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Abstract—Conventional automotive radars can detect obstacles
in direct line of sight, while partially or fully occluded scene
elements are difficult to detect. In this paper, we investigate
the deployment of intelligent reflecting surfaces (IRS) to help
automotive radars enhance non-line-of-sight (NLOS) visibility,
thus reducing blind spots and improving safety. Our novel
approach relies on passive beamforming using IRS to detect
multiple targets in NLOS regions by maximizing the power
reflected from a designated radar area toward the target regions.
We formulate this IRS configuration problem as a pattern
synthesis task by matching the reflective beam pattern with
a desired pattern, and we solve it using the gradient descent
algorithm. Subsequently, for a given IRS configuration, we tackle
the target location estimation problem by posing it as a sparse
recovery task and solve it using a sparse Bayesian learning
algorithm. Numerical simulations demonstrate that our approach
achieves improved target localization performance in comparison
to a random IRS approach.

Index Terms—Automotive radar, IRS optimization, beamform-
ing, localization, target detection, sparse Bayesian learning.

I. INTRODUCTION

Intelligent reflecting surfaces (IRS) have gained consider-
able interest over the past few years [1]–[3] in the wireless
research community. They are envisioned to be deployed in
next-generation wireless systems due to their potential to sig-
nificantly enhance signal coverage, improve energy efficiency,
and enable more reliable and flexible communication. An IRS
consists of a large array of passive reflecting elements that can
be individually controlled to reflect incident electromagnetic
waves in desired directions. Each element can adjust the
phase and amplitude of the incoming signal to dynamically
control the propagation environment. Integrating IRS with
radar systems has been shown to improve radar detection and
imaging capabilities significantly [4]–[8]. This integration en-
hances the reflected signal strength, leading to better detection
of objects, especially in challenging environments. However,
these works have typically been applied to scenarios such as
aircraft navigation and remote sensing, where the radar and
IRS are in direct communication. This paper addresses the
IRS configuration problem for automotive radar, where the
IRS assists multiple vehicles that do not communicate with it.

IRS-aided radar literature focuses on passive beamforming
via IRS for detection and localization of targets that are not
in the line-of-sight (LOS) of the radar by exploiting the non-
LOS (NLOS) signal component [9], [10]. To achieve this, the
IRS configuration is optimized based on multiple performance
metrics. For example, the Cramér-Rao bound of angle and

Doppler-based criteria for optimizing IRS has been studied
in [11]. Additionally, a linear unbiased estimator for the target
reflection coefficients is derived, where the IRS is optimized
by minimizing the mean square error of these estimates [12].
All the above works on IRS for target sensing assume precise
knowledge or reliable estimates of target locations, enabling
the IRS to be dynamically configured to direct its beams
toward the target. However, automotive radar sensing scenarios
present greater complexity, as the IRS must serve multiple
moving vehicles and targets. In such dynamic environments,
the locations of targets are not known a priori, and the targets
can appear or disappear at various locations depending on
the traffic conditions. So, the IRS must illuminate a wide
angular region of the environment to ensure reliable detection
in dynamic environments. To this end, the IRS needs to adjust
its beamforming strategy to maintain comprehensive situa-
tional awareness and enhance road safety. As such, existing
IRS configuration approaches are not directly applicable to
automotive radar applications.

We introduce an IRS configuration that leverages road
topology information to identify potential radar and target lo-
cations. This approach aims to improve NLOS target detection
performance without relying on precise knowledge of radar or
target positions. The contributions of the paper are as follows:

• Reflective beam pattern optimization: For given radar and
target areas, our approach adjusts the IRS configuration to
maximize signal power at potential target locations while
suppressing radiation in undesired areas. We achieve this
by minimizing the squared error between the desired and
achieved power distributions, and the resulting optimiza-
tion problem is solved using a gradient descent algorithm.

• Sparse recovery-based target estimation: We pose target
location (range and angle) estimation as a sparse vector
recovery problem, solved via the sparse Bayesian learning
algorithm. Numerical results comparing optimized IRS
configurations with random configurations demonstrate
that our IRS optimization scheme significantly enhances
NLOS target detection in automotive radar sensing.

II. SYSTEM MODEL

We consider an automotive radar with a co-located trans-
mitter and receiver, each equipped with a single antenna. An
IRS with N passive elements is positioned along the roadside
to aid the radar in detecting obstacles outside the radar’s LOS.
For example, the red car and the pedestrian, as shown in
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Fig. 1: An illustration of a single antenna radar placed in
region S assisted by an N -element IRS for sensing targets
in the NLOS target region T .

Fig. 1. We denote the spacing between the IRS elements as
∆ and the phase configuration of IRS as α where its nth
entry αn is the phase configuration of the nth IRS element,
for n ∈ [N ] = {1, 2, . . . , N}. We restrict our attention to the
azimuth plane perpendicular to the IRS plane and define our
coordinate system with the origin at the location of the first
IRS element. The desired NLOS area where potential targets
are present is the region T and the radar region catered by the
IRS is S . Our goal is to choose the IRS coefficients α such
that the received power from a radar located anywhere in the
source region S over the target region T is maximized.

The IRS coefficients are optimized by minimizing the
difference between the received power pattern and a desired
azimuthal power distribution. To this end, we first compute
the received signal power at an arbitrary location (r, ϕ) ∈ T
from a given radar location (d, ψ) ∈ S, as shown in Fig. 1.
We assume that the radar transmitter sends out a waveform
x(t) with carrier frequency fc, i.e., x(t) = x̃(t)ej2πfct, where
x̃(t) is the complex baseband representation of the passband
signal x(t). We consider the Saleh-Valenzuela model [13] and
a single LOS component for the radar-IRS and IRS-target
channels. Here, the IRS is assumed to be a 1D uniform linear
array for simplicity. The baseband signal arriving at the target
location (r, ϕ) at time t, which is the superposition of signals
from all the IRS elements to the target, can be given by

yT(t, r, ϕ) =
1

dr

N∑
n=1

ejαn x̃

(
t− dn + rn

c

)
e−j2πfc

(dn+rn)
c ,

(1)
Here, dn = d + (n − 1)∆ cosψ is the distance between the
radar and the nth IRS element, rn = r + (n − 1)∆ cosϕ
is the distance between the nth IRS element and the target,
and c is the speed of light. Computing the Fourier transform
YT(f, r, ϕ) of the received signal yT(t, r, ϕ), we get

YT(f, r, ϕ)=
1

dr

N∑
n=1

ejαnX̃(f)e−j2πf(
dn+rn

c )e−j2πfc
(dn+rn)

c ,

where X̃(f) is the Fourier transform of the baseband signal

x̃(t). Substituting for dn and rn, we derive

YT(f, r, ϕ) =
1

dr
X̃(f)e−j2π(f+fc)(

d+r
c )

×
N∑
n=1

ejαne−j2π(n−1)
(f+fc)

c ∆(cosψ+cosϕ).

We further rewrite the above expression as

YT(f, r, ϕ) =
1

dr
X̃(f)e−j2π(f+fc)(

d+r
c )a(ψ, f)⊤Γa(ϕ, f),

where Γ ∈ CN×N is a diagonal matrix with ejαn as the nth
diagonal entry and a(·, ·) is the steering vector defined as

a(θ, f)=
[
1 e−j2π

(f+fc)
c ∆cos θ. . . e−j2π(N−1)

(f+fc)
c ∆cos θ

]⊤
.

Thus, the signal power at the target location (r, ϕ) is

|YT(f, r, ϕ)|2 =
|X̃(f)|2

d2r2
|a(ψ, f)⊤Γa(ϕ, f)|2

∝ 1

d2r2
|a(ψ, f)⊤Γa(ϕ, f)|2.

We note that, for any frequency f , the term a(ψ, f)/d
corresponds to the LOS channel between the radar and the
IRS, Γ corresponds to the IRS coefficients, and a(ϕ, f)/r
corresponds to the LOS channel between the IRS and the
target. So, the received power at frequency f is determined
by the term |a(ψ, f)⊤Γa(ϕ, f)|2 scaled by 1/d2 along the
radar angle ψ and 1/r2 along the target angle ϕ. Using this
intuition, we formulate our IRS optimization problem.

We recall that our goal is to configure the IRS coefficients
to maximize the received power at the target region T and
suppress the radiation towards any other area. To this end, we
define a desired azimuthal power pattern pdes(ψ, ϕ), scaled
according to the farthest distances along the angles of interest
ψ and ϕ within the radar and target areas, while setting it to
zero for all other angles outside the area of interest. Let the
radar angles of interest be Ψ = {ψ : ∃ d s.t. (d, ψ) ∈ S}.
Then, we have

pdes(ψ, ϕ) =

 max
d:(d,ψ)∈S

d2 max
r:(r,ϕ)∈T

r2 if ψ ∈ Ψ and
{(r, ϕ) ∈ T } ≠ ∅

0 otherwise.

Now, we minimize the squared error between this desired
pattern pdes(ψ, ϕ) and the IRS-generated pattern,

E(β,α, f, ψ, ϕ) =
(
βpdes(ψ, ϕ)− |a(ψ, f)⊤Γa(ϕ, f)|2

)2
,

(2)
where β > 0 is the scaling factor. Averaging the error across
the different radar angles ψ ∈ Ψ and frequencies, we arrive at
the IRS optimization problem

argmin
β>0,α∈[0,π]N

∫
ψ∈Ψ

∞∫
f=−∞

π∫
ϕ=0

E(β,α, f, ψ, ϕ) dfdϕdψ. (3)

Before solving (3), we highlight that this formulation is tai-
lored for automotive applications and is different from conven-
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tional IRS phase optimization in communication and sensing.
Traditional methods assume a static or interactive transmitter
and often rely on precise target position estimates. In con-
trast, automotive sensing involves dynamic environments (busy
urban settings) with multiple vehicles entering and exiting
the IRS-covered region, making adaptation impractical. An
alternative approach involves scanning potential target or radar
locations and selecting the best configuration, it requires radar-
IRS synchronization, which may be infeasible in dynamic
environments. Furthermore, any additional information about
the radar or target angle available at the IRS can be naturally
incorporated into our formulation, such as data from a camera
co-located with the IRS. As an example, if the radar angle ψ
is known, our problem becomes

argmin
β>0,α∈[0,π]N

∞∫
f=−∞

π∫
ϕ=0

E(f, ψ, ϕ) dfdϕdψ. (4)

III. IRS OPTIMIZATION AND TARGET LOCALIZATION

Directly solving the problem in (3) is challenging due to the
integrals involved. So, we first reformulate it into a tractable
form and develop an optimization algorithm.

A. Grid-based Reformulation

To approximate the integral, we uniformly sample the
frequency range f in [−B

2 ,
B
2 ], where B is the bandwidth of

the transmitted signal x̃(t). Let {fm}Mm=1 denote the sampled
frequency bins. Similarly, let {ϕi}Ii=1 are sampled angle grids
of the azimuth angles [0, π) and {ψl}Ll=1 are the sampled grid
points of the set Ψ. Then, (3) can be approximated as

argmin
β>0,α∈[0,π]N

L∑
l=1

M∑
m=1

I∑
i=1

E(β,α, fm, ψl, ϕi). (5)

Further, we rewrite the term E(β,α, fm, ψl, ϕi) using the
relation,

|a(ψ, f)⊤Γa(ϕ, f)|2 = |[a(ψ, f)⊙ a(ϕ, f)]⊤γ|2,

where γ is the vector of the diagonal entries of Γ and ⊙
denotes the Hadamard product. Therefore, we derive

|a(ψ, f)⊤Γa(ϕ, f)|2 = γHH(f, ψ, ϕ)γ,

where we define the matrix H(f, ψ, ϕ) as

H(f, ψ, ϕ) = [a(ψ, f)⊙ a(ϕ, f)]∗[a(ψ, f)⊙ a(ϕ, f)]⊤,

where (·)H denotes Hermitian transpose and (·)∗ denotes
conjugate operation. Therefore, (5) becomes

argmin
β>0,α∈[0,π]N

L∑
l=1

M∑
m=1

I∑
i=1

[
βpdes(ψl, ϕi)

− γHH(fm, ψl, ϕi)γ
]2
. (6)

We note that the new formulation does not involve the integrals
and is quadratic in both β and γHH(fm, ψl, ϕi)γ. We next
discuss the algorithm to solve it.

B. Optimization Algorithm

Since the objective function is convex in β, we first solve
for β by setting the derivative of the cost with respect to β to
0 yielding the optimal value β∗ = γHH̃γ with

H̃ =

L∑
l=1

M∑
m=1

I∑
i=1

H(fm, ψl, ϕi)pdes(ψl, ϕi)

M
∑L
l′=1

∑I
i′=1 p

2
des(ψl′ , ϕi′)

.

Substituting β∗ into (6) reduces the optimization problem as

argmin
α∈[0,π]N

J(α), (7)

where the new objective function is given by

J(α) =

L∑
l=1

M∑
m=1

I∑
i=1

(
γHĤ(fm, ψl, ϕi)γ

)2

. (8)

Here, the matrix is defined as

Ĥ(fm, ψl, ϕi) = H̃pdes(ψl, ϕi)−H(fm, ψl, ϕi).

Next, we solve for α using the gradient descent algorithm.
Here, the gradient of the cost function is

∇αJ(α) = −4

L∑
l=1

M∑
m=1

I∑
i=1

(
γHĤ(fm, ψl, ϕi)γ

)
× Im

{
γ ⊙ (Ĥ⊤(fm, ψl, ϕi)γ

∗)
}
, (9)

where Im(·) is the imaginary part.
Thus, to solve (7), we initialize the algorithm with α(0) ran-

domly and then update the iterate using the gradient computed
in (9). The qth iteration of the gradient update step is

α(q+1) = α(q) − δ∇αJ(α
(q)),

where δ is the step size. The iterations are continued until the
norm of the gradient, ∥∇αJ(α

(r))∥2 drops below a small
threshold value. Once the optimal α is obtained, we can
localize the targets in T from the signal received at the radar
using a sparse recovery algorithm as discussed next.

C. Target Localization

To localize the targets, we assume that the radar knows its
own location (d, ψ) with respect to the IRS. Suppose there are
K point targets in T at coordinates {z(k) = (r(k), ϕ(k))}Kk=1,
where K is also unknown to the radar. The noiseless signal
yR(t) received by the radar at time t is the superposition of
signals reflected from the K targets,

yR(t) =

K∑
k=1

βkg
⊤(z(k))X(t, z(k))g(z(k)),

where βk ∈ C is the reflection coefficient of the kth target,
g(z(k)) ∈ CN is the channel between the radar and the kth
target via the IRS elements, given by

g(z(k)) =
e−j2πfc(d+r

(k))/c

dr(k)

(
a(ψ)⊙ a(ϕ(k))⊙ γ

)
,
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where a(θ) ≜ a(θ, 0) is array steering vector for frequency
fc and matrix X(t, z(k)) ∈ CN×N comprises the delayed
versions of the transmitted baseband signal with the (n1, n2)th
entry as x̃(t − 2(d+r(k))

c − (n1+n2−2)∆(cosψ+cosϕ(k))
c ). This

formulation is similar to (1), and we omit the details here.
More compactly, we write

yR(t) = b⊤(t, z)β,

where the kth entries of b(t, z) ∈ CK and β ∈ CK are given
by g⊤(z(k))X(t, z(k))g(z(k)) and βk, respectively. Also, z ∈
RK×2 has its kth row as

[
r(k) ϕ(k)

]
. Sampling the noisy

received signal at time t1, t2, . . . , tT , we arrive at

yR = B(t, z)β +w, (10)

where B(t, z) ∈ CT×S whose tth row is b(tk, z), w ∈ CT

denotes the noise and t =
[
t1 t2 . . . tT

]⊤
. The target

localization problem is to estimate z from yR.
One way to tackle the problem is to use the basis expansion

model and pose the localization problem as a sparse recovery
problem. To this end, we discretize T into Q grid points.
Let the coordinates of the grid points be zg ∈ RQ×2. We use
these grid points to construct a known dictionary matrix Bg =
B(t, zg) ∈ CT×Q. Now, (10) becomes yR = Bgβg + w,
where the unknown vector βg ∈ CQ is a K-sparse vector
whose nonzero entries corresponds the true target locations.
Since the number of targets is unknown, we solve

min
βg

∥βg∥0 s.t. yR = Bgβg +w, (11)

using any sparse recovery algorithm, and we use the state-
of-the-art sparse Bayesian learning algorithm [14]. After es-
timating β̂g of the sparse vector βg, the target locations
are determined from the entries of zg corresponding to the
nonzero elements of β̂g.

IV. SIMULATION RESULTS

We now present simulation performance results in the
following setting. We choose the target and radar regions as

T = {(r, ϕ) : 0 ≤ r ≤ 30 m, 140◦ ≤ ϕ ≤ 160◦},

and S = {(1 m, ψ) : 70◦ ≤ ψ ≤ 75◦}, respectively. The
transmitted signal is a random BPSK waveform with baseband
frequency B = 200 MHz and the carrier frequency fc =
77 GHz (λ = 3.9 mm). The number of IRS elements N =
100 with a spacing ∆ = 0.5λ. To formulate the optimization
problem in (5), we use M = 1200 frequency bins, discretize
the azimuthal angular region into I = 180 grid points, ϕi ∈
{0◦, . . . , 179◦}, and divide the source region angles into L = 5
grid points: ψl ∈ {70◦, . . . , 75◦}.

Fig. 2a shows the radiation pattern obtained by solving
the optimization problem formulated in (3). Here, we plot
|a(ψ, f)⊤Γa(ϕ, f)|2 as a function of ϕ averaged over all the
frequency bins and the different colors represent the radiation
patterns corresponding to different radar angles. We observe
that the IRS generates similar reflected beam patterns across all
radar angles, ensuring a consistent power distribution towards
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Fig. 2: Radiation pattern of the optimized IRS over the target
region for multiple radar angles ψ ∈ {70◦, 71◦, . . . , 75◦} and
target angles ϕ ∈ [140◦, 160◦].

the target region. Fig. 2b shows the scenario where the radar
angle ψ in S is known and the IRS dynamically adjusts its
configuration based on the radar angle. Since the IRS is more
flexible and adapts to each specific radar angle, it results
in stronger main lobes and a better suppression of spurious
radiation compared to Fig. 2a. This is because the increased
flexibility in IRS configuration improves beamforming, direct-
ing more power toward the target region while minimizing
energy leakage in unintended directions. In contrast, a fixed
IRS configuration for multiple radar angles limits optimization,
leading to slightly higher side lobes and unintended radiation.

0°

30°

60°

90°

120°

150°

180°
0 10 20 30

 = 140°

 = 145°

 = 150°

 = 155°

 = 160°

radar angles

Fig. 3: Radiation pattern of the optimized IRS over the source
region S for different target angles ϕ ∈ [140◦, 160◦].

Fig. 2 illustrates the radiation pattern of the IRS, showing
how it reflects the incoming power towards the target region
T . The targets in T then reflect the signals, which the IRS
redirects toward the radar receiver. In Fig. 3, we present
the radiation pattern of the IRS optimized for radar angle
ψ = 70◦ when the incident signal from the target region
T impinges on it. Here, we plot |a(ψ, f)⊤Γa(ϕ, f)|2 as a
function of ψ averaged over all the frequency bins and the
different colors represent the radiation patterns corresponding
to different target angles. The radiation pattern of the IRS for
incident signal arriving from the target region demonstrates
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that the IRS beamforms toward the source region S. This
observation confirms that configuring the IRS to maximize
power received at the target region inherently ensures that the
IRS also directs the reflected power from point targets in T
back toward the source region, enhancing received power and
improving radar performance.

Next, we present the performance of range and angle
parameter estimation for three different cases: (i) an optimized
IRS using knowledge of the radar angle ψ, (ii) an optimized
IRS using the knowledge of S but without exact radar angle
information, and (iii) a randomly configured IRS. Our setting
for target localization is as follows. The number of targets
K = 3, and targets are uniformly distributed within T , and
the radar location is uniformly sampled from S. The nonzero
entries of β are drawn from the standard Gaussian distribution

For all three cases, we assume the knowledge of T for the
target localization at the radar. So, we divide the range into
10 uniformly spaced bins and the angular interval [140◦, 160◦]
into 11 uniformly spaced bins, leading to Q = 110. We then
use sparse Bayesian learning to estimate the sparse vector
βg ∈ C110 in (11). Our target localization performance metric
is the False Support Recovery Rate (FSRR). It is defined as the
sum of the false alarm rate (incorrectly identifying a free area
as a target) and the missed detection rate (failing to identify a
target), both normalized by the size of the sparse vector βg.
In Fig. 4, we show the average FSRR over 100 trials with
random additive noise w ∼ CN (0, σ2I), where the SNR is
computed as the ratio of the transmit power and σ2.

Fig. 4 shows the FSRR is less than 8% in all cases, implying
a good NLOS target localization performance when T is
known at the radar. Further, the two optimized IRS cases
achieve higher FSRR across all SNR values below 40 dB
compared to random beamforming configurations, as they also
exploit the knowledge of T and S for IRS optimization. When
the radar angle is known, the IRS provides the highest gain,
followed by the case where only the range of radar angles is
known. Beyond 40 dB, the FSRR for all schemes becomes
comparable, with errors below 1%. These results show how
exploiting knowledge of the target possible locations improves
the detection performance, particularly at low SNR regimes.

V. CONCLUSIONS

We studied the problem of passive beamforming towards
multiple targets for automotive radar applications using IRS.
We posed the beamforming problem as an optimization of the
IRS configuration to maximize the power transmitted from the
radar area toward the target areas of interest and used gradient
descent to obtain a locally optimum solution. Through simu-
lations, we showed that the optimal IRS configuration creates
beams directed toward the target angles, thereby improving
target detection accuracy. We employed sparse recovery for the
target localization algorithm to show that the optimized IRS
configuration offers superior improvement in target detection
compared to a random beamforming configuration. Studying
the theoretical guarantees for our optimization solution and

0 10 20 30 40 50 60 70 80 90 100

SNR
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F
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R

 (
%
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IRS optimized for known 
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Fig. 4: FSRR comparison of recovery algorithm as a function
of SNR for optimized and randomly configured IRS.

extending our localization algorithm to handle off-grid targets
are promising avenues for future research.
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