenna) and using
10-Hz C/N0 as produced by the SiRF protocol, we were un-
able to detect RSATs when moving at 70 km/h and above. The
main and foremost reason a high-sampling-rate SNR device
does not exist is that it would be too noisy [28]. On the other
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Fig. 16. Improved positioning simulation results. The yellow line represents
the original route; whereas the blue and green lines represent the GPS estima-
tion and the algorithm, respectively. The red line represents the corrected route
using the algorithm and a 100-Hz strong/weak classifier. Average route error
(in meters): blue (GPS): 12; green (10 Hz): 3; red (100 Hz): 0.8.

hand, a high-sampling-rate strong/weak signal strength module
has no current demand. Even when equipped with an external
antenna such as the one we have used, detecting an RSAT event
is not an easy task with 10-Hz C/N0 sampling. The reason is
the short duration of the RSAT event due to the poles’ width.

The width of a standard utility pole is just under 1 m. Large
poles may be as wide as 1.5–2 m. The pole’s width represents
its shading area cast on the road. An RSAT event means that the
vehicle is in a shaded region. The wider the pole is, the more
time it takes the vehicle to traverse its shading region. A vehicle
driving at 90 km/h will traverse 25 m in 1 s. The implication is
that, given an accurate strong/weak classifier in 10 Hz, we can
only detect poles that are at least 2.5 m wide. Moreover, the
current C/N0 produced from the SiRF protocol is not accurate
(as stated in Section III). Fig. 16 shows a simulation output
with a velocity of 20 m/s (72 km/h) with a 10-Hz sampling
rate. Naturally, the average error significantly increases due
to lack of RSAT events (caused by high velocities). The red
line in Fig. 16 represents the corrected route using a 100-Hz
strong/weak (LOS/NLOS) classifier. Such a classifier enabled
the algorithm to detect many more RSATs during a highway
drive. For example, a vehicle driving at 90 km/h will traverse
0.25 m in 0.01 s. Thus, narrow poles can be detected using a
100-Hz strong/weak classifier. We strongly believe that such a
classifier is viable utilizing the 1-ms interval correlator tracking
loops [22].

E. Density and Position of Poles in Common Roads

At the last part of this section, we discuss the availability of
the suggested framework on various types of roads and utility
poles. First, we consider the case of lighted roads: Since light
poles are designed to light the road without interfering with the
drivers’ sight, directional spotlights are used with an aperture
beam, which is usually within the range of 60◦–120◦; therefore,
the density of light poles is proportional to their height. The
common height of such poles is 10–50 m. Thus, in lighted
roads, one can expect to find a light pole every 30–120 m.
Naturally, high poles required to be relatively wide, allowing
reliable RSAT detection from a greater distance. Observe that
due to the fact that light poles are designed to share light on
all lanes with directional spotlight, they must be positioned

next to the road. Moreover, any satellite with elevation smaller
than 90−D will share a shade on all the lanes (D being half
the beam departure). GPS and GLONASS provide, nowadays,
more than a dozen satellites above the horizon (in most places);
hence, one can assume with high probability that given a light
pole, there exists a shade for all the lanes.

Unlighted roads, however, suffer from significantly less
poles, allowing only an occasional positioning fix using the
algorithm. Nevertheless, there is a world tendency to light most
highways. Moreover, other narrow obstacles such as bridges,
cellular towers, and utility poles are available in unlighted
roads.

VI. CONCLUSION AND FUTURE WORK

We have introduced a new framework for improving the
accuracy of commercial GNSS devices using detection of mo-
mentary signal drops caused by utility poles. The presented
algorithms were implemented and tested in simulations and
field experiments. The relatively accurate velocity estimations
computed by the GPS devices enabled lane-level accuracy
using a single utility pole and only two effective satellites
(RSATs).

Due to insufficient sampling rate (10 Hz), the detection of
RSATs was unreliable in a driving speed of over 45 km/h.
However, future commercial GNSS modules (such as SkyTraq
S1216F8) can produce strong/weak signal classification in a
sampling rate of 20–50 Hz, which should be sufficient for
detecting RSATs caused by standard utility poles, even in
100 km/h.

For future work, we plan to use the suggested strong/weak
classifier for mapping utility and light poles using automated
crowd-sourcing methods [5]. This can enable simultaneous
localization and mapping (SLAM) [33], [34], in which 3-D
models of poles are continuously improved. Such SLAM al-
gorithm may assist the proposed framework to reach further
accuracy improvement.
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