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Millimeter-Wave SAR-Imaging With Radar
Networks Based on Radar Self-Localization

Maximilian Steiner

Abstract—1In this article, an imaging system is presented,
which is solely based on distributed radar sensors mounted on
a mobile platform, such as a robot or vehicle. The data of
multiple distributed sensors, which perform fast chirp-sequence
measurements, are processed together. This enables both a highly
accurate ego-motion estimation and a coherent synthetic aperture
radar (SAR) imaging based on it. This system is independent
of any additional sensors, such as an inertial measurement
unit (IMU) for motion estimation or a global navigation satellite
system (GNSS) for self-localization. Measurements using four
sensors are carried out at 77 GHz to verify simulations.

Index Terms— Ego-motion, motion estimation, networks, radar
systems, radar transceivers, sensor, synthetic aperture radar
(SAR).

I. INTRODUCTION

YNTHETIC aperture radar (SAR) enables high-resolution

imaging based on radar sensors with simple hardware.
This is achieved by the use of multiple measurements that
are captured during the sensors’ movement along a precisely
known trajectory. The SAR principle is widely used for air-
borne and spaceborne applications, such as imaging and obser-
vation of the earth’s surface [1]. These radar systems need to
bridge large distances and usually operate at wavelengths up
to the X-band [2] whereby typically resolutions in the meter
range are reached. The achievable image resolution of an SAR
system depends on the range resolution and on the length of
the synthetic aperture [3]. In addition, the precise knowledge
of the trajectory is a key factor for the image reconstruction
out of multiple acquisitions [4].

In contrast to spaceborne SAR, this article presents a
short-range SAR system based on the motion of a ground
vehicle, such as a car or robot. In the field of automotive
and industrial applications, the radar sensors often operate
in the 77-GHz band at bandwidths up to 1 or 4 GHz [5].
The achievable range resolutions promise excellent image
resolutions, but in turn the short wavelength of 3.9 mm places
high demands on the precision of the estimated trajectory [6].
Hence, the technique for motion estimation becomes crucial to
the overall image quality and accuracy [7]. Ground-based SAR
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often employs inertial measurement units (IMUs) [8], wheel
sensors [9], and global navigation satellite systems (GNSSs)
in order to estimate the trajectory of the mobile platform [10].
While high-grade IMUs provide low drift errors at high
cost, typical systems underlay a certain drift in the derived
trajectory [11], [12]. The approach proposed in this article
directly extracts the trajectory from the same radar data that are
used to generate the high-resolution image. Thus, the approach
works independently of additional sensors by using an absolute
localization toward the targets in the scene.

This radar-based motion estimation benefits from an increas-
ing number of radar sensors that are mounted on mobile
platforms. They cover a larger field of view (FoV) providing
information about the environment to higher level systems.
While individual processing of the sensors’ data is
conceivable, a joint evaluation of multiple sensors offers
additional opportunities for sensors with overlapping FoVs.
Large spatial distances between the sensors enable different
perspectives on a commonly observed target. Thus, targets
can be detected more robustly. In addition, for a nonstationary
scene, the relative velocities that are observed from different
sensor locations vary for a common target. This provides the
necessary information for an estimation of the ego-vehicles
motion vector within a single measurement snapshot.

Utilizing the estimated trajectory of the mobile platform
together with the spatially distributed sensors allows for innov-
ative joint imaging using low-cost radar sensors. The approach
of processing of multiple sensors jointly requires just a motion
of a few centimeters to yield high resolution.

II. CONCEPT AND SYSTEM ARCHITECTURE

The system concept comprises several sensors that are
distributed around a mobile platform, as it is exemplarily
shown in Fig. 1. The sensors are distributed in such a way that
not only overlapping FoVs are achieved, but also the spread on
the mobile platform is as large as possible. The single-sensor
antenna pattern preferably has a wide FoV in the azimuth plane
in order to allow for large distances between the sensors with
overlapping FoVs. A wide distribution is beneficial for a good
ego-motion estimation, and at the same time, it allows for
a multiperspective SAR-imaging of the scene in front of the
Sensors.

The overall system concept requires just one receive and one
transmit channel per sensor. Furthermore, the sensor network
operates incoherently, whereby the measurements are synchro-
nized in time by a trigger signal to prevent mutual interference
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Fig. 1. Exemplary distribution of sensors around a mobile platform [13].
The sensors experience different range and velocity observations of a joint
target due to their spatial distribution.

within the network. This results in a simple and cost-effective
system for the radar imaging with multiple sensors.

To allow for both simultaneous motion estimation and
imaging, all radar sensors transmit sequences of fast
frequency-modulated continuous-wave (FMCW) ramps, also
known as chirp-sequence modulation [14], [15]. A chirp
sequence consists of a multitude of K FMCW ramps each
having the RF bandwidth fz and the duration 7. The ramps
are repeated in a fixed interval Tgrgy, which is composed of
the ramp duration T, a down-ramp to reset the signal to the
start frequency, and a break time.

The chirp repetition interval Tgrgy is a crucial factor for
the complete imaging system. It determines the absolute
unambiguous range for the velocity measurement and the
unambiguousness of the synthetic antenna array at the same
time. In view of the SAR processing, the spatial sampling
distance should not exceed 4/2 to avoid grating lobes, which
would occur as ambiguities in the image. On the other hand,
the unambiguous determination of the Doppler frequency
and, thus, the speed of motion also depends on the ramp
repetition rate. The relationship between the spatial sampling
and the transmitted chirp sequence is shown in Fig. 2.

Due to a direct-conversion receiver architecture, only small
IF bandwidths of the signal need to be considered for analog-
to-digital conversion [16]. The operation frequencies of the
single sensors in the network are shifted against each other
so that the spacing is larger than the IF bandwidth, and thus,
interference between sensors that observe a common FoV [17]
is avoided. Hence, independent monostatic chirp-sequence
measurements can be conducted by all sensors at the same
time and are therefore available for a common evaluation.
The sensors are distributed on a vehicle with preferably large
spacings, but they still need to have overlapping FoVs. This
allows for the use of multilateration techniques for target
localization with single-channel radar sensors. Alternatively,
multichannel sensors can perform classical angle-of-arrival
(AoA) estimation. Furthermore, the multiperspective view of
the sensors on the environment is beneficial for an accurate
estimation of the actual motion of the vehicle. Here, the variety
of targets that are observed at different angles with respect to
each sensor and their radial velocities allows for a precise
motion estimation within a single chirp-sequence measure-
ment [13]. In addition, each sensor on the mobile platform
is able to create a synthetic aperture during motion, which
is denoted as subaperture. These subapertures are captured
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Fig. 2. Relationship between spatial movement of the sensors (HK) and

transmission of K FMCW ramps at an interval Trry, denoted by the index k
in S, x. Exemplary depiction of the subapertures of four sensors (S;—S4) that
are mounted on a common mobile platform, resulting in a single sequence
aperture. During a sequence, the platform covers the distance Axpoy.

Fig. 3. Experimental system setup with four sensors on a mobile platform.
Data processing and control is handled by a central unit. Measurements are
triggered simultaneously.

simultaneously as all sensors perform their chirp-sequence
measurements at once. The subapertures can be processed indi-
vidually or contribute to a combined aperture as it is depicted
exemplarily in Fig. 2 for four sensors. The measurement
setup that is used for the further evaluation of the proposed
method is shown in Fig. 3. Four sensors are connected to a
joint control and processing unit over Ethernet. This central
unit configures the sensors prior to measurement and receives
the raw data stream from the sensors. A trigger signal is
distributed to the sensors in order to initiate a single sequence
measurement.

III. PROCESSING CHAIN

An overview of the total signal processing chain is given
in Fig. 4. The first steps are conducted for each sensor
individually. The processing is based on the time-domain
samples of simultaneously triggered measurements of
the sensors. After zero padding, the range and Doppler
information is calculated by two consecutive fast Fourier
transformations (FFTs) for each sensor. The subsequent
constant false-alarm rate (CFAR) peak detection serves as the
basis for the target localization and the following ego-motion
estimation. At this point, the measurements of all N sensors
are combined, resulting in one joint target list and one joint
ego-motion estimation for each transmitted chirp sequence.

The final goal, the SAR processing, is achieved by applying
various processing steps, which depends on the desired aper-
ture length of the resulting radar image, as shown in Fig. 4.
Based on the accurate ego-motion estimation, a precise posi-
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Fig. 4. Overview of the processing steps. The different colors distinguish
the different levels of the processing for N sensors and K chirp sequences.
Blue data parts (M) are independently processed for all sensors and all
measurements. Green parts (Hl) compose the information of all N sensors
and purple (H) denote the combination of all sensor data over multiple chirp
sequences.

tion estimation for each transmitted FMCW ramp of each
sensor is ensured, whereby an independent SAR processing
per sensor is possible while a single sequence is transmitted.
A coherent addition of the pixel grids of all N sensors
leads to the multisensor SAR image, enabling for a more
precise depiction of the environment. For long trajectories
with respect to the wavelength, an estimation of the vehicles’
drive path using the ego-motion leads to deviations due to
time gaps between the measurements. Hence, the movements
during a single sequence are considered as subsets of a long
trajectory. These subsets are merged to the full trajectory in
a global grid by further self-localization based on targets in
the scene. Therefore, points of reference are determined from
self-localized targets and are associated throughout consecu-
tive measurements. The locations of these points of reference
and the estimated ego-motion of each single sequence mea-
surement are used to reconstruct the precise trajectory of the
full motion. The joint processing of measurements of multiple
sensors in combination with this trajectory reconstruction
allows for the generation of a high-resolution SAR image for
comparably long arbitrary trajectories.

IV. SINGLE SEQUENCE
A. Target Localization and Ego-Motion Estimation

Prior to the SAR processing, it is necessary to estimate the
actual trajectory, which is achieved from the chirp-sequence
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measurements of multiple sensors on the mobile platform.
The used ego-motion estimation works with three degrees of
freedom (DOFs), which are the forward velocity V., the side
slip V,, and the yaw rate o [13]. The 3-DOF motion is
estimated for a reference point Pg on the mobile platform. The
velocity at each sensor position can be calculated as a function
of the geometrical relation between the sensor location and
the reference point Pr. The individual sensor movements are
important for the following SAR processing.

The ego-motion estimation depends on the angles (f) as
well as the measured relative velocities between the sensors
and the targets. The relationship between these velocities,
angles with respect to the sensor positions, and the actual
3-DOF movement of the mobile platform can be written as
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considering the nth sensor and M targets. The matrix V)
consists of all measured relative velocities between a specific
sensor n and M targets that correspond to the velocity of the
mobile platform. As soon as M # 1 targets are captured by
the N distributed sensors, the equation enlarges to
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This overdetermined linear system of equations can be
solved, for example, by a least-squares (LSQ) or an orthogonal
distance regression (ODR) approach. Due to an asymmetrical
variance of the angle-velocity profile, an ODR-approach yields
more accurate results [18].

B. Imaging

In the following, the construction of an image based on a
single chirp-sequence measurement of one or multiple sensors
is described. As soon as the sensors are moving, the contin-
uous transmission of FMCW ramps is equivalent to a spatial
sampling along the motion path as it is shown in Fig. 2. As a
result of the estimated ego-motion and the chirp repetition
rate f;, a spatial distance between the sampling points is
calculated. To avoid ambiguities, the Nyquist criterion [19]
has to be satisfied. Therefore, the chirp repetition time has
to be short enough to ensure a distance smaller than 1/2
between the adjacent spatial sampling points. Based on the
estimated ego-motion, the local position of each sensor for
any transmitted FMCW ramp can be determined with respect
to the first spatial sampling point.

With regard to arbitrary sensor positions, arbitrary motion
trajectories, and velocities, equidistant sampling cannot be
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Fig. 5. Image comprising the data of one sensor that moves 7.87 cm. The

sensor operates at 77 GHz using a bandwidth of 1 GHz.

ensured. Hence, a backprojection algorithm is used for exe-
cuting the SAR processing [20]. Due to a linear antenna
configuration and a sensor movement within the xy plane,
the focal plane is set. First, a grid as the basis for the
focused image needs to be defined. The distance r between
the K sampled sensor positions for each transmitted ramp &
and each pixel is calculated. The associated complex values
of the range measurements A, , are coherently projected to
each grid cell resulting in

K N f
G, y)= D> Arnk exp(—j27r ?C(r - Ar)) 3)

k=1 n=1

where Ar is the resolution of the range-FFT, f. is the
radars start frequency, and c refers to the speed of light. The
backprojection can be performed for data of a single sensor
and multiple sensors, which is discussed in the following.

1) Single Sensor: The proposed algorithm is applied to
one single chirp-sequence measurement of one sensor in the
previously described scenario. A small pixel size of 10 mm
is chosen to enable a lossless imaging of the scenario.
The processed SAR image of one sensor after applying the
backprojection algorithm is shown in Fig. 5.

The length of the synthetic subaperture is approximately
7.87 cm resulting from K = 128 FMCW ramps per single
sequence and a ramp repetition time of Trrr = 420 us.
The sensor operates in the 77-GHz band using a bandwidth
of 1 GHz, while the mobile platform moves at a speed
of 1.4 m/s.

The imaged scene comprises corner reflector targets and
different extended targets, and it is shown in Fig. 6. The
results already show an excellent representation of three out
of the four corner reflectors and of one parking car (Car 1),
as shown in Fig. 5. Further reflections can be assigned to
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Fig. 6. Photograph of the measurement scene without the two cars and the
corner reflectors.
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Fig. 7. Representation of the spatial sampling areas or synthetic subapertures,
respectively, (R) for the used N = 4 sensors and a single sequence.

another car (Car 2) and a wooden fence. Due to the short
synthetic aperture for the single sequence and as no windowing
is applied on the data over the spatial sampling points,
the response of the synthetic aperture corresponds to a sinc
function after backprojection. The resulting sidelobes can be
clearly seen around strong targets such as the corner reflectors
but also weakened around the more distant post. The smaller
number of visible sidelobes is due to the lower power of the
post. This focused representation of targets and the sidelobes
confirm the sufficiently good quality of the prior estimated
ego-motion.

In addition, the corner reflectors (4), the two buildings
(Buildings 1 and 2), curbstones (1 and 2) in front of the
car, and light posts can be identified. Noteworthy, the parts
of the curbstones are visible, which are perpendicular to the
incident wave. Thus, visible parts are limited to the length of
the synthetic aperture.

Moreover, the clutter can be clearly seen, resulting in a
poor dynamic range between the targets and the clutter level
in comparison to the following SAR images. This problem can
be partially solved by using multiple sensors, which observe
a common FoV.

2) Multiple Sensors: The overall concept of the proposed
system uses multiple radar sensors with a large spatial dis-
tribution for the ego-motion estimation in 3-DOF. Hence,
the motion trajectories of each sensor can be calculated with
respect to the local coordinate system, allowing a joint SAR
processing of all sensors with a common FoV, as shown
in Fig. 8.

In the following, the measurements of four sensors observ-
ing an exemplary scene are considered. The sensors are
installed on the same moving platform with spacings, as shown
in Fig. 7. Hence, the velocity of all sensors can be calculated
by using the already estimated mobile platform velocity. If the
position of all four sensors is known with an accuracy better
than +(1/4) [21], a constructive addition of the corrected
A, n.m signals is guaranteed. Fig. 8 shows the resulting coher-
ent backprojection of all sensor measurements for a single
sequence.

The most striking difference compared with Fig. 5 is the
reduced clutter in the background of the image. A reason
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Fig. 8. Image comprising the data of all four sensors at 77 GHz. The sensors
are mounted on the same mobile platform with spacings, as shown in Fig. 7.

for the clutter of the single-sensor measurement is the small
synthetic aperture. This could be extended from 7.87 to
approximately 260 cm by using all four sensors as it is shown
in Fig. 7, though the mobile platform has moved the same
distance of 7.87 cm.

As shown in Fig. 7, the networks synthetic aperture does
not satisfy the Nyquist criterion at a length of 260 cm.
Nevertheless, there are no ambiguities as the Nyquist criterion
is met within the subapertures of each sensor.

In addition, the contour of the edge of the forest is clearly
visible, whereas the shape of the curbstones is only slightly
better visible. A zoomed-in view of the car (Car 1) nearby and
the distant building are shown in Fig. 9 for the single-sensor
and multisensor SAR processing. Here, a clear improvement
can be observed in case of a combination of multiple sensors
during a single chirp-sequence measurement. The fourth cor-
ner reflector is still not visible due to the limited FoVs of the
sensors. Moreover, the curbstone is not visible over its entire
length. This can be overcome by driving a longer trajectory,
whereby the reconstruction of the trajectory requires further
effort.

V. MULTIPLE SEQUENCES

As soon as the trajectory becomes longer, it is possible
to enhance the SAR image by utilizing the longer synthetic
aperture. This is ideally done with continuous radar mea-
surements along the trajectory. In order to be independent
of such a strict spatial sampling, it is important to consider
interruptions in the measurements’ flow. For instance, this
can be a pause between two consecutive chirp sequences or
a short-term loss of measurement data. The duration of a
pause between two consecutive single sequence measurements
could, e.g., depend on the maximum possible data rates and
thus on the hardware structure of the overall system. However,
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Fig. 9. Comparison of the SAR images of two target objects based on the
measurements of a single sensor and multiple sensors. (a) Car 1, one sensor.
(b) Car 1, four sensors. (¢) Building 1, one sensor. (d) Building 1, four
Sensors.
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Fig. 10. Position estimation based on dead reckoning for a single sequence
(") and on the basis of stationary targets for multi-sequence localization
(IK) illustrated by an example with one sensor (first index) at two different
positions for different times (second index).

the movement during a pause is not tracked by radar measure-
ments. Hence, the position of the sensors after a measurement
can only be estimated by either dead reckoning based on the
previously estimated velocities or by a new self-localization
based on stationary targets. Dead reckoning assumes a constant
movement and suffers from error propagation over time [22].
In contrast, stationary targets can be associated with multiple
chirp-sequence measurements, which allows for a radar-based
self-localization.

Due to an arbitrary combination of linear and nonlinear
movements of the radar sensors, no constant movement dur-
ing the break between two measurements can be assumed.
Therefore, the self-localization allows estimating the position
of the radar sensor at the time of transmitting the first FMCW
ramp of each chirp sequence with regard to a global coordinate
system. The K — 1 consecutive radar positions are estimated
by dead reckoning as it is shown in Fig. 10.
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Fig. 11. Depiction of three stationary targets (O) for different positions

of the mobile platform (second index) in a local and global coordinate
system for three nonstationary sensors (O, [0, and [I). Filled markers
specify the second measurement, whereas nonfilled markers declare the first
measurement. (a) Local coordinate system. (b) Global coordinate system.

The algorithm ensures a localization of the sensor based
on unknown, self-estimated landmarks without using velocity
information and Kalman filtering. The main advantages of
the approach are the full independence of the duration of
the measurement break and the ability to cope with nonlinear
motions of the vehicle [23]. Furthermore, the use of a subset
of reliable targets for self-localization guaranties a good joint
imaging due to the direct relation of the self-localized positions
and the imaged scene.

A. Self-Localization

The target localization provides only the positions of the
targets relative to the sensors but not in a global coordinate
system. An exemplary scenario is shown in Fig. 11. Here,
the shift of all targets in the local coordinate system between
two consecutive measurements features a negative shift of the
sensors in the global coordinate system. This is true as long as
all stationary targets are matched correctly in the consecutive
measurements. Ideally, the shift between all targets can be
calculated and subtracted from the local sensor position to
estimate the current global sensor positions. In the presented
scenario, some challenges need to be addressed [24], [25].
First, the exact target positions are unknown but estimated
based on multilateration. Furthermore, the same targets are
not always detected in successive measurements, leading to
a varying number of targets and, thus, a more complicated
assignment. Together with the nonlinear uncertainty area
caused by multilateration, this results in a more complex
solution for localization.

To this end, an iterative localization approach for multiple
chirp-sequence measurements has been developed. The basic
algorithm structure is based on the minimization of an error
function P. The minimization variables are the position of the
mobile platform and the target locations based on the nonideal
local multilateration approach. Due to a mechanical connection
of the sensors, the position of each sensor is known with
respect to a reference point in the local coordinate system in
accordance with Fig. 1. The group of N sensors in the network
for the time of a chirp-sequence measurement is referred
to as single sequence measurement, whereas the consecutive
chirp-sequence measurements during motion are described as
multi-sequence measurements.

The error function P is based on multilateration. The
estimation of the position of the mobile platform after at least
two single sequence measurements makes use of the stationary
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targets of the previous measurement together with the target
detections of the current one. For instance, the error function
for a two consecutive chirp-sequence measurements ([, = 2)
is given to

P(Xa Ya SpOSa lS’)

M, N
= > | >2[((Xn = Spost, 1,27

m=1Ln=1

1 272
+ (Ym - SpOS(na 2’ l.&))z) ’ - SR,S(na m, lS’)} (4)

with X and Y being the vectors of the already estimated
target positions. S, specifies the sensor positions as a matrix
with the dimension N x 2 x L, where L describes the
number of measured chirp sequences. The second dimen-
sion describes the x- and y-components of the positions
of the sensors. I, is the number of the last conducted
chirp-sequence measurements and Sk, contains the range
measurements of all sensors. This function calculates the
difference between all sensor-target range measurements and
all theoretical sensor-target distances for an arbitrary second
position based on the first position of the mobile platform.
The comparison between the measured distance and the real
distance to all targets corresponds to the basic idea of a
matched-filter approach. By minimizing this function for all
possible platform positions, the most probable position is
estimated.

The most accurate results can be achieved by an opti-
mization over all chirp-sequence measurements and all targets
that are measured along the trajectory. This approach has the
disadvantage of a fast growing computational effort for an
increasing number of measurements. By reducing the number
of measurements, the results deteriorate, and inaccuracies due
to offsets can occur. Therefore, an algorithm is used, which
reaches a faster computation without reducing the localization
accuracy. The main components are two different optimization
states, which are the active (¢) and passive (p) chirp-sequence
measurements. The locations of active single sequence mea-
surements are still optimized in the current optimization step.
In contrast, the single sequence measurements that have a
passive state are part of the optimization, but their locations
in the global coordinate system are already fixed. In order to
prevent offset shifting, the number of passive single sequences
p > 1 is considered to ensure a permanent link to early
localized targets and sensors.

The current single sequence measurement position i is
optimized together with all g active previous measurements.
Hence, the locations of ¢ active measurements are optimized
based on targets and sensor locations of the measurements
i—(g+1)uptoi—(qg+ p). Using (4), the error function Q

that has to be minimized can be written as
Iy

Q(X; Y, Spos, ls) = z [P(X, Y, Spos, Bq)]
B,=l;+1—q
li+1—g—1
+ D> [PXX,Y, S, Byl (5)
BP:IA.-H—q—p
The error function Q is separated into two similar parts,
the part of the active sensors and the part of the passive
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Fig. 12. Monte Carlo simulation shows the average self-localization error in
meter for four sensors and a varying number of targets [two targets (—),
five targets (- ), and ten targets ( )] for different FoVs. Targets are
randomly distributed in a range between 5 and 50 m.

sensors. It specifies the distances between the measured radial
velocities and the estimated global target positions as well
as the global sensor positions. This is in accordance with
a global multilateration approach. The minimization of the
function for a measurement frame takes approximately 15 s
without linearization. It results in accuracies smaller than 3 cm
for the sensor positions at the time of the first transmitted
FMCW ramp of each transmitted chirp sequence. Combining
this information with the already estimated ego-motion leads
to an entire trajectory estimation for arbitrary movements.
Therefore, the locations of all measurements are precisely
known at the time of the measurement and can be used for a
multisnapshot imaging.

The accuracy of the trajectory of a given sensor setup
strongly depends on the number and placement of the targets
in a scenario. The estimation of the trajectory is only possible
if suitable targets are detected. The distribution over a large
angular range is particularly important, as can be observed
in Fig. 12. The figure shows the simulation results for different
FoVs and target numbers using the same parameters as used
for the measurements. Each data point shows the mean error
resulting from a large sample of randomly distributed targets.
The strong improvement for large FoVs can be attributed
to the larger angular differences between each sensor and a
target. This improves the target localization by multilateration.
Furthermore, the ego-motion estimation benefits from targets
with large relative velocities, which is given for large FoVs.
The simulation results also indicate a lower bound of the mean
error that is caused by other factors, such as the radars range
and velocity separability and the separation of the sensors.

In general, large sensor distances are advantageous and
usually limited by the dimensions of the vehicle. On the one
hand, larger differences in a target AoA have a positive effect
on the multilateration and on the other hand also on the relative
Doppler measurement. However, increasing the sensor spacing
also reduces the overlapping FoV when the single-sensor FoVs
are kept constant.

B. Imaging

For the exemplary measurement, the known trajectory in
combination with the backprojection algorithm results in the
SAR image, as shown in Fig. 14.
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Fig. 13. Representation of the resulting synthetic aperture (Hl) comprising

three consecutive single sequence measurements ®, &, B) for the used
N = 4 sensors. The x-axis is scaled in meter.
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Fig. 14. Image comprising the data of all four sensors and ten measurements.

The entire synthetic aperture has a length of 5.6 m. For a
total length of 1.4 m of this synthetic aperture, measurements
are performed with a spacing less than A/2 to satisfy the
Nyquist criterion, but spatial sampling gaps remain due to a
nonoptimal matching of the platform movement and the radars
spatial sampling. In comparison to the processed image of a
single sequence with four sensors (see Fig. 8), a significant
improvement is achieved. The clutter level is reduced, and the
contours of the forest and the buildings are clearly visible.
Additional targets such as posts can be identified clearly as
well as curbstone 3, which is detectable between x = 0 m
and x =5 m. This is a result of the extended synthetic multi-
sequence aperture (M), which is shown in Fig. 13 for the first
three chirp sequences (N, &, and B).

The summation of all multisensor measurements results in
a multi-sequence image with slightly broadened peaks for the
corner reflectors, as shown in Fig. 14, in comparison with
the single sequence images as shown in Figs. 5 and 8. This
is due to the estimation error of the global start positions of
the single sequence within the multi-sequence measurement.
A beneficial summation of multiple sequences is achieved,
although the estimation error can be more than 20 times larger
than the previously mentioned accuracy that is required for
SAR processing.

Therefore, corner reflectors are slightly poorer focused on
the image as shown in Fig. 14, resulting from the proposed
multi-sequence processing compared with Figs. 5 and 8.
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Fig. 15. Comparison of the SAR images based on the measurements of

multiple sensors over two and ten chirp sequences. (a) Car 1, two sequences.
(b) Car 1, ten sequences. (c) Building 1, two sequences. (d) Building 1, ten
sequences.

This is due to the dead reckoning localization during the
short movement in a single sequence. However, the simple
approach serves as a proof of concept as the multi-sequence
imaging allows to increase the imaged area significantly.
Furthermore, the different view perspectives on a target
add informational content to the image and thus support
higher level algorithms, such as contour estimation and object
classification [26]. Especially, the visibility of objects with
strongly angle-dependent reflection behaviors benefits from
the multi-sequence processing. For instance, Fig. 14 shows
additional objects such as a post and much clearer contours
of the curbstones. Furthermore, the comparison of images
composed of two sequences and ten sequences in Fig. 15
shows a clear reduction of clutter for ten sequences. There is
already an improvement visible between the single sequence
images in Fig 9(b) and (d) and the images of two sequences
in Fig. 15(a) and (c). An addition solely based on the ampli-
tudes is shown in Fig. 16 for two and ten sequences. Here,
an increased clutter level can be observed for the noncoherent
addition in Fig. 16(b).

VI. ANALYSIS OF IMPAIRMENTS

Measurement inaccuracies, linear assumptions, and other
simplifications lead to a reduced signal-to-clutter ratio of the
SAR image. Sections VI-A and VI-B describe the impact
of these assumptions on the two main error sources based
on simulations: an incorrect ego-motion estimation and an
accelerated motion.

A. Incorrect Ego-Motion Estimation

The quality of the SAR image corresponds directly to the
position precision of the transmitter and receiver antennas at
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Fig. 16.  Comparison of the noncoherent sequence addition-based SAR

images. Evaluation of multiple sensors over two and ten chirp sequences.
(a) Car 1, two sequences. (b) Car 1, ten sequences.
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Fig. 17. Phase progression of a pixel over a single sequence after
backprojection for the correct and incorrect speed assumptions. Four sensors
are shown in each case. Depiction of the real target position using the correct
sensor speed by dead reckoning (- ** ). In contrast, the resulting phase of a
wrong speed assumption is shown for the real target position ( ) and the
pixel with the maximum power (—). Here, a speed deviation of 0.1 m/s is
considered for dead reckoning.

the time of each transmitted FMCW ramp. This position is
determined based on dead reckoning during a single sequence.
Here, short-term fluctuations such as jitter that occurs during
a single sequence are averaged out when the range-Doppler
FFTs are evaluated. An incorrectly estimated ego-motion
leads to monotonously deviating positions instead of randomly
incorrect positions. This monotonously increasing deviation
leads to two different effects.

First of all, the received signals will be incorrectly backpro-
jected to the pixel grid. Therefore, a constructive interference
of the signals at the real target position is not ensured. On the
other hand, the monotonously increasing wrong sensor posi-
tions of the individual position of the moving platform shift
the angles a target appears in. The phase progression of the
corrected phase after application of the backprojection algo-
rithm to all sensors for a specific pixel and a single sequence
measurement is shown in Fig. 17 for three different cases:

1) real speed and real target position (----);
2) wrong speed and real target position (- - );
3) wrong speed and pixel with maximum power (—).

The simulation is based on the measurement system with
four sensors. The phase progression over all FMCW ramps
of a single sequence for four sensors is shown in each case.
By evaluation of the real speed for the backprojection, the sig-
nal phases (see Fig. 17, -+ ) for all sensors and all ramps
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Fig. 18.  Comparison of (a) simulation and (b) measurement during an

acceleration of the mobile platform. The phase progression is depicted for
a pixel of a real stationary target position after applying the backprojection
algorithm. (a) Simulation with four sensors (——, =" " s ,and -~ ).
(b) Measurement of one sensor during acceleration ( ) and the correspond-
ing quadratic regression (= = -).

are corrected in a way that leads to a constructive addition
at the target locations. As soon as a velocity estimation
error of 0.1 m/s is assumed, the signals no longer add
up constructively but randomly at the real target position
(see Fig. 17, ), which is characterized as noise.

However, the synthetic aperture, which is small in relation
to the target’s distance, leads to a displacement of the target
by 5° for this example. The phase progression of the pixel
representing the most likely target position (see Fig. 17, ==+ )
based on the strongest amplitude is characterized by accurately
corrected phases and only small deviations of a constant phase
progression. Therefore, the addition of these signals leads to
a power loss of only 3 dB, which means that a focused target
can still be detected but at an incorrect angle.

B. Uniformly Accelerated Motion

In mobile applications, constant speed does not reflect
reality due to acceleration, deceleration, and topological
unevenness. Even small accelerations and slowdowns during
a single sequence measurement have an effect on image
processing. The actual effects depend on the length of the
subaperture in relation to the change of speed. Hence, the sig-
nal phase of a target pixel is not constant after backprojection,
if a constant speed is wrongly assumed. Here, the ego-
motion estimation results in an averaged velocity of the
motion during a single sequence measurement. The following
SAR-processing is performed with partially incorrect sensor
positions resulting in phase errors.
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The influence on the SAR-image is shown in Fig. 18
for a measurement and a simulation with the same radar
parameters for four sensors. Here, the signal phases after
backprojection are depicted for a target pixel and all 128 ramps
of a single sequence. The convex shape results from the
wrongly assumed positions of the sensors due to the averaged
ego-motion velocity used for dead reckoning. During the first
half of the single sequence, the sensors move faster than the
estimated velocity and slower during the second half of the
sequence. The jagged pattern is caused by the range migration
of the target. The measurement of an accelerated movement
as shown in Fig. 18(b) shows a similar curve, but with more
variations due to the dynamic driving behavior of the car
during acceleration.

VII. CONCLUSION

The presented approach enables high-resolution radar imag-
ing based on a network of conventional chirp-sequence radar
sensors. The imaging is achieved by the use of the vehicle’s
motion in conjunction with the fast FMCW-ramp sequences.
The approach does not require any additional sensors for
motion estimation; instead, the ego-motion estimation is based
on the same radar data as used for imaging. This enables
a coherent SAR imaging with multiple sensors at a single
snapshot. Measurements with four distributed radar sensors,
resulting in subapertures of up to 64 1, show excellent results.
In addition, a proof of concept for imaging among multi-
ple measurement snapshots is presented. Here, the proposed
approach improves the informational content of the images
substantially.

REFERENCES

[1] R. Werninghaus and S. Buckreuss, “The TerraSAR-X mission and
system design,” IEEE Trans. Geosci. Remote Sens., vol. 48, no. 2,
pp- 606-614, Feb. 2010.

[2] R. Birk, W. Camus, E. Valenti, and W. McCandless, “Synthetic aperture
radar imaging systems,” IEEE Aerosp. Electron. Syst. Mag., vol. 10,
no. 11, pp. 15-23, Nov. 1995.

[3] M. T. Crockett and D. Long, “An introduction to synthetic aperture radar:
A high-resolution alternative to optical imaging,” in Proc. Utah Space
Grant Consortium, 2013.

[4] Y. T. Yoon, M. Eineder, N. Yague-Martinez, and O. Montenbruck,
“TerraSAR-X precise trajectory estimation and quality assessment,”
IEEE Trans. Geosci. Remote Sens., vol. 47, no. 6, pp. 1859-1868,
Jun. 2009.

[5]1 70-03-ERC Recommendation 70-03 Relating to the Use of Short Range
Devices (SRD), CEPT ECC, Copenhagen, Denmark, 2019.

[6] H. Igbal, M. B. Sajjad, M. Mueller, and C. Waldschmidt, “SAR
imaging in an automotive scenario,” in Proc. IEEE 15th Medit. Microw.
Symp. (MMS), Nov. 2015, pp. 1-4.

[71 H. Wu and T. Zwick, “Automotive SAR for parking lot detection,” in
Proc. German Microw. Conf., Mar. 2009, pp. 1-8.

[8] H. Wu, L. Zwirello, X. Li, L. Reichardt, and T. Zwick, “Motion
compensation with one-axis gyroscope and two-axis accelerometer for
automotive SAR,” in Proc. German Microw. Conf., Mar. 2011, pp. 1-4.

[9] B.-L. Cho, Y.-K. Kong, H.-G. Park, and Y.-S. Kim, “Automobile-based

SAR/InSAR system for ground experiments,” IEEE Geosci. Remote

Sens. Lett., vol. 3, no. 3, pp. 401-405, Jul. 2006.

F. Harrer, F. Pfeiffer, A. Loffler, T. Gisder, and E. Biebl, “Synthetic

aperture radar algorithm for a global amplitude map,” in Proc. 14th

Workshop Positioning, Navigat. Commun. (WPNC), Oct. 2017, pp. 1-6.

M. Spcmgenberg, V. Calmettes, and J.-Y. Tourneref, “Fusion of GPS,

INS and odometric data for automotive navigation,” in Proc. Eur. Signal

Process. Conf., Sep. 2007, pp. 886-890.

H. Ahmed and M. Tahir, “Accurate attitude estimation of a moving land

vehicle using low-cost MEMS IMU sensors,” IEEE Trans. Intell. Transp.

Syst., vol. 18, no. 7, pp. 1723-1739, Jul. 2017.

[10]

(1]

[12]

Authorized licensed use limited to: KIZ Abt Literaturverwaltung. Downloaded on March 03,2022 at 12:34:35 UTC from IEEE Xplore. Restrictions apply.



STEINER et al.: MILLIMETER-WAVE SAR-IMAGING WITH RADAR NETWORKS BASED ON RADAR SELF-LOCALIZATION

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

M. Steiner, O. Hammouda, and C. Waldschmidt, “Ego-motion estimation
using distributed single-channel radar sensors,” in I[EEE MTT-S Int.
Microw. Symp. Dig., Apr. 2018, pp. 1-4.

A. G. Stove, “Linear FMCW radar techniques,” IEE Proc. F Radar
Signal Process., vol. 139, no. 5, pp. 343-350, Oct. 1992.

H. Rohling and M.-M. Meinecke, “Waveform design principles for
automotive radar systems,” in Proc. CIE Int. Conf. Radar, Beijing,
China, 2001, pp. 1-4.

V. Winkler, “Range Doppler detection for automotive FMCW radars,”
in Proc. Eur. Microw. Conf., 2007, pp. 1445-1448.

A. Frischen, J. Hasch, and C. Waldschmidt, “A cooperative MIMO radar
network using highly integrated FMCW radar sensors,” IEEE Trans.
Microw. Theory Techn., vol. 65, no. 4, pp. 1355-1366, Apr. 2017.

D. Kellner, M. Barjenbruch, J. Klappstein, J. Dickmann, and
K. Dietmayer, “Instantaneous ego-motion estimation using multiple
Doppler radars,” in Proc. IEEE Int. Conf. Robot. Autom. (ICRA),
May 2014, pp. 1592-1597.

Y. C. Eldar, Sampling Theory: Beyond Bandlimited Systems. Cambridge,
U.K.: Cambridge Univ. Press, Apr. 2015.

L. M. H. Ulander, H. Hellsten, and G. Stenstrom, “Synthetic-aperture
radar processing using fast factorized back-projection,” IEEE Trans.
Aerosp. Electron. Syst., vol. 39, no. 3, pp. 760-776, Jul. 2003.

S. Wang, V. Nolden, G. Briese, S. A. Lang, and N. Pohl, “Effects of
radar position errors on near range ultrawideband 3D-SAR imaging,”
in Proc. 11th Eur. Conf. Synth. Aperture Radar (EUSAR), Jun. 2016,
pp. 1-4.

S. Lupfer er al., “Increasing FastSLAM accuracy for radar data by
integrating the Doppler information,” in IEEE MTT-S Int. Microw. Symp.
Dig., Mar. 2017, pp. 103-106.

L. D’Alfonso, A. Griffo, P. Muraca, and P. Pugliese, “A SLAM algorithm
for indoor mobile robot localization using an extended Kalman filter and
a segment based environment mapping,” in Proc. 16th Int. Conf. Adv.
Robot. (ICAR), Nov. 2013, pp. 1-6.

M. W. M. G. Dissanayake, P. Newman, S. Clark, H. F. Durrant-Whyte,
and M. Csorba, “A solution to the simultaneous localization and map
building (SLAM) problem,” IEEE Trans. Robot. Autom., vol. 17, no. 3,
pp. 229-241, Jun. 2001.

T. Bailey and H. Durrant-Whyte, “Simultaneous localization and map-
ping (SLAM): Part II,” IEEE Robot. Autom. Mag., vol. 13, no. 3,
pp- 108-117, Sep. 2006.

F. Roos, D. Kellner, J. Dickmann, and C. Waldschmidt, “Reliable
orientation estimation of vehicles in high-resolution radar images,” IEEE
Trans. Microw. Theory Techn., vol. 64, no. 9, pp. 2986-2993, Sep. 2016.

Maximilian Steiner (Student Member, IEEE)
received the master’s degree in electrical engineering
from Ulm University, Ulm, Germany, in 2015, where
he is currently pursuing the degree Ph.D. degree in
electrical engineering at the Institute of Microwave
Engineering.

His research interests include system concepts for
radar sensor networks in automotive and robotic sce-
narios as well as the accompanying signal processing
for cooperative radar imaging, motion estimation,
and localization.

4661

Timo Grebner (Student Member, IEEE) received
the master’s degree in electrical engineering from
Ulm University, Ulm, Germany, in 2019, where
he is currently pursuing the Ph.D. degree in elec-
trical engineering at the Institute of Microwave
Engineering.

His current research interest includes the creation
of high-resolution occupancy gridmaps by high-
accuracy ego-motion estimations in a distributed and
collaborative radar sensor topology.

Christian Waldschmidt (Senior Member, IEEE)
received the DiplIng. (M.S.E.E.) and Dr.lng.
(Ph.D.E.E.) degrees from the University Karlsruhe
(TH), Karlsruhe, Germany, in 2001 and 2004,
respectively.

From 2001 to 2004, he was a Research Assis-
tant with the Institut fiir Hochstfrequenztechnik and
Elektronik (IHE), TH. Since 2004, he has been with
Robert Bosch GmbH, Stuttgart, Germany, in the
business units Corporate Research and Chassis Sys-
tems. He was heading different research and devel-
opment teams in microwave engineering, RF sensing, and automotive radar.
In 2013, he returned to academia. He was appointed as the Director of the
Institute of Microwave Engineering, University Ulm, Ulm Germany, where he
is currently a Full Professor. He authored or coauthored over 200 scientific
publications and more than 20 patents. His research interests include radar and
RF sensing, millimeter-wave and submillimeter-wave engineering, antennas
and antenna arrays, and RF and array signal processing.

Dr. Waldschmidt is a member of the Executive Committee Board of the
German MTT/AP Joint Chapter and the German Information Technology
Society (ITG). He was co-recipient of 11 best paper awards since 2014.
He served as the Chair for the IEEE MTT-27 Technical Committee on
wireless-enabled automotive and vehicular applications. He was a two-time
TPC Chair and the General Chair of the IEEE MTT International Conference
on Microwaves for Intelligent Mobility. Since 2018, he has been serving as an
Associate Editor for the IEEE MTT MICROWAVE WIRELESS COMPONENTS
LETTERS (MWCL). He is a reviewer for multiple IEEE TRANSACTIONS and
many IEEE conferences in the field of microwaves.

Authorized licensed use limited to: KIZ Abt Literaturverwaltung. Downloaded on March 03,2022 at 12:34:35 UTC from IEEE Xplore. Restrictions apply.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Black & White)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /AdobeArabic-Bold
    /AdobeArabic-BoldItalic
    /AdobeArabic-Italic
    /AdobeArabic-Regular
    /AdobeHebrew-Bold
    /AdobeHebrew-BoldItalic
    /AdobeHebrew-Italic
    /AdobeHebrew-Regular
    /AdobeHeitiStd-Regular
    /AdobeMingStd-Light
    /AdobeMyungjoStd-Medium
    /AdobePiStd
    /AdobeSansMM
    /AdobeSerifMM
    /AdobeSongStd-Light
    /AdobeThai-Bold
    /AdobeThai-BoldItalic
    /AdobeThai-Italic
    /AdobeThai-Regular
    /ArborText
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /BellGothicStd-Black
    /BellGothicStd-Bold
    /BellGothicStd-Light
    /ComicSansMS
    /ComicSansMS-Bold
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Courier-Oblique
    /CourierStd
    /CourierStd-Bold
    /CourierStd-BoldOblique
    /CourierStd-Oblique
    /EstrangeloEdessa
    /EuroSig
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Helvetica
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Oblique
    /Impact
    /KozGoPr6N-Medium
    /KozGoProVI-Medium
    /KozMinPr6N-Regular
    /KozMinProVI-Regular
    /Latha
    /LetterGothicStd
    /LetterGothicStd-Bold
    /LetterGothicStd-BoldSlanted
    /LetterGothicStd-Slanted
    /LucidaConsole
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MinionPro-Bold
    /MinionPro-BoldIt
    /MinionPro-It
    /MinionPro-Regular
    /MinionPro-Semibold
    /MinionPro-SemiboldIt
    /MVBoli
    /MyriadPro-Black
    /MyriadPro-BlackIt
    /MyriadPro-Bold
    /MyriadPro-BoldIt
    /MyriadPro-It
    /MyriadPro-Light
    /MyriadPro-LightIt
    /MyriadPro-Regular
    /MyriadPro-Semibold
    /MyriadPro-SemiboldIt
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /Symbol
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Webdings
    /Wingdings-Regular
    /ZapfDingbats
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 300
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 900
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.33333
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /Unknown

  /CreateJDFFile false
  /Description <<
    /ENU ()
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


