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ABSTRACT

A large number of traffic collisions occur as a result of obstructed
sight lines, such that even an advanced driver assistance system
would be unable to prevent the crash. Recent work has proposed the
use of around-the-corner radar systems to detect vehicles, pedes-
trians, and other road users in these occluded regions. Through
comprehensive measurement, we show that these existing tech-
niques cannot sense occluded moving objects in many important
real-world scenarios. To solve this problem of limited coverage,
we leverage multiple, curved reflectors to provide comprehensive
coverage over the most important locations near an intersection.
In scenarios where curved reflectors are insufficient, we evaluate
the relative benefits of using additional flat planar surfaces. Using
these techniques, we more than double the probability of detecting
a vehicle near the intersection in three real urban locations, and
enable NLoS radar sensing using an entirely new class of reflectors.
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1 INTRODUCTION

Non-line-of-sight (NLoS) radars, which can “look around” obstacles
and corners to detect oncoming traffic that will otherwise be ob-
scured to vision-based sensors, is an important component in the
integrated suite of sensors found on vehicles in the future. With the
capability to detect objects around blind corners, such NLoS radars
are crucial in reducing accidents and injuries due to collisions at
such challenging intersections. In the US, collisions at intersections
account for more than 23% of all motor vehicle crashes, and are
responsible for 26% of loss of personal functional due to serious
injury [27]. Prior work in the field of automotive safety shows that
sight line obstructions are a key factor in a large fraction of these
cases. For example, 18% of vehicles that crashed into pedestrians
while turning had an obscured view of the scene. In addition, de-
tailed reconstructions of real-world crashes have demonstrated that
due to sightline obstructions, even an idealized automatic braking
system would be unable to prevent around 30% crashes between
left vehicles and opposite-direction traffic [4].

Current approaches to NLoS radar sensing [38, 42, 44] have
focused on leveraging reflections from planar reflectors in the en-
vironment to “look around the corner”, to sense the presence of
an occluded object. However, such approaches offer insufficient
coverage of the obscured region to provide adequately accurate and
early detection of vehicles and pedestrians at intersections. Given
that a radar must detect vehicles anywhere in the region 0-30 m
from the intersection (§ 2.1) to provide adequate early-warning for
current safety-systems [4, 37], Figure 1 illustrates how techniques
that rely only on planar reflectors fall short, and we further describe
these shortcomings in § 2.2. In particular, these conventional NLoS
radar systems only have a narrow window of coverage, and fail to
identify vehicles that are within 5 m of entering the intersection,
and often fail to provide any meaningful coverage when the radar
is more than 15 m from the intersection. Worse, these systems rely
on the availability of large, planar surfaces to act as relay reflectors,
which may not be available at all in many non-urban scenarios.
With such poor sensing coverage, it is impossible to design reliable
safety systems based on such NLoS radars.

Unfortunately, the challenge of NLoS automotive sensing can-
not be adequately solved with other radar/non-radar approaches.
Camera-based NLoS sensing[13] works in limited scenarios where
there are optical reflectors or indirect lighting [28, 49]; Lidar-based
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NLoS sensing requires very high power, costly, specialized equip-
ment that exceeds eye safety limits [24], and thus are impractical for
current automotive deployments; Through-wall radars [9, 20] take
advantage of the fact that radar can pass through certain materials
that block visible light, but obstructions on a road are made from
dense materials such as metal or concrete, which are opaque to
radar at most frequencies; Cooperative sensing using V2X or V2V
infrastructure [10] requires significant infrastructure development
in both onboard and roadside sensors and thus faces economical and
technical barriers to widespread deployment in the near/medium
term.

In this paper, we re-examine the principles of NLoS radar sens-
ing, and answer two key questions to accelerate their deployment
in practical automotive scenarios. First, how can radars "see" around
corners by using non-planar, non-ideal reflection surfaces? Most
candidate reflectors (e.g., vehicles, street lighting, trees) that can
redirect radar signals around obstacles have complex, non-planar
surfaces. Our measurements (§ 2.2) show that if we can harness
cylindrical reflectors in addition to planar ones, then we can expand
the blind-spot coverage by 41% in an urban scenario, thus making
it feasible to build safety systems based on NLoS radars. Second,
analogous to how mirrors and traffic signals are installed in key
locations to aid drivers in making blind turns safely, how can we
augment the environment to make it "radar-friendly" to enhance NLoS
radar performance?

In addressing these questions, we introduce MosalIc, an inte-
grated sensing suite that employs LiDARs to map the positions
of the LoS reflectors, and automotive radars to process secondary
reflections from those surfaces so as to detect people and vehicles
around obstacles and blind corners. MosAIc contains three key
contributions:

Diversity-aware radar detection. We develop an algorithm
that handles sensing paths where the AoA and AoD of the radar
signals are not aligned, i.e., the outging signal and returning signal
follow different paths, which is common in practical NLoS environ-
ment. Our algorithm handles both noise and mobility within the
sensing frame. We show that this technique improves the chance
of detecting an occluded object within 20 m of the intersection by
20%.

Radar ambiguity resolution. We develop a method for resolv-
ing the location of objects when the path of the radar signal is
ambiguous. Inspired by trilateration-based localization techniques,
we build an algorithm that resolves ambiguous reflections to a sin-
gle point, giving priority to paths with the highest signal strength.
Using this technique, we can reliably localize objects to within 2 m
using reflections from multiple non-planar reflectors (e.g., metal
cylinders), without any advance knowledge of the reflection angle.

Radar-friendly environment design. In practice, not all the
environments contain proper reflectors to enable NLoS radar. Our
measurement profiling and analytical model lead to a deeper under-
standing of the performance limits of a joint LIDAR+Radar system
for NLoS sensing. Furthermore, we derive guidelines on placing
different types of artificial reflectors that can enable accurate and
reliable NLoS sensing.
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2 BEYOND-LOS RADAR MODEL

Conventionally, NLoS radar works as follows. Consider a mono-
static radar and a moving target. The radar provides a heat map
of RF power reflected back to it in terms of AoD, AoA, range, and
doppler. The AoD and AoA can be independently resolved by using
separate arrays of transmit and receive antennas. Further, suppose
the moving target is occluded by an object. To sense the target
location, we introduce a relay reflector which creates a NLoS path
between the radar and the target. The radar signal traverses this
path from the radar to the target, and then returns along the same
path. The resulting radar heat map then includes an image of the
target at a location on the far side of the reflector. By reflecting this
part of the image across the reflector plane, we can determine the
target location, as long as the pose and position of the reflector is
known a priori.

Since millimeter-wave (mmWave) automotive radar only detects
a sparse set of points, the radar alone may not capture the entire
surface of a potential relay reflector. To build a more complete model
of potential reflectors, prior research proposed either using a known
map of nearby buildings’ walls [44] or using LiDAR data [38]. Since
an existing map of the scene is unlikely to capture mobile reflectors
such as parked or moving vehicles, we opt to use onboard LiDAR
data in Mosaic. Lidar generates a much denser point cloud than a
mmWave radar because it has a much shorter wavelength and finer
angular resolution, leading to increased levels of backscatter. This
means that we can use a single Lidar snapshot to build a model of
the available first-order LoS reflectors in real-time.

2.1 Desired Coverage

Now we develop a model of the possible locations that fall in the
blind spots of the radar due to NLoS occlusion. The NHTSA has
gathered extensive data on car crashes in the US, and identified a
number of crash types as disproportionately caused by sightline
obstructions [27], as summarized in Table 1. In total, there are about
twice as many crashes into lateral traffic as there are into oncoming
traffic at intersections. This implies there are similar numbers of
crashes from the left, right, and opposite sides of the intersection.

Our next task is to determine the exact regions of the road that a
NLoS radar needs to cover to prevent collision. First, we determine
how far in advance the radar must be able to find the occluded
object that may cause a crash. Based on prior work on left turn into
oncoming traffic crashes, we know that an automatic emergency
braking (AEB) system must be able to sense a potential collision at
least 1.5 sec to prevent the majority of crashes. A system that warns
the driver without automatically applying the brakes benefits from
sensing the object 2.5 sec or more before the potential collision
[4]. For cross-traffic crashes, real-world crash reconstructions show
that around half of all crashes can be avoided or mitigated if the
cross-traffic vehicle is detected at least 1.5 sec before collision when
AEB is used [37].

Urban speed limits in the US generally range from 15 mph
(24 km/h, 7 m/s) to 35 mph (56 km/h, 16 m/s) [14]. Crashes in-
volving turns may involve stationary or nearly-stationary vehicles
near the edge of the intersection, so we also must be able to de-
tect vehicles up to the edge of the intersection. To detect vehicles
travelling at up to 16 m/s at least 1.5 s before a potential collision,
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Crash Type | % Crashes | % FYL
Car from oncoming direction | 6.9% 8.5%

Car from lateral direction | 16.2% 17.2%
Crash into cyclist while turning | 0.3% 0.4%
Crash into pedestrian while turning | 0.3% 0.9%

Table 1: Prevalence of crash types in US disproportionately
caused by sightline obstructions. FYL (Functional Years Lost)
indicates severity of resulting injuries [27].

Figure 1: Blind spot problem for a NLoS radar that relies on
planar reflectors. Due to specular reflections, both the pedes-
trian and magenta vehicle are beyond the radar coverage.

an AEB system should be able to detect vehicles in all directions
0-24 m from the edge of the intersection, from a vehicle located
up to 24 m from the edge of the intersection. Likewise, a driver-
warning system should ideally detect vehicles from 0-40 m from
the intersection to allow for 3 sec of advance warning.

2.2 NLoS Radar Coverage Model

2.2.1 Ray tracing model of NLoS coverage. Next, we develop a ray
tracing model to examine the relationship between the locations of
relay reflectors and the regions of the scene where the moving target
can be sensed. To demonstrate the problems inherent in current
NLoS radar modalities, we focus on a relatively common geometry
where two roads intersect at a right angle. The most common
large, planar reflectors are either the walls of the buildings at the
corners of the intersection, or the long sides of vehicles parked
or driving on the road. Thus, the planar reflectors will generally
be aligned to the axis of one of the two perpendicular roads. In
addition, the width of road lanes, the minimum gaps between the
road, and the potential locations of parked cars are governed by
road standards, accessibility and zoning laws, and road-related laws.
Therefore, although there are many possible road configurations, we
can generate representative scenarios without exhaustively measuring
large numbers of real intersections.

The width of the planar reflector blind spot for cross traffic on
either the left or right of the intersection is

Xrefl
— | Yblock>
Yrefl

Xblock +

Wblind = Xrefl —
Yblock
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where (Xpjock> Ynlock) are the coordinates of the corner of the block-
age nearest to the center of the intersection, and (x,¢f, Yrefi) are
the coordinates of the corner of the planar reflector closest to the
center of the intersection. The width of the blind spot wp;;,q is a
function of yp;pg, the y coordinate at which we measure the blind
spot.

To find the possible coordinate values, we note that the standard
lane width for new roads in the US is 3.7 m, and that buildings
must be set back at least 1.5 m from the roadway in order to leave
enough space for a sidewalk that complies with the Americans with
Disabilities Act [29]. We use these standard dimensions to construct
intersections that correspond with common urban street grids.

We consider 3 representative intersection sizes: (i) two 2-lane
roads, (ii) a 2-lane road and 4-lane road, and (iii) two 2-lane roads
with an additional lane of on-street parking in each direction. At
each intersection, we place buildings with smooth concrete walls
on all four corners, at the minimum possible setback from the road.
A vehicle turning left blocks the view of oncoming traffic from
the perspective of the vehicle with the radar, as shown in Figure 1.
For both the vehicle carrying the radar and the target vehicle, we
consider a set of locations from the edge of the intersection to 32 m
from the intersection, at intervals of 1 m, as discussed in § 2.1.

We then determine percentage of cases where the radar vehicle
can sense the target vehicle in three setups: (i) Using only large,
planar reflectors, as in prior studies. (ii) Adding traffic light poles
as relay reflectors, each placed 0.5 m from the edge of the adjacent
traffic lane. (iii) Considering all paths including those where the
NLoS signal returns along a different relay reflector than the one
along which it departed. We use our measurements of reflection
loss from § 2.4 for the relay reflectors, and use the measurements
from [26] to represent the vehicle’s reflection strength, i.e., its radar
cross section (RCS) values.

We find benefits from both the additional of cylindrical reflectors
and of paths with differing AOA and AOD values, with all but one
scenario showing over 20% of coverage improvement. Cylindrical
reflectors are especially useful in sensing oncoming traffic, where
the ordinary placement of planar reflectors leaves a large coverage
gap near the intersection. Therefore, the key to comprehensively
sensing occluded objects in automotive scenarios is to use as many re-
flection paths as possible, and in particular nonplanar relay reflectors
and paths where AOA and AOD do not match. Using large, planar
reflectors and assuming that the AoA and AoD are equal, as in prior
work, significantly limits the cases in which NLoS radar is useful.

Planes | +Cylinders | All Paths
2/2 Lane Oncoming | 57% 73% 78%
2/2 Lane Cross | 58% 62% 73%
2/4 Lane Oncoming | 56% 81% 85%
2/4 Lane Cross | 60% 71% 84%
4/4 Lane Oncoming | 75% 71% 89%
4/4 Lane Cross | 55% 86% 95%

Table 2: Ray tracing-based coverage estimate for three dif-
ferent intersections. X/Y denotes intersection between an X-
lane and Y-lane road.

2.2.2  Demonstration: Urban Blind Spots. To demonstrate that the
coverage limitations we discovered with the analytical ray-tracing
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relay reflector
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Figure 2: The T Junction beyond-LoS sensing scenario. The
pedestrian is not detected by NLoS radar beginning 4 m from
the corner of the blockage.

model correspond with real-world coverage limitations, we conduct
a measurement study at a real intersection. In the first scenario,
shown in Fig. 2, we place the radar near a 3-way intersection with
buildings on two corners. We have a pedestrian move at different
distances from the intersection, and identify the locations where
the pedestrian can be detected. We find that the blind spot in this
T-junction has a width of 4.1 m, which is within a 2% error of the
theoretical blind spot size of 4 m based on the dimensions of the
intersection.

In the second scenario, shown in Fig. 10, we consider a more
extreme case where buildings are set back significantly from the
road. The vehicle with a radar is attempting to turn right, but its
view of cross traffic is blocked by a left vehicle, and thus may collide
with another vehicle crossing the intersection in the perpendicular
direction. We simulate the vehicle blockage using an RF absorber,
and verify that the LoS path is blocked by ensuring that all the
radar returns associated with the moving vehicle are at a range at
least 5 m greater than the direct path. We find that the occluded
moving vehicle may be detected at distances of over 40 m using
only reflections from the traffic light pole. However, due to the large
gap between the road and the buildings, we do not find reflections
from any of the building walls.

2.3 Generalized NLoS Radar Sensing Model

Recall that a NLoS radar operates by observing reflections from
a target scatterer, such as a pedestrian or motor vehicle, reflected
from a relay reflector. Based on the intuitions gained from our
coverage analysis, we expand our Mosaic radar model beyond
existing around-the-corner model [38, 42, 44] by: (1) allowing any
possible reflective object, not just large planes; (2) considering that
some objects may allow both transmission and reflection, i.e., the
radar may receive both reflections from in front of the relay and
returns from target scatterers behind the relay; (3) decoupling the
transmission and return paths.

Based on this expanded radar model, the received signal strength
from a NLoS radar path will be

_ Pththrx/lzo'tg [1; Orefli
N T, B2

. 1)

where R; is the length of the ith segment of the path, N is the
total number of path segments, G,y and Gy are the receive and
transmit antenna gains, oy is the radar cross section (RCS) of the

target, and o, ¢y are the effective RCS values of the relay reflectors.

The RCS of an object determines the proportion of incoming RF
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energy reflected in a given direction, and is defined as o = A, f; T,
where A,¢f; is the effective cross-sectional area of the reflector
and T is the efficiency of the reflector material. Note that for large
objects such as walls, the area A,.f; depends on the size of the
surface illuminated by the radar. An object can be detected as long
as Pry > Smin, i.e., the received power is greater than the radar’s
sensitivity level.

Since many objects in the roadside environment may be at least
partially transparent to mmWave radar signals, we also consider
the case where the target object is behind an object within LoS,
rather than reflected from it. The received signal strength after
passing through such an object will be

PxGrx er/12 UthZ

P = occl
rx - 3pdpd
(47)°RIR;

>

where T,..; represents the total transmission coefficient of the
occluding object.

This expanded model introduces localization ambiguities. Specif-
ically, interaction type ambiguities arise where an object (e.g., win-
dows, wood walls, plastic boards, etc.) may either reflect incidental
signal or allow it to pass through. Reflection angle ambiguities origi-
nate where we cannot determine the angle of reflection at the relay
reflector. This occurs when the relay reflector’s normal direction
varies rapidly enough that the radar’s angular resolution is insuffi-
cient to determine the normal direction at the point of reflection.
We will provide additional details on the nature of these ambiguities
and our solution in § 2.5.

2.4 Measurement Profiling of Diverse

Reflectors

We have shown that the large, stationary relay reflectors favored
by previous studies frequently have large blind spots, even in near-
ideal urban scenarios. Covering these blind spots will require ad-
ditional non-planar reflectors such as moving vehicles and lamp
poles, which are not considered by prior work [38, 42, 44]. How-
ever, compared with large planar reflectors, these smaller and more
geometrically complicated relay reflectors may have significantly
different reflection characteristics, which we will profile in this
section.

Our test proceeds in three phases. First, we measure the maxi-
mum NLoS sensing range of a moving pedestrian using reflections
from the given relay reflector. The maximum range depends on the
RCS of the relay reflector, and the distances between the relay and
the target and radar. Since the RCS may vary with the angle between
the incident and reflected rays, we conduct this experiment where
the angle varies between 0° (the monostatic RCS), 20°, and 45°. To
ensure that we only detect NLoS paths in this phase, we point the
radar away from the target and place RF absorbers adjacent to the
radar to completely block LoS paths. The monostatic radar we use
cannot directly measure the bistatic RCS. Instead, we measure the
NLoS detection range of a scattering target when varying the angle
between the radar-reflector ray and the reflector-target ray. Using
Eq. (1), and assuming for now the transmitted path is the same as
the return path, we have

4 Smin (4”)50'1‘9

2 4
o > R7R >
refl 12 P Gix Grx A2

@)



Mosaic: Leveraging Diverse Reflector Geometries for Omnidirectional Around-Corner Automotive Radar

Figure 3: The relay reflectors evaluated: (a) glass wall, (b)
rough concrete, (c) smooth concrete, (d) smooth brick, (e)
guardrail, (f) lamp post, (g) tree, (h) traffic light pole, (i)
sedan, (j) pickup truck, and (k) small SUV.

such that we can estimate the relay reflector’s RCS by finding the
maximum detection range of a target assisted by that reflector. To
make this measurement more intuitive, Table 3 shows the RCS
in terms of the worst-case detection range of a pedestrian, i.e., the
values of R; and Ry such that the total range Ry + R is minimized.
In addition, we calculate the detection range of a car by using the
RCS measurements of a sedan from [26].

In the final phase, we evaluate the viability of the specular reflec-
tion model used in prior work [38] for localizing a moving target.
We use the cell-averaging CFAR approach to find the range and
Doppler values associated with the target, and then estimate the
corresponding azimuth angle of the radar path using maximum
likelihood estimation. We estimate the target location by using its
surface normal determined using the 20 nearest neighboring points
from a lidar point cloud (using the lidar in § 6.1). We compare the
target location estimated by a NLoS radar to the ground-truth ob-
tained using lidar. For comparison, we also include the estimation
error for a pedestrian moving within the radar’s LoS.

Table 4 shows the mean square error (MSE) corresponding to
the various relay reflectors in Figure 3. The first set of reflectors
are the outdoor, street-level walls of various buildings, typically
used in prior work [38, 42, 44]. Note that very similar materials,
such as concrete walls with two different finishing types, rough and
smooth, may have substantially different RCS values. The rough
surfaces result in more scattering rather than specular reflections,
which reduces the SNR for target sensing. The second set of mea-
surements are stationary curved objects typically placed on the side
of the road. The building corner is a 1mx1m concave right-angle
corner in an exterior wall made of smooth concrete. The lamp post
is a 14 cm diameter smooth metal pole, of a size typically used
to light pedestrian areas, with a similar size as the poles used to
mount pedestrian signals at intersections [5, 11]. The traffic light
pole is a 32 cm diameter smooth metal pole, of a similar diameter
and structure to other poles that are placed at the corners of inter-
sections to support signal lights on mast arms [5, 11, 12, 33]. The
concrete pillar is a 65 cm diameter cylindrical structural support for
a building. The tree trunk is a 90 cm diameter rough cylinder, larger
than typical trees planted near roads. This suggests that even very
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Pedestrian (m) | Car (m)
Glass wall 50 - 55 | 63-99
Smooth concrete wall 31-33 | 39-59
Smooth brick wall 21-25| 26-45
Rough concrete wall 12-14 | 15-25
Guard rail 12-18 | 15-32
Square lamp post (side) 26-30 | 33-60
Metal fence 13-16 | 16 -29
Small metal sign 16 -18 | 20-36
Building corner (concave) 17-20 21-40
Metal bollard 7-9 9-16
Circular sign post 5-6 6-11
Square lamp post (corner) 3-5 4-9
Circular lamp post 8-10 | 10-18
Traffic light pole 12-13 | 15-24
Concrete pillar 5-6 6-11
Tree trunk 4-5 5-9
Sedan (side) 16 -17 | 20-31
Sedan (front) 8-10 | 10-18
Sedan (rear) 10-12 | 12-22
SUV (side) 28-30 | 35-54
SUV (front) 5-6 6-11
SUV (rear) 11-12 | 14-22
Pickup truck (side) 18 | 23-32
Pickup truck (front) 10-11 | 13-20
Pickup truck (rear) 12 | 15-22

Table 3: Reflector object range measurements. We include
planar/directional reflectors, quasi-omnidirectional reflec-
tors, and vehicles in separate sections.

large trees will have lower range than metal cylinders available
near roads.

2.5 A Typology of NLoS Reflectors

For the purposes of NLoS sensing, we categorize all objects in the en-
vironment into three classes: quasi-planar, quasi-omnidirectional,
and non-reflective. Quasi-planar objects were the focus of pre-
vious NLoS radar work. In contrast, MosAIc can employ quasi-
omnidirectional reflectors as well. Non-reflective objects such as
foliage, ground clutter, and outdoor furniture may be detected on
the radar, but do not have a sufficient RCS to create a NLoS path.

Based on the reflector profiling in Tables 3 and 4, we develop a ty-
pology of typical relay reflectors available near roads, and describe
how Mosaic estimates the NLoS paths created by each reflector
type. Note that MosAIc only relies on reflectors within the radar’s
LoS, and the reflector type can be detected by a co-located lidar
sensor (details in § 6.1).

MSE (m)
Baseline (LoS) | 0.57
Glass wall | 0.75
Sedan (side) | 0.91
Sedan (front) | 1.02
Traffic light pole | 2.89

Table 4: Target localization errors with diverse reflectors.
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Directional reflectors. Directional reflectors along the sides
of roads generally take the form of planar surfaces such as walls,
fences, and other architectural features. Such reflectors bear a one-
to-one relationship between incident and reflection angles. There-
fore, we can determine the original location unambiguously. The
directional surfaces we measured exhibit a variety of reflection
strength values, depending on material, roughness, texture, etc.
This observation aligns with prior measurements of the mmWave
band channel, which found that most materials for exterior walls
are rough and cause high transmission loss [21].

Quasi-omni reflectors. Quasi-omni objects reflect radar sig-
nals to a wide range of angles which helps cover blind spots. How-
ever, they suffer from higher reflection loss compared to flat surfaces.
Amongst the cylindrical surfaces we measured, only the metal ones
are usable as relay reflectors. The other weakness is that we usually
cannot conclusively determine the angle of a signal reflected from
the curved reflector. This is a result of limitations in both radar
and lidar sensors. State-of-the-art automotive radar has a best-case
angular resolution of a few degrees (e.g., 1.4° in our experimental
radar, § 6.1). At a range of just 3 m, this corresponds to a 7 cm
uncertainty in the actual reflection location. For a 32 cm diameter
traffic light pole, it means that there is a 39° uncertainty in reflec-
tion angle, even assuming perfect knowledge of the locations and
geometries of reflectors! For this reason, Table 4 shows that curved
reflectors such as the traffic light pole and front of the sedan have
significantly higher localization error than flat surfaces.

Vehicles. Our measurements show that, when using vehicles as
relay reflectors, the detection ranges vary widely depending on the
vehicle form factor and orientation. For example, the fronts of most
consumer vehicles have low RCS values due to the sloped and/or
irregular surfaces. As a result, these surfaces had ranges comparable
to a small metal lamp post at best, or a concrete pillar at worst. The
rear section of most vehicles had measured relay ranges in between
a lamp post and a traffic light pole. The sides of vehicles showed
the greatest variability, with sedans providing 16 m of range, and
SUVs 28 m, comparable to a smooth wall.

Vehicles may be modelled as a combination of curved and planar
reflectors. We thus begin by using plane fitting to model the sides of
the vehicle. The remaining surfaces are neither circular nor planar,
so we instead determine the normal values by fitting a line to the k-
nearest neighbors in the point cloud. As with cylindrical reflectors,
this curved surface will have an ambiguous reflection angle, so we
model this ambiguity as an ellipse, and narrow this ellipse to an arc
of points corresponding with the possible normal angles within the
uncertainty of the radar’s azimuth angle estimate.

Random surfaces. Whereas the continuous variation of curved
and planar surfaces creates reflections that tend to add construc-
tively, the discontinuous surfaces on irregular shaped objects usu-
ally do not add coherently. Therefore, we could not find any sig-
nificant NLoS reflection paths from objects such as chairs, foliage,
benches, and do not consider them as usable relay reflectors.

3 AOA/AOD DECOUPLING

We now introduce the practical steps in MosaIc to leverage the gen-
eralized NLoS sensing model. The first aspect is to use asymmetric
sensing paths with distinct AoA and AoD.
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Figure 4: Benefits of AOA/AOD decoupling: (a) range im-
provement from capturing forward-scattering paths and (b)
improved localization using path diversity.

3.1 AoA and AoD Decoupling Algorithm

Traditional monostatic radar systems assume the AoA approxi-
mately equals the AoD, i.e., the signal propagates directly from
the radar to the target, and then back following the reverse LoS
path. By making this assumption, a radar can achieve high angular
resolution by leveraging transmit and receive arrays with differing
antenna spacing. This raises a problem when AocA#AoD: how can
we detect separate AOA and AOD values without a significant loss of
angular resolution and/or increase in aliasing?

Detecting asymmetric paths. Our core insight in solving this
problem is that the radar paths are reciprocal. In other words, a
path with AOA 6, and AOD 6}, will have a reverse path with AOA
0p and AOD 6. Therefore, if we can match these two paths, we
can achieve similar angular resolution to cases where 8, = 8. To
accomplish this, we leverage the MIMO beamforming capability of
modern automotive radars to sweep through a series of AoAs, and
simultaneously receive the returned signals at multiple antennas
to estimate the AoA.

First, we isolate the signal path by selecting a single range value
and single doppler value. Then, we create a 2D AOA/AOD ma-
trix using a standard matched-filtering approach to beamform to
each azimuth angle of arrival. We define A; ; to be the resulting
beamforming power at AOD index i and AOA index j. To detect
AOA/AOD azimuth angle pairs using this matrix, we extend the
standard cell-averaging CFAR algorithm [36]. In the second stage,
we estimate the noise power P, = ﬁ Zf\nlzl Xm using N adjacent
bins AOA/AOD bins. Next, we detect asymmetric paths using two
criteria: (i) The beamforming power at both points exceeds a thresh-
old, ie, Apm > Tp and Ay, > Tp. (i) The power of the reciprocal
paths is sufficiently close, i.e., |An,m — Amn| < Tm. This proceeds
from the assumption that the reciprocal paths have the same path
loss. Finally, we localize the target using simple geometrical models.
If at least one of the reflectors is a plane, we can resolve the tar-
get location by finding the intersection of paths reflected from the
planes. For cylindrical reflectors, we generate a set of ambiguous
points falling along an ellipse, as described in § 2.5.

As with standard CFAR techniques, proper selection of the detec-
tion threshold is crucial. We set the beamforming power threshold

Ty, = ap PN, where ay, is a coeflicient selected for the desired false-
—1/(2N)
a

CFAR [36]. Note that we add an exponent of 1/2 to reflect the fact

alarm probability Pr,, and ap, = N(P —1) following classical
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that the additive noise in A;, », and Ap, ,, are independent when
m # n, which reduces the false positive probability by a power of 2
compared to a single value. The matching threshold T, is also set
based on the measured noise of the angular spectrum, i.e. T, > Tp,.
However, since different AoDs are active at different points in time,
we must also consider target and environment dynamics, as follows.

Handling target/radar mobility. To ensure an acceptable false
negative rate, we must also consider the mobility of the target. Our
starting assumption was that the two reciprocal paths have approx-
imately equal beamforming power. However, if the NLoS sensing
paths between the radar and target change substantially over the
course of the radar sensing frame, then this assumption may not
hold true. For example, if the total range of the sensing path in-
creases between the time when the radar transmitter beamforms
to azimuth 6, and when it beamforms to azimuth 6, the path with
AoD 6, will have a lower beamforming power than that with az-
imuth 0,. Similar cases may occur where a target with nonuniform
RCS rotates with respect to the relay reflectors, or where a new
blockage begins to occlude the NLoS path.

For our purposes, we assume that changes in range during the
radar frame will be the most common and significant problem.
Define t¢ as the length of a radar frame, the time between the
beginning of the first chirp of the first beamformed angle and the
end of the final chirp of the final beamformed angle. When a target
moves a distance Ax, the maximum change in total NLoS path
length will be 2Ax [38]. Therefore, a radar with frame duration t¢
will have a maximum change in beamformed power of 40(log;, R1 —
logyo (R1 — tfv)), where Ry is the initial radar range and o is the
maximum possible velocity of the target. To ensure a false negative
probability of Py, or lower for the angle matching stage, the radar
frame time should satisfy:

tr < R (1 - 10‘Tm/4°) 3)

v

Therefore, we must limit the frame time to 225 ms to ensure a 1%
false negative rate where the maximum velocity is 16 m/s (the max-
imum typical urban speed limit found in § 2.1), the minimum range
is 5 m (the minimum range in § 2.1), and the matching threshold
limit is up to 40 dB. State-of-the-art automotive radar can easily
achieve a shorter frame time (e.g., 90 ms in the TI radar we use) to
meet the requirement.

3.2 Microbenchmark Validation

Angular resolution. To determine the angular resolution of the
above method, we place two cylindrical reflectors side by side
and move them apart until they are distinguishable in the radar’s
range FFT spectrum. We use the standard transmit beamform-
ing method used by the TI Cascade radar [16] as a baseline. The
baseline method achieves an angular resolution of 3° and only
works when AoA=AoD. Whereas our method performs the same
when AoA=AoD, the resolution is only slightly coarser (5°) when
AoA#AoD.

Detection performance. The AoA/AoD decoupling is espe-
cially effective in an oncoming traffic scenario with relay reflectors
on both sides of the road. The signal therefore is transmitted to-
ward a reflector on one of the road, forward scattered toward the
reflector on the other side of the road, and returns along a different
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Figure 5: AOA/AOD decou- Fjgyre 6: SNR improvement
pling experiment setup. with AOA/AOD decoupling.
angle than it departed. Prior measurement profiling of vehicles in
anechoic chambers showed that the RCS within 10° of the exact
front of a vehicle is around 4-8 dBsm higher than that at an offset
angle of 10-45° [26, 39]. Therefore, if there are two reflecting paths
from opposite sides of the road, such that the the paths correspond
to a specular reflection from the high-RCS region of the front of
the vehicle, the resulting SNR is much higher than an AOA=AOD
path, which reflects from a lower-RCS corner of the vehicle.

First, we verify that our algorithm works in an artificial envi-
ronment with an arrangement of reflectors similar to an oncoming
traffic scenario. We place two 6 cm radius metal poles 1 m each from
the radar. Holding a 0.4 m? metal plane pointed directly toward the
midpoint between the two cylinders, we walk toward and away
from the cylinders (Fig. 5). We find that considering paths with
separate AoA and AoD and using our detection algorithm yields an
average SNR improvement of 3.8 dB and improves the maximum
range by an average of 27%.

In addition, we conduct an experiment at a public intersection
using a set of four bollards as relay reflectors. We point the radar
towards the bollards, to ensure that the entire intersection is outside
of the LoS region. We collect data from 5 approaching vehicles.
Again, we find that considering paths with separate AoA and AoD
to detect oncoming traffic yields an average SNR improvement of
3.4 dB and improves the maximum range by an average of 16%.

Second, due to the difficulty of collecting large amounts of sens-
ing data from the center region of public roads, we verify that
this improvement holds across many other possible scenarios by
conducting a simulation across many oncoming traffic sensing sce-
narios. We consider the intersection scenarios from § 2.2, and find
all possible paths from the radar vehicle to the oncoming target
vehicle, using both traffic light poles and the walls of adjacent
buildings. We use the measured vehicle RCS values in [26, 39] and
derive bistatic RCS values using [18]. Figure 6 shows the CDF of the
SNR difference obtained by the including NLoS paths vs. LoS alone.
Table 5 shows the coverage improvement. We find SNR improve-
ment in about 40% of cases, showing our AoA/AoD decoupling
method significantly expands the region of coverage of left-side
and oncoming traffic.

Avg. SNR Diff (dB) | Coverage Diff (%)
Oncoming | 2.0 dB 20%
Left Cross | 1.7 dB 30%
Right Cross | 0.5 dB 9%

Table 5: Simulated SNR and coverage area improvements for
vehicles within 20 m of intersection.

4 RESOLVING PATH AMBIGUITIES

A disadvantage of using omnidirectional or nonplanar reflectors
is that they greatly reduce the angular resolution, which greatly
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reduces the accuracy with which the radar can localize the object of
interest, as we previously demonstrated in Table 4. To compensate
for this reduction in accuracy, we proceed in two phases: first, we
develop a model of the reflection ambiguities that result from the
use of nonplanar reflectors, and second we describe an algorithm
that can find the most-likely true location of the target.

First, we define the set of ambiguous locations as an isorange
ellipse defined by

[M=r1|[+ 1= r2|[ = 2R = [|s — r1]| = [[s = r2]|,

where 1 is the ambiguous target location, s is the location of the
radar sensor, R is the pseudorange measured by the radar, and r;
and ry are the locations of the AoA and AoD relay reflections, re-
spectively. We then narrow this set of ambiguous points by only
including reflection angles corresponding to points within the an-
gular uncertainty of the radar. We describe the method to fully
resolve the target location in § 4.1.

We begin with the set of reflectors described in § 2.5. Each reflec-
tion angle ambiguity or interaction type ambiguity corresponds to
a set of points on an ellipse defined by the focal points located at the
relay reflectors. Uniquely resolving such an ambiguity to a single
point of target location may require up to three reflection paths. If
the AOA and AOD estimation has been decoupled as described in
§ 3, we may obtain the necessary number of paths using only two
reflectors, by including a path that departs using one reflector and
returns using the second reflector. Three paths are not necessary in
all scenarios, as the possible set of points may be limited by either
constraints on possible reflection angles, or because some points
on the ellipse fall within the direct LoS of the radar.

4.1 Ambiguity Resolution Algorithm

To resolve the location of a target vehicle from a set of ambiguous
reflections, we begin by mapping each detected range/angle point to
a reflector. We then generate a heatmap grid with cell size equal to
the expected maximum width of the target to ensure that multiple
scattering points on a single target will resolve to a single location.
For example, for pedestrian localization, we use a grid size of 0.5 m.
For each reflector, we draw the set of ambiguous points to the
heatmap as either a set of points or an antialiased [48] arc or ellipse.
The magnitude of each of these sets of points is equal to the CFAR-
estimated SNR [36] of the detected point. Where multiple point
sets overlap, we add the magnitudes together. Next, we resolve
each NLoS path. We generate a coarse estimate the target location
for each NLoS path by selecting the grid cell with the maximum
magnitude, beginning with the highest-SNR path, then proceeding
to lower-SNR paths. Finally, for each grid cell containing more than
one resolved path, we refine the target location estimate by using a
least-squares method [8].

However, even if the radar paths may algebraically resolve to
a single point, error and uncertainty in range measurements and
reflector locations may still introduce localization error in our least-
squares estimate. The exact nature of this error is dependent on
the geometric locations of the relay reflectors. For example, as
shown in Figure 7, if the relay reflectors are closely spaced, range
errors will have a significant effect on target localization accuracy
compared to a near-optimal placement. To quantify these accuracy
limitations, we adapt the concept of geometric dilution of precision
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Figure 7: Influence of reflector locations on localization er-
ror. Reflectors on the left have a small angle with respect to
the target, with larger GDOP than reflectors on right.

Figure 8: Diagram of the GDOP microbenchmark experi-
ment. The radar points toward the three metal cylinders,
which reflect the radar signal toward the pedestrian.

(GDOP), which is used to determine geometry-related accuracy
characteristics in localization systems. As in the standard GDOP
formulation, we linearize the equations of the ellipses about the
intersection point to derive a least-squares problem so as to find
the intersection point [8]:

St= (HTH)_chSf, where

€x1
H =

€y1
Y N .
X —X; ]
> €xi = o Cyi= T
Ti Ti

) €xn €yn

t = (%, 9) is the estimated target location, (Xj, V;) are the relay
reflection points, and § = (r1,r2,...rn) are the estimated ranges
between the relay reflectors and the target. Again following the
standard GDOP formulation, we determine the error covariance

matrix Ry; as a function of the range errog covariance matrix Ry,.
Rt t = H TR”-H )

This formula may be used to estimate the uncertainty of a given
target location estimate, as shown in § 4.2, providing a downstream
ADAS with a confidence level that may be used to provide appro-
priate false-positive rates. It also provides insights into the ideal
placement of curved reflectors in an environment. Namely, we can
use this model to show that the variances of the target coordinates
will be minimized when the relay reflectors are at approximately
right angles with respect to the target. Finally, this model shows
that additional relay reflectors will only improve the localization
result, not degrade it [43].

4.2 Microbenchmark: Accuracy and GDOP

To evaluate the effect of reflector geometry on the accuracy of the
location estimates, we use a set of three 6 cm radius metal lamp poles
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GDOP Values | Localization MSE (m)
10+£10 | 0.5+£0.2
30+10 | 1.5+0.6
50£10 | 2.0+0.9

Table 6: Estimated localization error for different ranges of
GDOP values. The MSE uncertainty is given in std.

spaced 1.5 m apart to localize a pedestrian, moving linearly from 3-
10 m from the poles at random angles. The pedestrian stands behind
behind the radar to stand outside of its LoS field of view, as shown in
Figure 8. We use the target localization technique described above
to localize the pedestrian, and the procedures described in § 6.1 to
compare the location of the moving pedestrian to a ground-truth
position obtained using Lidar. In Table 6, we show the results of this

evaluation, with the GDOP defined as GDOP = tr ((HTH)_1 ) This

shows an approximately linear increase in the localization MSE as
the GDOP value increases, as expected. It signifies the importance
of the locations of the set of reflectors we use to resolve reflection
angle ambiguities. In addition, it shows that our Mosaic radar
system can detect scenarios where the available reflector geometry
may not provide sufficient accuracy.

5 RADAR-AWARE ENVIRONMENT DESIGN

Even with the expanded set of NLoS reflection paths from AoA/AoD
decoupling and ambiguity resolution, many intersections may not
have a sufficient set of reflectors to enable reliable NLoS sensing.
For example, a suburban or rural intersection may only have a few
trees and a small number of vehicles near the intersection to act as
reflectors. Given that trees have very short NLoS sensing ranges
(§ 2.4), and that vehicles provide only very limited geometric cover-
age of the environment (§ 2.2), these environments are unlikely to
offer comprehensive NLoS coverage.

To remedy this problem, we propose to deploy passive reflectors
to inexpensively expand the NLoS radar coverage at intersections
lacking sufficient ambient reflectors. Since these reflectors must be
deployed in a way that does not unduly disrupt the environment,
we consider reflectors that already exist in many roadside loca-
tions, and may be either added or re-positioned to improve radar
coverage. For instance, we consider (i) metal signs, which act as
directional reflectors, and (ii) metal poles (e.g., street lights, traffic
light supports, etc.), which as quasi-omnidirectional reflectors.

To determine the size and type of reflector that should be placed
at a given intersection, we must consider both the range and the
field of view each reflector can provide. Quasi-omnidirectional re-
flectors have a wide field of view (at least 45° according to our
measurements), but a low RCS, which we measured in § 2.4.

Planar reflectors, by contrast, offer a much higher RCS, but more
limited field of view. Assuming that the radar is in the far field
of the reflector, the RCS of a planar reflector reflector is 47[A£ / 22,
where A, is the effective area of the metal reflector. For our radar
to sense an approaching vehicle at ranges of at least 24 m from the
intersection (see § 2.1), and using the signal strength model from
Eq. (1), the metal reflector must have an area of at least 347 cm?.
To sense a pedestrian in a crosswalk adjacent to the intersection, a
metal reflector must have an area of at least 167 cm?. This is the
size of a small road sign. In practice, field of view requirements
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Figure 9: Demonstration of the reflector placement algo-
rithm. Red objects are pruned reflectors. Dots are cylinders.
Selected reflector orientations are inside each circle.

often result in much larger planar reflector size than RCS require-
ments alone. Planar reflectors have a field of view of approximately

2 arctan (%) where d is the distance from the radar to the artificial

reflector, and w is the width of the reflector. Note that because the
arc of the width of the region covered by a relay reflector is approx-
imately §w, where R is the total range, the required width of the
planar reflector is minimized as the distance from the radar to the
reflector and increases and when region of interest is further from
the reflector. For example, to enable sensing pedestrians inside a
3m wide crosswalk area on a two-lane road using a radar at a fixed
location at the edge of the intersection, a planar reflector must be
at least 1.8m wide. A planar reflector designed to detect cross traffic
at this intersection would be at least 1.1m wide, and a reflector used
to detect occluded oncoming traffic would only need to be 0.6m
wide. By contrast, a 32 cm diameter traffic light pole such as the
one we measured previously would be sufficient to enable NLoS
sensing in the crosswalk area, which requires much less horizontal
space than a 1.8m planar reflector.

To determine the orientation 8; of a planar reflector, we con-
sider the a polygon enclosing the occluded region with points {O;}.
For each occluded point O; there are a range of possible orienta-
tions 0; jmin < 0; < 0i,j max that reflect the radar signal into the
occluded region. To find these values, we calculate the angle of
reflection on each corner of the reflector to find the minimum and
maximum reflection angles. Let (x¢, y.) be the location of the center
of the reflector, and w be the reflector width. Then the reflection
location associated with the maximum orientation angle 6,45 Will
be located at (x¢ + %w €08 Omax, YB; ¢ + %w sin Oy, ), whereas the
reflection location associated with the minimum angle 0,,;, will
be located at (x; — %w €08 Omax> YB,c — %w sin Oax ), where w is
the width of the reflector. We can then numerically determine the
minimum and maximum orientation angles for each reflector.

Due to the tradeoff between field of view and RCS, an ideal NLoS
automotive radar-friendly environment consists of a combination of
cylinders and planar surfaces. By placing a combination of carefully-
oriented road signs and traffic light or lamp posts on all four corners
of an intersection, we can enable NLoS sensing at an intersection
without using any purpose-built reflectors.

5.1 Demonstration: T Junction Coverage

We demonstrate the usefulness of this algorithm at the T junction
where we previously showed a coverage gap in § 2.2.2. We pre-
viously found a set of points that were not covered by our NLoS
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Figure 10: Intersection used to conduct the highway cover-
age evaluation, consisting of a two-lane driveway crossing a
four-lane divided road.

radar, and now we use the method described above to fill in the
missing coverage in the intersection by leveraging the placement
of ordinary traffic infrastructure.

First, we demonstrate the placement of a cylindrical reflector.
To maximize signal strength, we select the available location with
the shortest total range from the expected sensor location to the
reflector and then to the occluded target region. In this case, the
opposite corner of the intersection is the closest possible location.
To ensure the reflector has a sufficiently large RCS, we select a
metal cylinder that matches the size of the traffic light pole. We
place this cylinder at the far corner of the junction from the sensor,
and conduct a new set of measurements of the pedestrian moving
in the occluded region, as expected.

Second, we place a metal sign to demonstrate the use of a direc-
tional reflector. We again select the location on the opposite side
of the driveway from the location of the vehicle, Since the vehicle
moves toward this location nearly directly, this reflector placement
minimizes the change in field of view as the vehicle approaches
the intersection. Using the plane size calculations shown above, we
find that the relay reflector should have a width of at least 33cm,
given a fixed sensor location. To emulate a road sign, we use a 42cm
wide metal sheet, which allows up to +3° error in the orientation
of the surface.

6 FIELD TEST OF MOSAIC NLOS RADAR

We have verified the core MosaIc algorithms through microbench-
mark experiments in previous sections. Now we proceed with a
field test in representative environment.

6.1 Experimental Configuration

For our experiments throughout this paper, we use a combination of
a Texas Instruments 76 GHz cascaded mmWave imaging radar [16]
and Velodyne Puck Lite 16-line surround Lidar. We use three radar
chips, with a total of 9 transmit antennas with a two-wavelength
horizontal spacing and 12 receive antennas with non-uniform spac-
ing consisting of three groups of 4 antennas with half-wavelength
horizontal spacing. Our radar configuration has a maximum range
of 75 m and a range resolution of 30 cm. It has a theoretical maxi-
mum angular resolution of 1.4°, although we find that our radar
configuration has a 3° angular resolution in practice. (see § 3.2).
Practical automotive radars are generally placed in the grill or
bumper of a vehicle, rather than the hood, dash, or roof locations
generally used for experimental radar mounts. Therefore, we mount
our radar on a portable cart at a height of 50 cm, which is within
the ordinary range of automotive bumpers and grills [3].
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Figure 11: Garage entrance intersection scenario. The car lo-
cations in the diagram represent the sensing locations. Plot-
ted locations show where a passing vehicle was detected. In-
set photo shows perspective of departing vehicle.

We use a Velodyne 16-line Puck LITE surround lidar [45] for
reflector detection and ground truth measurements. This lidar has
an angular resolution of about 0.2° for the azimuth and 2° for eleva-
tion, with a 30° vertical field of view. Its range measurements have a
typical accuracy of +3 cm. We conduct two separate measurements
for reflector detection and for ground truth target locations. First,
we place the lidar next to the radar to find the reflectors available in
the scene. This measurement gives no knowledge of the occluded
parts of the scene. Second, we place the lidar in a location with a
view of both the occluded target to find the ground truth location of
the occluded target. We conduct this measurement synchronously
with the radar data to determine the ground truth location of the oc-
cluded target at each point in time. In both cases, we determine the
location offset between the radar and lidar by finding the location
of the radar device in the lidar data.

6.2 Evaluation in the Wild

We verify our estimates of the NLoS radar coverage (as defined in
§ 2.2) at a set of intersections and corners on active roads. First, we
consider a large intersection between a public four-lane divided
road and a two-lane road, shown in Fig. 10. This intersection may
experience occlusion both from the perspective of the two-lane
road, where adjacent landscaping blocks our ability to sense cross
traffic, and from the perspective of a vehicle turning left from the
four-lane road, where oncoming vehicles may occlude the view of
adjacent lanes. Although there are buildings on two corners of this
intersection, they are blocked by ground-level objects and are not
usable as relay reflectors. The only static reflectors usable at this
intersection are various metal poles used for traffic signals. Second,
we consider a parking garage entrance which intersects a two-lane
road at a right angle, shown in Figure 11. It has walls blocking the
sight lines on both the left and right sides, meaning that stopped
vehicles cannot see cross traffic or pedestrians crossing the street.
In this location, we consider both the scenario of a vehicle turning
into the entrance, and the case of a vehicle exiting the location,
which must sense approaching vehicles on the cross-road. Third,
we consider a sharp corner inside a below-ground parking garage,
shown in Figure 12. In this scenario, both the walls of the structure
and vehicles moving in the opposite direction may block the view of
pedestrians at a nearby crosswalk, along with vehicles maneuvering
within the parking area around the corner. This location contains a
combination of metal bollards and concrete walls that are usable as
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Crosswalk

Figure 12: Interior corner scenario. The primary reflectors
in this scenario are color-coded. Inset photo shows perspec-
tive of vehicle.

Large Planar | Small Planar | Quasi-Omni
Highway | 0% 0% 100%
Entrance | 31% 46% 23%
Corner | 22% 40% 38%

Table 7: The percentage of occluded targets discovered using
each reflector type during evaluation.

reflectors, although neither provides complete coverage of the area
alone.

We consider two types of coverage: detection coverage, where
we can detect a moving object and localize it to the direction of
approach (e.g. oncoming traffic, left cross traffic, or right cross
traffic); and localization coverage, where we can additionally localize
the object to within the width of a lane, e.g. an error of less than
half the standard lane width of 1.9 m. The former is the minimum
requirement for automatic emergency braking, whereas the latter
enables a more detailed image of the occluded scene for applications
such as autonomous driving.

We collect radar returns from ambient traffic in the locations
described above. At the highway intersection, we collect radar data
for 5 busses, 7 cars (sedans and hatchbacks), and 3 pedestrians
as they move through the intersection. At the garage entrance,
we collect radar data from 9 cars, 2 trucks, and 3 pedestrians. At
the corner, we collect data involving 10 cars and 5 pedestrians.
We measure the coverage in terms of the distance from entering
the intersection at which each coverage threshold (detection and
localization) begins. The results are shown in Table 8.

We observe that Mosaic can detect a bus with the optimal 1.5 s
advance notice for automatic emergency braking [4]. It can also
detect the cars with this optimal advance notice if the car is trav-
elling at up to 25 mph (40 kmh). Finally, pedestrians are detected
by the time they enter the intersection. This is sufficient because it
is usually not possible to plan evasive action around a pedestrian
still on the sidewalk. Note, however, that cars are not localized to a
particular lane until they are much closer to the intersection. To
achieve our localization threshold, we generally need NLoS paths
from two quasi-omni relay reflectors, or a single planar reflector.
The localization range is much shorter at the highway intersection
because there is only a single large cylinder within the radar’s field
of view, so we must wait for the vehicle to come into range of a
smaller metal pole. Placing metal signs to the intersection using the
method in § 5 would extend the localization and detection ranges.
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Detect (m) | Localize (m)
Car | 15-26 4-8
Highway Bus | 32-47 15 - 16
Ped | 0-1 -2
Entrance Car | 10 - 18 10-15
Ped | 2-3 2-3
C d Car | 14-27 14 - 23
1OSSTOAE P rvuck | 39-42 30
c Car | 18-24 1-19
O T ped [ 6-7 0-7

Table 8: Coverage of Mosaic in practical environments.
Ranges are measured from first possible collision location.

At the garage entrance, which consists primarily of planar re-
flectors, the localization range is primarily limited by the angular
resolution of the radar and the accuracy of planar reflector re-
constructions. This means that we can generally achieve accurate
localization at similar ranges as the initial detection.

Finally, we consider how frequently different types of objects are
usable as relay reflectors in each scenario. We categorize each object
as a large planar object (> 1m wide), small planar object (< 1m
wide), or quasi-omni. We find that whereas prior studies considered
only large planar reflectors, such as walls, the sides of vehicles,
and guard rails, the vast majority of useful reflections in our tests
come from smaller objects. This holds even in the urban locations
with many nearby walls. In fact, our system more than doubles the
probability of detecting an occluded vehicle compared to methods
that only use large planes. Further, we find that even in scenarios
with many small and large planar reflectors, leveraging quasi-omni
reflectors increases the probability of detecting an occluded object
by 30% or more.

7 DISCUSSION

Sensing Limitations. MosAIC’s ambiguity reduction algorithm
assumes only a single vehicle is within range of any given reflector.
In practice, since the total range of these reflectors is limited to about
24m, about 4-5 car lengths, we expect this condition to be easily
satisfied in light traffic. Even in heavy traffic, simply detecting a
moving occluded object may be sufficient to issue a driver warning.

Separating LoS and NLoS paths. Mosaic does not include a method
for differentiating LoS paths from NLoS paths. We suggest that since
MosaiIc uses lidar to detect reflectors, we can prior work in radar-
lidar fusion [35] to find paths that are detected by radar but not
lidar, since lidar rarely detects NLoS paths.

Sensing from a Moving Vehicle. Our primary experiments were
conducted with a stationary radar. Since we use doppler shift to
separate targets of interest from static clutter, if Mosaic moves, we
must compensate for the nonzero doppler shift of static objects. To
do this, we estimate the velocity of the radar from lidar data (or from
the speedometer and steering data of a vehicle), then determine the
doppler shift of static objects at each azimuth angle. Then, for each
detected point, we compare the doppler shift to the static doppler
estimate for the detected angle of arrival to remove static paths.
We have conducted an experiment to verify this method using a
wall as a relay reflector. We move a cart to maximum a range of
10m from the wall at 2.5 m/s, while a pedestrian moves within an
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occluded region. We find that the occluded pedestrian can still be
detected in 97 % of all radar snapshots while using this method.

Processing Latency. To demonstrate the feasibility of using these
techniques in a real-time environment, we evaluate the additional
radar processing latency required by our technique. To avoid fully
re-implementing of a real-time radar stack, we only profile the steps
unique to our system. We find that the time to process the lidar data
to find possible reflectors is 220 + 20 ms,and that the additional time
to process to resolve the target location was 2 ms or less. Combined,
this may reduce the maximum speed at which we can avoid crashes
by up to 13%. However, since both steps are currently unoptimized
and written in Matlab, we expect both processes may be rewritten
in C/C++ to achieve real-time performance.

Deployment Considerations. How a vehicle responds to the sens-
ing results from Mosaic (e.g., emergency braking, warnings) is
beyond the scope of this paper. However, we suggest using the
uncertainty estimate developed in § 4 to avoid engaging collision
avoidance in cases with a high probability of a false positive. Our
system used a Puck LITE lidar sensor to detect nearby reflectors,
but our system will work similarly with any sensor that can build a
point cloud with an azimuth resolution similar to the lidar sensor.

8 RELATED WORK

Prior research has attempted to use around-corner radar in au-
tomotive applications. One such work [38] searched for planar
surfaces of with a width of 1m or more to use as relay reflectors,
and then used a machine learning approach to accurately detect
and track pedestrians and cyclists behind occlusions. However, we
show in § 2.2 that such a planar reflector model gives only very
limited coverage of many real intersections. Other work [44] used a
matched-filtering approach to localize a pedestrian using up to six
relay reflections. Using this larger number of reflections improves
coverage, especially on cross streets, but requires a priori knowl-
edge of reflectors in the occluded region, which is unlikely to be
available in dynamic scenes. Whereas these prior papers primarily
focus on accurately localizing and tracking an occluded object, our
work instead focuses on ensuring that we can detect an occluded
vehicle in as many scenarios as possible. It expands the NLoS reflec-
tor model to make around-corner radar usable at real intersections,
rather than improving raw accuracy metrics. Our work may there-
fore be seen as complementary to existing work that focused on
NLoS tracking. Around-corner radars have also been demonstrated
in an indoor environment [15]. This work used a very similar model
to [38], assuming that there is a single large planar reflector that is
used as a relay reflector. Finally, one prior work [41] demonstrated
the use of a small, passive planar reflector to improve around-corner
radar coverage. However, it did not consider alternate artificial re-
flector types, such as cylindrical reflectors, and did not provide any
algorithm to determine its placement.

A different approach to NLoS radar sensing is through-wall radar.
Radars using up to cm-wave frequencies can pass through many
types of walls, allowing the radar to sense a moving or station-
ary person behind the wall [22, 31]. Our experiments reveal that
the mmWave radar can effectively pass through the windows of
some vehicles, allowing for a similar type of sensing. However,
many objects in a road environment are made of materials such
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as metal and concrete, which severely attenuate radio signals at
most frequencies, as we show in § 2.4. For this reason, we find that
relay reflections are a more reliable approach to NLoS sensing in
automotive scenarios. Prior work used radar multipath signals to
improve the localization accuracy in through-wall radar sensing,
in a similar manner to our technique in § 4.1. However, these tech-
niques generally require a LoS path to work. In addition, they do
not estimate the uncertainty resulting from the reflector geometry,
which is crucial in automotive applications, where the system may
make safety-relevant decisions.

Other work has used different types of sensors for around-corner
sensing, including lidar [6, 7, 24, 30, 46], acoustic sensors [1, 23],
thermal IR [25], visible light cameras with active illumination
[17, 40], and visible light with passive illumination [28, 49]. Com-
pared with radar, methodologies involving active illumination, such
as lidar, generally require impractical illumination levels above eye
safety limits. Existing passive illumination methods generally only
work in controlled environments, and are therefore not suitable for
dynamic road environments. Specifically, visible-light solutions do
not work as well in low-light scenarios, and do not provide veloc-
ity information as reliably as radar can. Similarly, prior acoustic
imaging solutions have primarily been demonstrated in controlled
environments.

Finally, there is limited prior work in using passive reflectors to
enable NLoS radar sensing [41] and to improve NLoS mmWave com-
munications [2, 19, 32, 47]. The work in [19, 32] considers multiple
reflector shapes reflectors for communications, modelling the rela-
tive advantages of planar and nonplanar reflector types for commu-
nications coverage. The work in [2] proposes a convex optimization
problem to place metal planar reflectors for communications pur-
poses. Our reflector placement algorithm is uniquely designed for
radar path tracking, and embraces non-planar reflectors. Emerging
intelligent reflecting surfaces [34] can create anomalous reflection
patterns to diversify mmWave signal paths and expand coverage.
Extending our algorithm to leverage such unique capabilities is an
interesting area for future research.

9 CONCLUSION

Existing NLoS radar systems have significant coverage gaps when
applied to sensing scenarios at many real-world intersections. We
show that these coverage gaps can be ameliorated by considering a
much broader set of possible sensing paths between the radar and
target, encompassing paths from nonplanar reflectors and paths
with assymetric departure and arrival paths. This results in coverage
improvements of 30% or more in urban areas, as well as NLoS
sensing capability in sparse highway scenarios where NLoS sensing
was impossible using existing techniques. We then show that adding
or moving a limited number of roadside objects, such as poles and
signs, can further reduce coverage gaps in environments that do
not have sufficient reflectors available.
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