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Abstract—Microwave, millimeter wave imaging radar is inde-
fensible sensor for self-driving system because of its applicability
even for optically blurred vision, such as in dusty air, thick smog
or fog. As a promising radar imaging method, the range points
migration (RPM) has been developed, which offers more accurate
target shape compared with a general synthetic aperture radar
(SAR) imagery. However, its reconstruction accuracy largely
depends on several parameters, which are usually determined
in an empirical way. To address with the above problem, this
paper introduces the Gaussian mixture model (GMM) for the
RPM algorithm, where the parameter is automatically optimized
by the expectation maximization (EM) algorithm. Furthermore,
the large aperture data are appropriately processed without
significant increase of computational cost, by introducing the
iterative RPM processing and new weight function. The results
from finite difference time domain (FDTD) based numerical test,
introducing a realistic automobile model, verify that our proposed
method achieves an automatic parameter optimization feature in
data integration scheme.
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I. INTRODUCTION
An automatic collision avoidance or 3-D environmental

monitoring is one of the most emergent safety system in
self-driving system. Microwave or millimeter wave radar is
one of the most promising option for environmentally robust
sensor in the above application, which is applicable even
to optically harsh environment such as thick fog or strong
back light. Various types of 3-D radar imaging methods
have been developed, and most major approaches are based
coherent integration based method such as synthetic aperture
radar (SAR) [1] or range migration algorithm (RMA) [2].
However, they have some limitations in terms of spatial
resolution, accuracy, or computational cost, and also could
generate false image due to phase-uncertainty such as grating
lobe. As a promising solution for the above problem, the
range points migration (RPM) method has been developed
and demonstrated in various observation model [3,4], where
the discretely extracted range points are efficiently converts to
its corresponding scattering center using incoherent process.
The RPM is based on stochastic approach for the direction-
of-arrival (DOA) estimator, namely, Gaussian kernel density
estimation. However, the performance of the RPM largely
depends on the parameters such as Gaussian bandwidth or
other weight functions. To address with this issue, this paper

Fig. 1: Observation model.

introduces the Gaussian mixture model (GMM) for the DOA
estimator, where the hyper parameters of Gaussian model are
simultaneously determined via expectation maximization (EM)
algorithm [5].
Furthermore, this paper also introduces a novel data inte-
gration scheme in RPM process, exploiting the one-to-one
correspondence between each range point and each scattered
center point (RPM image). Namely, the range points data are
iteratively soft-clustered using weighting function in terms of
RPM image distribution. This process enables us to select
an appropriate data cluster for RPM imaging, and result in
accuracy enhancement in data integration without a significant
increase of the computational cost. The 3-D FDTD based
numerical simulation, introducing realistic automobile model,
demonstrate that our proposed method offers most accurate
image using automatically determined parameters.

II. SYSTEM MODEL

Figure 1 shows the observed model. Array unit is composed
of a number of transmitting and receiving antenna, and is
scanned for horizontal direction with fixed speed intervals.
The output after applying range extraction filter (e.g.，matched
filter) for each transmitting and receiving antenna combination
is defined as s(LT,LR, R). R = ct/2，with the time t and
the propagation speed c. q ≡ (LT,LR, R) is defined as the
range point (RP), which is extracted from the local maxima
of s(LT,LR, R) with respect to R.

III. ORIGINAL RPM METHOD

As an accurate and low complexity 3-D imaging algorithm,
the RPM method has been developed. The benefit of the RPM
is that it generates the scattering center points, associated with
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each range point, and then, the data clustering scheme can be
adopted. In this method, the scattering center for each qi is
determined as:

p̂(qi) = arg max
pint(qi;ql,qm)∈Pi

∑
qj ,qk∈Qi

g(qi; qj , qk)

× exp

[
−
||pint(qi; qj , qk)− pint(qi; ql, qm)||2

2σ2
r

] (1)

where pint(qi; ql, qm) denotes the intersection point of three
spheroids determined by qi, ql, and qm, and σr is constant.
Pi denotes a set of all possible intersection points. Qi denotes
a set of SubRPs, which is initially includes all possible
range points except for MainRP as qi. The weight function
g(qi; qj , qk) is defined as:

g(qi; qj , qk) = s(qj) exp

[
−
D(qi, qj)

2

2σ2
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]

+s(qk) exp

[
−D(qi, qk)

2
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]
(2)

where s(qj) is strength of signal，D(qi, qj) denotes an
effective separation between the sensors,and σD is constant.
To obtain a smoothing effect, σD could be larger than a
couple of minimum sensor separations, and σr could be
determined by the actual scattering center distribution. While,
the performance of the RPM significantly depends on the
parameters of σD and σr, these parameters are empirically
determined in the original RPM algorithm.

IV. PROPOSED RPM WITH DATA DRIVEN PARAMETER
OPTIMIZATION

A. GMM and EM algorithm based parameter optimization

To be free from the empirical selection of the parameters
in the RPM, this paper proposes the EM algorithm based
parameter optimization using the GMM. The GMM is one
of the promising non-parametric probabilistic density function
(PDF) model, where the PDF is represented as the linear
mixture of the number of Gaussian functions. To implement
the GMM into the RPM imaging scheme, we focus on the
direction of arrival (DOA) estimation for each RP qi. In the
3-D model, in considering the weight function of the RPM in
Eq. (1), the PDF for the elevation and azimuth angles (θ, ϕ)
for qi is defined as:

P (θ, ϕ; qi) ≡
∑

qj ,qk∈Qi

δ(θ − θi,j,k, ϕ− ϕi,j,k)

×G(qi; qj , qk) (3)

where δ(θ, ϕ) denotes the 2-D Dirac’s delta function, in terms
of (θ, ϕ). G(qi; qj , qk) ≡ g(qi; qj , qk)/

∑
g(qi; qj , qk),

where g(qi; qj , qk) is defined as in Eq. (2). θi,j,k and ϕi,j,k

denote the elevation and azimuth angles for the intersection

point pint(qi; qj , qk). Here, to solve the (θ, ϕ), which maxi-
mizes P (θ, ϕ, qi), the following GMM is introduced as:

(θ̂GMM(qi), ϕ̂
GMM(qi)) = arg max

(θ,ϕ)

K∑
k=1

πkN (θ, ϕ|µk,Σk)

(4)

N (θ, ϕ|µk,Σk) denotes the 2-D Gaussian distribution charac-
terized by the mean µk and the covariance matrix Σk. The
optimization problem in Eq. (4) is equivalent to maximum
likelihood (ML) estimate, and can be solved in Bayesian
framework, in particular exploiting the EM algorithm. Then,
this method enables us to avoid the empirically selection for
the so-called hyper parameters as (µk,Σk). In particular, the
EM algorithm determines the both ML solution and hyper
parameters by recursively conducting the following E and M
steps.

B. Iterative Data Integration Algorithm
Even in the GMM based RPM algorithm, the σD should be

determined empirically to calculate G(qi; qj , qk) in Eq. (3).
Thus, we also introduce the data driven parameter optimization
as to σD as follows. In a large aperture model, obtained by
the motion of vehicle, data integration scheme over a large
aperture is required in the RPM to obtain more accuracy.
To attain the merit of larger aperture without sacrificing the
accuracy, this paper newly introduces the weight function with
regard to the spatial distribution of scattering points. In this
framework, the RPs, whose associated scattering center are
closely located, should be integrated and processed in the
RPM. To achieve the above scheme, the proposed method
introduces the following new weighting function as:

g(qi; qj , qk) = s(qj) exp

[
−
∥p̂(qi)− p̂(qj)∥2

2σ2
p

]

+s(qk) exp

[
−∥p̂(qi)− p̂(qk)∥2

2σ2
p

] (5)

where p̂(qi) is the scattering center obtained by the original
RPM. Note that, the parameter σp can be determined by
assessing the spatial spread of the pre-estimated scattering
center points p̂(qi).

The procedure of the proposed method is as follows:
Step 1) Observed data are acquired as outputs of the range

extraction filter sn(LT,LR, R) at the n-th position
in the array scanning.

Step 2) RPs are extracted as qn
i from the local maxima of

sn(LT,LR, R).
Step 3) P (θ, ϕ; qn

i ) is determined for each qn
i by Eq. (3).

Step 4) (θ̂GMM(qi), ϕ̂
GMM(qi)) is obtained in Eq. (4) via

the EM algorithm, and the scattering center point
p̂(qi) is determined.

Step 5) Using a prior estimate set of p̂(qi), the scattering
center is updated in Eq. (4) by replacing g(qi; qj , qk)
as in Eq. (5).

Step 6) Step (5) is recursively carried out until the conver-
gence condition is satisfied.
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Fig. 2: 3-D reconstraction results by the original RPM.
Black dots : (σD = 200mm, σr = 100mm). Red dots: (σD = 2000mm, σr = 100mm)

Fig. 3: 3-D reconstraction results by the proposed RPM.

V. EVALUATION BY NUMERICAL SIMULATION

The 3-D FDTD based numerical tests are investigated here.
The transmitting signal forms a pulse modulated signal with
a center frequency of 5.0 GHz and a bandwidth 3.0 GHz.
The center wavelength λ is 60 mm, and the theoretical range
resolution in the air is 50 mm. As the realistic 3-D data for
vehicle, the CAD data of bB ’01 TOYOTA is introduced. Here,
the Wiener filter is adopted as the range extraction filter. The
numbers of transmitting and receiving antennas are 4 and 25,
respectively, and the minimum array spacing is 50 mm. This
array antenna is scanned along the x-axis for −850mm ≤
x ≤ 850mm, and sampled 7 locations at 250mm sampling
intervals. Figures 2 shows the reconstraction results obtained
by the original RPM without data integration (σD, σr) = (200
mm, 100 mm) and with data integration (σD, σr) = (2000
mm, 100 mm). As shown in these figures, in the case without
data integration, a number of unnecessary points, which are
deviated from actual target boundary, are observed, while those
false points are suppressed in the case with data integration.
Note that, the performance of this method does significantly
depends on the parameters σD and σr. On the contrary,
Figure 3 shows the results obtained by the proposed method,
described in Sec. IV A and B, and it demonstrates that the
proposed method attains relevant results without empirically
adjusting the parameters.
As a quantitative analysis of each method, the reconstruction
error, denoted as e is introduced as the minimum distance
between the actual target boundary and each reconstructed
point. The cumulative ratio that satisfy e ≤ 10mm are 44%
for the original without data integration and 39% for the
original with data integration, and 52% for the proposed RPM,
respectively. The reason for the above improvement is that our
proposed method processes only the necessary RPs, each of
which is converted to the proximity of the scattering center of

TABLE I: Error analyses for the original RPM (No Data
Integration) for each σr

σr Cumulative ratio satisfying e < 10mm Average of ē
1 mm 37.7 % 357 mm
10 mm 39.8 % 309 mm

100 mm 44.2 % 282 mm
1000 mm 40.4 % 256 mm

the focused RP. Table1 also shows the parameter dependency
of the original RPM, particular for σr, and this denotes the
performance dependency of the parameter selection. It is
considered that the errors of any RPM method are caused
by the interference effect from multiple reflection points on
complex shaped boundary, including number plate caused by
complex structure such as license plate behind automobile.
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