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This supplementary document provides additional technical details and results for our X-band radar NLOS imaging
system. Sec. 1 describes the hardware configuration of our prototype, the data acquisition pipeline, and statistics of
the collected real-world dataset. Sec. 2 details the cross-modality simulation framework, including the X-band and
77 GHz radar and the SPAD–LiDAR simulator, together with statistics of the synthetic dataset. Sec. 3 expands on
the neural reconstruction method, specifying the architectures of the dense prediction and geometry-aware recovery
modules, as well as training procedures and hyperparameters. Finally, Sec. 4 presents baseline methods, additional
simulated and experimental results that complement the main paper.
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1. Experimental Setup
1.1. Experimental Prototype
X-band Radar Prototype. As illustrated in Fig. 1, the experimental X-band radar platform is an FMCW radar system
built on FPGA (Xilinx ZCU102, AMD), integrating high-speed waveform generation, data acquisition, and digital
signal processing. The host computer communicates with the FPGA Processing System over Ethernet to control each
capture. The FPGA generates FMCW chirps with a bandwidth of B = 700 MHz and Nc = 27 chirps within a frame
period of Tf = 0:70 ms. It interfaces with the mixed-signal front end (MxFE, Analog Devices) via HPC connectors
for high-speed conversion. The MxFE samples the waveform at a rate of fs = 1:5 GHz and outputs a 4:5 GHz FMCW
signal, which is then up-converted to 10 GHz by the XUD1a module and amplified to �17 dBm by a power amplifier.

Beam steering is performed using the beamforming front-end (STINGRAY, Analog), which includes an embedded
amplifier and phase shifter. The board drives a 2�8 patch antenna array to transmit the radar signal and uses a separate
2 � 8 patch antenna array to receive the echo. The received signal is mixed with the reference signal to generate the
beat frequency,

fbeat =
2RS

c
;

where S is the chirp slope, c is the speed of light, and R is the distance of interest. Additional radar parameters are
summarized in Table 1.

Figure 1. X-band Radar Platform. The host computer interfaces with the FPGA to control each capture, and the processing
system of the FPGA controls the Analog-to-digital converter MxFE as well as the up-converter XUD1a to output 10 GHz FMCW
signal to the antenna control board STINGRAY. The received signal is mixed with the reference signal and the distance information
can be decoded from the beating frequency.

Table 1. Parameters of X-band Radar Platform.

Quantity Symbol Value

Bandwidth B 700 MHz
Number of Samples N 220

Sampling Rate fs 1:5 GHz
Number of Chirps Nc 27

Central Frequency fc 10 GHz
Wavelength � = c=fc 0:03 m

Single Chirp Period Tc =
N

fsNc
5:46�s

Chirp Slope S = B=Tc 1:28� 1014 Hz/s
Total Frame Period Tf = Nc Tc 0:70 ms

System Interface. We develop an integrated interface that enables the X-band radar, LiDAR, and camera to capture
simultaneously. The X-band radar is a custom 10 GHz FMCW system built on Analog Devices’ hardware platform
(details provided in the next section). The LiDAR (Ouster OS1) provides dense ground-truth point clouds with 128
channels and a range of up to 200 m. The camera (Aoni A30) supplies the corresponding ego view.



Doppler Limitation. In principle, our X-band radar system supports Doppler estimation through FMCW process-
ing. However, under the current acquisition setting, the coherent observation time is short, yielding a coarse velocity
resolution (approximately 21 m/s in our setup). This is insufficient for the motion scales considered in our target sce-
narios, so Doppler information is not used in the current reconstruction pipeline. In future implementations, increasing
the number of chirps per frame or redesigning the acquisition and processing pipeline could better support velocity
estimation. Incorporating Doppler cues could further improve robustness in dynamic scenes and help distinguish
between different propagation paths.

1.2. Experimental Data Acquisition and Post-Processing
For each acquisition, the radar scans from –60° to 60° in 5° increments, collecting 220 sampling points per angle.
The scan is controlled by the phase shifter, which computes the required phase shift from the detection angle in real
time. Its phase accuracy is 2.8° with 6-bit resolution. The acquisition time per scan is 0.3 s, limited by the readout
speed. The raw data and post-processing code will be released. The frequency spectrum is estimated using Welch’s
method [6], and each static scene is scanned multiple times and averaged to reduce noise. Background is measured
by scanning an open field and is used for background subtraction to mitigate flicker noise. The noise power spectral
density (–74.24 dBm) is estimated by averaging background measurements across angles and is used in the simulation.
The LiDAR point cloud is calibrated to the radar frame such that the origin and orientation are aligned. For each scene
with occluded NLOS objects, multiple captures are taken from different viewpoints, with some recording the NLOS
object’s location. The point clouds captured from different positions are mapped to the radar coordinate frame so that
the ground-truth positions of all objects in the scene are aligned. The positions of the NLOS objects, LOS objects,
and the relay wall are annotated from a z-slice of the aligned point cloud and serve as ground truth for supervising the
NLOS reconstruction algorithm.

1.3. Experimental Dataset Statistics
As reported in Fig. 2, we collected 122 captures across representative scenes to evaluate the proposed method under
typical driving conditions. The dataset includes outdoor and indoor scenes, with outdoor data acquired during both
daytime and nighttime, where nighttime conditions are challenging even for direct line-of-sight visibility. Across all
captures, we include a wide range of hidden objects (cars, bicycles, etc.) and relay structures (building facades, walls,
containers, etc.), leading to substantial variability in relay-wall type, incidence angle, and target layout. These captures
are randomly partitioned into disjoint training and test splits at the sequence level, so that evaluation scenes are never
seen during training. As shown in Sec. 4.3 of the main manuscript, our method generalizes well across this diverse set
of real-world conditions and reliably reconstructs objects in hidden regions.

Figure 2. Experimental Scene Examples. We collected indoor and outdoor scenes under both daytime and nighttime conditions,
encompassing diverse scenarios such as parking lots, blocks, and streets with varying relay wall materials and hidden objects.

2. Cross-Modal Simulation
To assess the benefit of long wavelengths for NLOS recovery in simulation, we compare the imaging performance
of three representative sensing modalities: a SPAD-based LiDAR [3, 4, 7, 15] operating at an 850 nm wavelength, a
77 GHz automotive radar (� = 3:9 mm) [13], and our proposed X-band radar system (� = 3 cm). These systems
span more than two orders of magnitude in wavelength and thus probe very different propagation and scattering
regimes, from highly diffusive, fine-resolution optical sensing to increasingly specular, long-range microwave sensing.



To enable a fair cross-modality comparison, we construct a uni�ed NLOS simulation framework in which all three
modalities observe the same hidden scenes and relay geometries under matched viewpoint and occluder con�gurations.

In the following, we �rst describe the radar-side simulation, including the full X-band and 77 GHz signal models,
antenna con�gurations, and implementation details, followed by statistics of the synthetic radar datasets used in our
experiments. We then present the SPAD-based LiDAR simulation, specifying the pulsed source, temporal sampling,
photon-counting and noise models, and how the same NLOS scenes are instantiated in the LiDAR setting. This
provides details to reproduce our cross-modality comparison.

2.1. Simulation

2.1.1. Implementation Details

Existing automotive simulators such as CARLA [2] and AirSim [14] typically operate at the rendered-sensor level:
radar returns are synthesized from geometric visibility, range, and simple RCS or noise models, without explicitly
modeling the RF propagation chain or multi-bounce NLOS transport. In contrast, our radar simulator is an end-to-end
forward model that follows the NLOS transport formulation in the main paper and explicitly comprises radar antenna
simulation, scenario rendering, FDTD-based material re�ectance estimation, multi-path ray tracing, and coherent RA-
map formation. For clarity, we �rst restate the forward model and then describe how each simulation block instantiates
its corresponding terms.

Forward Model. We denote the transmitting antenna position by l, the receiving antenna position by s, the relay
wall by a plane

� = fx = (x; y; z) 2 R 3 j n > (x � p) = 0g;

with normal n, root point p, and the hidden object surface by O. A radar waveform g(t) is emitted at angle �t , re�ects
at a �rst wall point w1 2 � with re�ectance � � (w 1), scatters at an object point o 2 O with re�ectance �O (o), and
returns via a second wall point w2 2 � with re�ectance � � (w 2) to the receiver steered to angle �r . The received �eld
is

�(� t ; � r ; t) =
ZZZ

�;O
B t (� t ) B r (� r ) � � (w 1) � O (o) � � (w 2)

� A(w 1; o; w 2) g
�

t �
L(w 1; o; w 2)

c

�
dw2dodw 1;

(1)

where Bt and Br are the transmit and receive beam patterns, A is the path attenuation, c is the propagation speed, and
the total path length is

L(w 1; o; w 2) = r lw 1 + r w 1 o + r ow 2 + r w 2 s; r xy = ky � xk:

For long-wavelength radar, the wall response contains a pronounced specular component. In our simulator we
explicitly model this specular lobe and approximate the corresponding BRDF term by a Dirac kernel that enforces the
law of re�ection at w1:

� � (w 1) � �(w 1) �
�
n> r w 1 o � n > r lw 1

�
; (2)

where �(w 1) is a material- and angle-dependent specular gain factor obtained from the FDTD wave-propagation stage
of our pipeline. This collapses the surface integrals in (1) to the specular wall points w?

1 ; w ?
2 and yields

�(� t ; � r ; t) �
Z

O
�(w ?

1)�(w ?
2) B t (� t ) B r (� r )

� A(w ?
1 ; o; w ?

2) � O (o) g
�

t � L(w ?
1 ;o;w ?

2 )
c

�
do:

(3)

Using mirror symmetry, the wall � is treated as a virtual transparent interface: each object point o is mapped to a
mirrored point o0 = R � (o) behind the wall, and the two specular bounces become a single virtual line-of-sight path
of length L0(o0). The forward model reduces to

�(� t ; � r ; t) �
Z

O 0
B t (� t ) B r (� r ) ~�(o 0) ~A(o 0) ~� O (o0) g

�
t � L 0(o 0)

c

�
do0: (4)



For specular or corner re�ections, the effective path attenuation is modeled as

~A(o 0) =
1

L 0(o0)2 ; (5)

corresponding to spherical spreading over the total virtual range.
Below we describe how each block in Fig.5 of the main paper numerically instantiates these terms.

Radar Antenna Simulation. We model each radar front-end starting from the element pattern and array layout,
and explicitly tie these to the beam-pattern terms Bt (� t ) and Br (� r ) in Eqs. (1)–(4). Each radiating element is
parameterized by an idealized directive pattern with azimuth and elevation half-power beamwidths of azHPBW = 80�

and elHPBW = 60� , a sidelobe �oor of �25 dB, peak gain of 4:1 dBi, and a back-baf�ed response (no radiation into
the backward hemisphere). The transmit power is �xed to Ptx = 1:6 mW and the receiver is assigned an effective
noise �gure of 8 dB; these parameters set the overall SNR level in the simulated RA-maps. The element patterns and
powers are then combined with the array geometry and digital beamforming weights to synthesize the array factors
B t (� t ) and Br (� r ) on a discrete steering grid that matches the real hardware con�guration.

For the 77 GHz radar, we adopt a standard automotive con�guration [13] with a 1 � 57 uniform linear array
and approximately half-wavelength spacing in azimuth, achieving an angular resolution of about 1:8� . The X-band
(10 GHz) radar uses a 4 � 8 uniform planar phased array matching our prototype, with inter-element spacings chosen
close to �=2 in both azimuth and elevation. This aperture provides an angular resolution of roughly 12:6� . In the
simulator, both systems share the same transmit power and noise settings so that differences in NLOS performance
primarily arise from wavelength, aperture size, and the resulting differences in the specular gain factor �(w1) and
beam patterns Bt ; B r in the forward model.

Scenario Rendering. The urban scenes, relay walls, and hidden objects are constructed manually as 3D triangle
meshes with material labels. The relay wall de�nes the plane � and its normal n, while hidden objects provide
the surface O and candidate points o that contribute to the integral. For each object surface point, we precompute
its mirrored position o0 = R � (o) and store the geometry necessary for evaluating the virtual path length L0(o0) in
Eq. (4).

FDTD Propagation (Material-dependent Re�ectance). To characterize how different wall materials re�ect long-
wavelength radar, we run 2D FDTD simulations for representative surfaces under varying incidence angles and wave-
lengths (X-band and 77 GHz). For each material and incidence angle, the FDTD solver produces the angular distribu-
tion of the scattered �eld, from which we extract the specular lobe and its energy. This energy ratio directly de�nes the
specular gain factor �(w1) in the BRDF approximation of Eq. (2), while the residual non-specular energy is treated as
diffuse loss and absorbed into the effective attenuation and noise models. In the forward model of Eqs. (3)–(4), �(w1)
therefore encodes how strongly a given wall point contributes to the mirror-like NLOS path. FDTD results show that
X-band exhibits a much stronger, narrower specular lobe (larger �(w1)) than 77 GHz for typical urban materials,
which is precisely the behavior we exploit in our NLOS simulations.

To further examine whether wall transmission needs to be modeled at X-band, we perform an FDTD simulation
of 10 GHz wave propagation through a 40 cm concrete wall and place detectors on the re�ection and transmission
sides to measure the corresponding �eld intensities. The results show the transmission attenuation is much larger than
the re�ection attenuation, indicating that the transmitted energy is negligible compared with the re�ected path in our
setting. This validates our assumption that the dominant NLOS contribution arises from mirror-like re�ection, while
transmission through typical outdoor concrete relay walls can be safely ignored.

Multi-path Ray Tracing. We implement a geometric ray tracer that combines the rendered scene geometry, the
mirror mapping, and the FDTD-based material tables. For each steering pair (�t ; � r ) and each candidate object point
o, the tracer �rst �nds the specular wall point w?1 that satis�es the law of re�ection implied by (2). In the general
non-cofocal case, the transmit and receive paths intersect the relay wall at two specular points, w?

1 and w?
2 . Here,

however, we simulate a cofocal con�guration, in which the transmit and receive paths share the same relay-wall point,
so that w?

2 = w ?
1 . We then check visibility and occlusion along the path (l ! w?1 ! o ! w ?

1 ! s). The total path
length is computed as L(w?1 ; o; w ?

1), and the corresponding virtual range L0(o0) is evaluated, with the path attenuation
~A(o 0) computed via (5), optionally including additional atmospheric losses.



Figure 3. FDTD simulation of 10 GHz wave propagation through a concrete wall. The simulated �eld shows a dominant
specular re�ection from the wall, while the transmitted component is heavily attenuated and can be neglected in our setting.

The resulting complex weight

W(o0) = B t (o0; � t ) B r (o0; � r ) ~�(o 0) ~A(o 0) ~� O (o0)

is stored for each (�t ; � r ; o0) triple and will be used to synthesize time-domain FMCW returns.

FMCW Waveform, Coherent detection, and RA-map Formation. Both the X-band and 77 GHz radars are driven
by the same linear FMCW waveform, so that differences in NLOS performance are not confounded by range resolu-
tion. The transmitted chirp is

g(t) = exp
�
j
�
2�f ct + �(B=T c) t 2��

; (6)

where the sweep bandwidth is �xed to B = 700 MHz, the ADC sampling rate to Fs = 1:5 GHz, the number of chirps
per frame to Nc = 2 7, and the total number of fast-time samples per frame to Nsample = 2 20. The chirp duration is
therefore

Tc =
Nsample=Fs

Nc
;

which yields a range resolution of �R = c=(2B) � 0:21 m for both modalities. The carrier frequency fc is set to
f c � 77 GHz and f c � 10 GHz for the millimeter-wave and X-band systems, respectively.

Given the path weights W(o0) and virtual ranges L0(o0) from Eq. (4), we synthesize the received time-domain
waveform by sampling tn = n=F s over the frame and summing the delayed chirps

�(� t ; � r ; tn ) �
X

o0

W(o0) g
�

tn � L 0(o 0)
c

�
:

Coherent detection is implemented by mixing � with the conjugate of the transmitted chirp and applying a low-pass
�lter, yielding the baseband beat signal

~m(� t ; � r ; t) = LPFf�(� t ; � r ; t) g � (t)g

�
Z

O 0
W(o0) exp

�
j
�
2�f b(o0) t + '(o 0)

��
do0;

(7)

whose dominant frequency components encode the round-trip delays L0(o0). For each steering pair (�t ; � r ), we apply
a 1D FFT along the fast-time dimension of ~m to obtain the beat-frequency spectrum, map it to range bins using the
known chirp parameters (B; Tc), and assemble the resulting range pro�les over all steering angles into a simulated
RA map. Complex Gaussian noise consistent with the assumed noise �gure is added at the baseband prior to the FFT,
so that the �nal RA statistics match those of the physical radar front-ends.

2.1.2. Synthetic Dataset Statistics

We synthesize a large-scale dataset using the proposed radar simulation pipeline, comprising 2,160 RA maps with
corresponding ground-truth annotations. The dataset covers diverse outdoor environments, including urban streets,
parking lots, residential blocks, and mixed traf�c intersections, as illustrated in Fig. 4. Within these scenes, the




	Experimental Setup
	Experimental Prototype
	Experimental Data Acquisition and Post-Processing
	Experimental Dataset Statistics

	Cross-Modal Simulation
	Simulation
	Implementation Details
	Synthetic Dataset Statistics

	Transient SPAD-LiDAR Simulation

	Neural Reconstruction
	Architectural Details
	Dense Prediction Module
	Geometry-aware Recovery Module

	Training Details
	Hyperparameters
	Ablation Experiments

	Additional Results
	Baseline Methods
	Additional Simulation Results
	Additional Experimental Results


