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Abstract

Conventional imaging systems capture objects visible in the
direct line-of-sight (LOS). A decade of research on non-line-
of-sight (NLOS) imaging approaches has made it possible
to reconstruct hidden geometry outside the line of sight by
analyzing indirect light transport. However, most existing
methods operate in the optical visible or IR range. Relying
on diffuse inter-reflections, every bounce incurs a quadratic
intensity falloff. As such, with illumination power limited
by eye-safety limitations, existing methods are fundamen-
tally restricted to short ranges on the order of a few me-
ters. We propose an X-band radar-based NLOS imaging
method that leverages the long wavelength to convert dif-
fuse reflections into predominantly specular ones, allowing
for large-scale hidden-scene perception. We develop a neu-
ral reconstruction method that combines a learned dense
prediction module and a geometry-aware NLOS reconstruc-
tion module, tackling the inherently low spatial resolution
of long-wavelength radar. We assess our method with a
prototype system and in simulation. Synthetic validation
shows that, under the same transmit power, X-band radar
achieves 10x longer NLOS reconstruction range than opti-
cal systems, while experimental results further demonstrate
accurate hidden-object reconstructions up to 40 m, estab-
lishing a practical pathway toward real-world long-range
NLOS sensing.

1. Introduction

Human vision and conventional imaging systems are funda-
mentally constrained by their reliance on direct line-of-sight
visibility, leaving occluded regions inaccessible. Extend-
ing perception beyond human capabilities via non-line-of-
sight imaging enables us to “see around corners” [4, 5, 61].
In theory, this offers unprecedented sensing capabilities for
remote sensing [5], medical imaging, and especially au-
tonomous driving [61], where detecting approaching traf-
fic and monitoring otherwise unreachable areas can provide
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Figure 1. Wavelength-dependent Energy Transport in NLOS
Imaging. Typical relay-wall roughness (¢ ~ 10~*~10' mm)
yields mostly specular interactions at 10 GHz (A1 ~ 30 mm), di-
recting stronger reflected energy into hidden regions, but predom-
inantly diffuse scattering at 77 GHz (A2 ~ 3.9 mm), resulting in
much weaker indirect illumination.

significant benefits.

Over the past decade, extensive NLOS imaging re-
search [15, 23, 33, 53, 68, 73, 82] has demonstrated the
ability to peek into such occluded areas. Thereby, the hid-
den geometry is inferred by reconstructing light transport
through diffuse inter-reflections, as shown in Fig. 1. How-
ever, each diffuse bounce incurs roughly quadratic attenua-
tion, shrinking the returning signal faster than the noise can
be averaged. Limited to eye-safe power, visible/IR NLOS
systems operate over only a few meters [22, 38, 49]. As a
result, optical NLOS techniques are impractical for large-
scale or outdoor scenarios that require long-range sensing.

To mitigate the attenuation of optical signals, existing
methods have extended NLOS imaging into the millimeter-
wave regime [9, 33, 61, 65, 73, 75], typically operating
at 77 GHz (A = 3.9mm) [33, 61, 73, 75]. However, at
77 GHz, the wavelength is comparable to the surface rough-



Figure 2. Frequency-Dependent Propagation and Re ection Characteristics. (a) Free-space path loss versus frequency at 10, 100,
and 1000 m, showing stronger attenuation at 77 GHz and optical/THz bands. (b) Specular re ection ratio versus frequency for surface
roughness =0:1 m, 50 m, and 5 mm, where 10 GHz remains largely mirror-like while 77 GHz becomes diffuse.

ness of typical relay walls (10-10" mm), resulting in totype on real-world scenes, con rming accurate hidden-
strong diffuse re ections, as illustrated in Fig. 1. scene reconstructions. In summary, the contributions of this

To extend the range further, we propose a lower- work are the following:

frequency X-band radar operating at 10 GHz ( = 30mm). . \we develop an X-band NLOS image formation and radar
As shown in Fig. 2(a), the longer wavelength substantially  gata synthesis method that models antenna radiation,
reduces free-space path loss by about 20 dB relative to typ- muyltipath propagation, and re ection characteristics.
ical 77 GHz mmWave systems and by 150 dB compared to . we design a neural reconstruction method that com-
optical sensors. In addition, Ior_lger wavelengths_ strpngly bines learned dense prediction with geometry-aware re-
suppress rough-surface scattering (smaller ), yielding a  nement, substantially improving reconstruction quality
higher specular-to-diffuse ratio [2, 29, 70], as illustrated in  from low-resolution radar data.
Fig. 2(b), allowing for improved illumination of occluded .+ \we implement a large-aperture X-band radar NLOS
regions. The transmission component of X-band waves jmaging system, and validate that the method achieves
through typical outdoor relay walls can be safely ignored  accurate hidden-scene reconstruction up to 40 m in real-
in our setting, as demonstrated in the Supp. Sec. 2.1. world environments.

However, the X-band, while reducing signal loss, degen-
erates spatial resolution due to its long wavelength, which in 2. Related Work
turn degrades the accuracy of scene reconstruction. Existing

radar-based NLOS approaches [9, 33, 61, 73] typically rely Radar Perception has become indispensable for object
on backpropagation methods of multi-bounce signals or as-recognition and scene understanding in robotics [66], in-
sume known relay geometries and controlled tracking con- door settings [32, 43], and outdoor environments [3, 16, 24,
ditions, limiting their applicability in complex scenes. To 56]. Beyond robustness, radar supports rich environmen-
overcome these limitations, we design a neural architecturetal modeling, including depth [37], semantics [48, 62, 85],
that integrates a dense prediction module with a geometry-scene ow [13], object presence [3, 24, 27, 35]. In auto-
aware NLOS reconstruction module, achieving improved motive applications, radar is a cornerstone for safety and
spatial resolution, reducing angular distortions, and disen-ef ciency [7, 12], with integration rates projected to grow
tangling direct LOS echoes from NLOS returns. rapidly [6]. Similar bene ts extend to mobile robotics,
To this end, we present an X-band radar NLOS imag- both indoors and outdoors [16, 32, 43, 56, 66]. Thereby,
ing approach that leverages the long wavelength to oper-approaches can be grouped by input representation into
ate in a more specular scattering regime, enabling large-point-cloud approaches [62] and range—Doppler—azimuth
scale hidden-scene perception. We rst derive an X-band (RAD) waveform methods [11, 50, 52, 77]. Point-cloud
NLOS image-formation model that captures propagation, pipelines adapt 3D detection frameworks such as PointNets
re ection, and multipath effects speci c to this band. Then, [54] or PointPillars [71], often with temporal aggregation
we introduce a neural reconstruction method to improve re-[51], feature stacking [67], or graph modules [69] to cap-
construction delity and counteract the inherently low spa- ture spatiotemporal structure. However, radar point clouds
tial resolution of long-wavelength radar. Building on the are sparse and noisy, which can degrade feature complete-
image formation model, we develop a physics-informed ness and reconstruction quality. Uncompressed waveform
simulation method that integrates antenna design, materialimethods [11, 50, 84], in contrast, operate on dense spec-
dependent re ectance, and multi-bounce propagation for tral cubes across range, azimuth, and Doppler using 2D/3D
data generation and algorithm evaluation. We validate the CNNs [84]. Many employ multi-view fusion or attention to
method in simulation and with a large-aperture X-band pro- enhance feature extraction and detection [48]. Recent work



Table 1. Method comparison across modalities for NLOS imaging. [33, 61, 65, 73, 75, 79]. While UWB radars offer longer
Method Mod. Range Res. Pen. Obj. Amb. detection range, their limited angular resolution restricts
reconstruction to coarse localization by backpropagating

f-k [38] 532nm 3-6m 05° 7 (3) (3) X )
P-F[40] = 532n0m 35m 05 7 (3) 7 multi-bounce signals from known relay surfaces [9, 15, 80].
SOCR [42] 8 532nm 3-5m 05° 7 7 7 Combining 77 GHz radar with data-driven tracking sup-
LCT [49] S  675nm 3-6m  05° 7 7 ®) ports NLOS detection [61] and 3D reconstruction [31] in
Pueyo [53] 675nm 2-3m  05° 7 7 7 real-world, dynamic settings. However, their reconstruc-
Xu[e] y Somm odlm 10 7 (3 ;lons are ef_:lsnyddegradﬁd bylm_ultllpatrrl]mterferelnce ar?d Idlf-
LB T 39mm 911m 3° 7 (3) 3 use re ection due to the relatively short wavelength. In
Wei[73] £ 39mm 3Bm 3 7 (3 3 this work, we emp_loy 10 GHz radar and propose a I(_earned
- - neural reconstruction model to enhance both resolution and
Tang[68] g 15.8cm 9-1lm 10° -3 3 3 robustness, bridging the gap between physically grounded
Chen[9] 5 15.8cm9-11m 14.5° 3 3 3 . . .
radar modeling and data-driven inference.
Ours 3 3cm  40m 4> 3 3 3

Each criterion is fully 3, partially (3), or not 7 met. Meth., , 3. Image Formation

Res., Pen., Obj., and Amb. denote method, wavelength, angular ) .
resolution, penetration, object material independence, and robust- IN this section, we introduce the NLOS radar forward model

ness to ambient illumination, respectively. and derive X-band-speci c transport approximations that

) o . describe wave propagation and surface interactions. Build-
also addresses azimuth resolution limits and reconstructlor\ng on this foundation. we then introduce a coherent de-
quality [36]. Progress has been driven by public datasetseciion method and range—azimuth (RA) representation to

that provide scale and benchmarks [7, 44, 50, 55, 57] extract spatial information from the measured waveforms.
Nonetheless, all of the approaches described above are built

for direct line-of-sight imaging, while our work develops a 3.1. Radar NLOS Image Formation Model

radar perception model that allows us to reconstruct objectsThe NLOS Transport is illustrated in Fig. 3. We emit a
n OFCIUded areas angl prowdg an accgmpanymg datfiset. radar wave eld g from transmitter |, which re ects from the
Optical NLOS Imaging relies on time-resolved light relaywall R 3 with normal n at the pointw 2 and
transport to reconstruct hidden scenes from transient re ec- 1o ectivity  (w1). The re ected wave propagates into the
tions on visible relay _surfaqes. Early works demonstrated ;yqen region, interacts with an object O at the point o with
geomet_ry repon§truct|on using ultrafast streak cameras and ectivity o(0), and is then captured by the receiver s af-
pulsed '”“m,'”a“P” [1,7’ 19, 28, 72], fo_IIowed by SPAD- (o 4 second re ection at the pointm2  with re ectivity
based transient imaging systems that improved robustness (W5). Integrating over all feasible paths Lo;w)

[38, 41, 47, 78]. Sub_sequent inverse_ methods formu'ryields the received signal for transmit and receive steer-
lated NLOS reconstruction as a geometric optics—based o ing angles ; and , at time t, where ¢ denotes the wave

vyave-based problem, incl_uding backprqjection [.1, .19, _30], propagation speed
light transport deconvolution [49, 83], linear optimization

[21, 26, 41, 81], phasor- eld propagation [39, 40, 46, 60] 222

and deep learning [10, 18, 25, 45]. As summarized in ()= o F’t( t){ZB’( '2

Tab.1, bene ting from the short optical wavelength and di- " tdrx beam patterns

rectionality, optical NLOS methods can reach centimeter- (W) O{go) (WZ? f\(Wl' o;wzg
level 3D accuracy [38, 39, 46, 49, 74]. However, severe | oroce te cotancos et a{t; ton Q)
multi-bounce attenuation, assumptions on relay-surface re- LW 1:0: W)

ectance (often Lambertian), and sensitivity to ambient illu- g t —2272 gw,dodw;:
mination restrict practical use outdoors [30, 40, 63, 82, 83]. | {z c }

Even though long-range demonstrations have been reported path length constraint

using large-aperture telescopes [76], the wall-to-target dis-
tance is still limited by several meters.

Radar NLOS Imaging leverages the longer wavelength . o -
and strong penetration of microwave signals to perceivetOtal path Iengih IsL(w;o;wz) =T wy Flwio ¥ Tow, +
hidden objects beyond obstacles under natural illumina-""zs with y = ky Xk > and A(wy;0;w2) denotes the
tion [61], enabling long range NLOS applications. Exist- corresponding path attenuation.

ing research primarily focuses on two frequency regimes: Specular-Dominant Re ections of X-band radar wave-
ultra-wideband (UWB, 3-10 GHz) [9, 20, 34, 68] and lengths allow us to simplify the re ectance model. In de-
millimeter-wave (mmWave, 60-80 GHz, typically 77 GHz) tail, the general model in Eq. (1) collapses to a single-path

Here, B( )and B;( ;) denote the transmit and receive
beam patterns evaluated at wall pointg and w.. The



Figure 3. X-band NLOS Imaging. (a) An NLOS scenario is illustrated, where radar signals from hidden objects propagate via relay-wall

re ections before reaching the receiver. The measured range—azimuth map is processed in (b) by a dense prediction module that predicts
pixel-wise con dence and category maps for LOS and mirrored NLOS (mNLOS) responses. Finally, (c) uses a geometry-aware residual
reconstruction network that leverages re ection geometry between visible and hidden regions to recover accurate hidden targets.

integral. A wall behaves as a quasi-mirror that redirects the 3.2. Detection and Range-Azimuth Representation
transmitted eld around the corner, so the measurements ares r emitted signal g is a frequency modulated continu-
equivalent to those produced by a virtual scene behind a3us wave (FMCW) modeled as g(t) = exg(2 f ct +
transparent interface. Accordingly, the BRDF at the relay (B=T)t ?) , where £, B and T denote the carrier fre-

wall can be approximated by a specular kernel such that guency, sweep bandwidth and chirp duration, respectively.
Wi) W 1) (r wyo Nrow,): 2 To extract the true object position, we multiply the received

Through the Dirac-delta constraint, the integral in (1) Signal ( «; r;1) by the conjugate of the transmitted wave-

collapses to the specular re ection point§w 2, yielding formto perfor_m a dechirping op_eratlon, and the su_bsequent
z low-pass Itering removes the high-frequency carrier term,

(ot w )W B 1)Bi( ) yielding the baseband coherent signal
° 3)
AW 7iow3) o(0)g t HHEMZ do: m( o )=LPFF( ¢ ;g (09
Z
Further, the path loss A changes from the general form . , o
introduced above. Let; andr, denote the propagation / OOW(OO) exp j(2f p(O)t+'(0 9 do)
ranges from the transmitter to the object and from that point (6)

to the receiver, respectively. For specular or corner re ec- where
tions, the wall/edge redirects the incident wavefrontwithout W (0% = B (0% ()B, (0% ;)40 9 A(0% ~o(09):;
re-radiating energy diffusely; the two bounces are equiva-

lent to a single free-space hop of total length+ r ;. By is the complex amplitude of the re ected path; LPFf g de-
spherical propagation, the received power therefore scalesiotes low-pass ltering; ‘(0% is the residual phase term;
as the inverse square of this effective range, that is fp(0Y) is the beat frequency that encodes the target's round-
1 trip delay L%09. This operation converts the time delay
AW 1;0;w2) = m5 4 into a measurable frequency shift, allowing the range infor-

mation to be directly recovered from the spectrum of the
baseband signal. By electronically steering the antenna ar-
ray across transmit and receive angles, the system samples
m( ¢; r;t) over multiple directions, thereby forming the
Range-Azimuth representation of the scene.

Scene Symmetry allows us to further rewrite the integral to
simplify the search for W; w3. Under specular re ection,
the wall acts as a mirror and maps a scene object O to its
virtual counterpart Gthrough the re ection operator R
This yields the %ompact form

(b Bi( 0)Br( 1) 4. Neural Reconstruction
OD

L% ®) Due to the relatively long wavelength, X-band radar mea-
0 YA0) o ((Yg t =+ do’ surements suffer from low angular resolution, see Fig. 3.



This makes extracting precise RA information challeng- [0;1'W 2  with Gaussian kernels centered at ground-
ing. Our neural reconstruction method addresses this bytruth peak locations. The focal loss emphasizes hard ex-
rst locating each target as a dense prediction. This enablesamples while suppressing background measurements

our approach to effectively upsample the angular resolution 8
while classifying each point as LOS or mNLOS re ection. X 3 (1 c xyk) 10g(Cyk ); Yayk =1,
Then, the NLOS targets are mapped to their correct Carte- L heat= 1 1y
sian positions via a geometry-aware reconstruction module. N xyk 2 ( xyk ) (Cayk ) _
) A log(1 ¢ wyk); otherwise;
4.1. Feature Extraction and Geometry-aware Re- ®)
covery where = 2 and = 4 are focusing parameters, N is

Our neural reconstruction approach processes the complexthe total number of ground truth peaks, angkcand Yy«
valued RA measurements 2 &W with a transformer-  denote the predicted con dence and target heatmap value at
based encoder-decoder backbone that models long-rangocation (x;y) for class k, respectively.
spatial dependencies. The backbone follows the Swin-UNet ~ The geometry-aware module is supervised using,an -
design [8] to extract both local geometric details and global 10ss on the predicted residual corrections
contextual information necessary for precise peak localiza-
tion. The nal decoded feature map is projected through a Lo = 1 X o
linear layer to a two-channel tensor, followed by element- UK
wise Sigmoid activation to produce a dense con dence map =
c 2 [0;1]"W2 | Each channel encodes the pixel-wise
probability of a location corresponding to a LOS point w or
mNLOS re ection &, respectively. This generates precise
range-angle estimates for detected peaks while also effec
tively classifying them.

The geometry-aware reconstruction head takes the de-
tected LOS and mNLOS points and explicitly encodes the
physical re ection geometry between visible and hidden re-

gions. Each mNLOS pointis rstanchored to its most plau- e train our model on simulated data and evaluate it on both

sible LOS cluster by geometric angle consistency, then a lo-synthetic scenes with ground truth (Sec. 5.1) and real-world
cal relay wall is formed via clustering. The normal of the re- measurements with a X-band radar (Sec. 5.2).

lay wall is estimated by line tting. Since LOS samples are _ o
often sparsely distributed, analytic normal estimation gener-5.1. Synthetic Validation
ates noisy normal estimates. To address this, the geometrys 1 1 simulation

aware module predicts a residual correction that re nes the . . . ;
analytic mirror re ection. For each detected mNLOS point Ou_r S|m_ulat|on method IS an end-to-e_nd radar 5|mu|atqrthat
00, the hidden point o is reconstructed by combining the _bunds dlrectly_upon_the Image forme_mon model established
geometric re ection with a learned residual in Sec._S. pnllke prior signal-level smulgtors [14, 64], our .
simulation integrates antenna array design, electromagnetic
0=R (©%+0 = 0°2(n o%+b)n +0 ; (7) eld modeling, scene rendering, and ray-based propagation
to generate realistic RA-maps, as illustrated in Fig. 4. We
where n is the normal of the relay wall, b is the line off- begin by physically modeling the radar antenna array, in-
set, and o is predicted using attention-based aggrega- corporating 3D radiation patterns, element coupling effects,
tion of neighboring points on the relay wall. This allows and precise spatial geometry to faithfully replicate the sen-
the geometry-aware reconstruction head to correct systemsor's electromagnetic behavior. Wave interactions with di-
atic deviations caused by wall curvature and other non-verse materials are then simulated using a Finite-Difference
idealities, achieving accurate and interpretable reconstruc-Time-Domain (FDTD) solver, which determines re ection
tion of hidden objects even under sparse radar measureeoef cients and propagation losses. Realistic materials and
ments. Additional details about the neural reconstruction scene geometry are extracted through a 3D computer graph-
approach in general are provided in the Supp. Sec. 3.1.  ics engine (Unreal Engine). A dedicated ray tracer models
multi-path propagation by integrating antenna simulation
and material parameters. Finally, the simulated RF signals
We pretrain the dense model using Gaussian heatmaps andndergo coherent detection to produce RA data for train-
a focal loss [86]. For each re ection class k 2 f1 = ing and validation. Speci cally, we synthesize a dataset of
LOS;2 = mNLOSg, we generate target heatmaps Y 2 2,160 RA maps with ground truth spanning diverse urban,

O o0 80 ()

where d” is the ground truth hidden poinddkom is the

analytic mirror re ection, and o? isthe predicted resid-
ual. This approach enforces geometric consistency while
allowing the network to learn corrections for non-ideal re-
ections. See Supp. Secs. 3.2-3.4 for detalils.

5. Assessment

4.2. Training



Figure 4. Radar Prototype and Simulation Method. The prototype system integrates an X-band radar (zoom-in view on the left), a
camera, and a LiDAR sensor that provides ground-truth supervision. To accurately model the X-band radar sensing process, we simulate
the complete RF signal chain using antenna radiation pattern synthesis, electromagnetic wave propagation, and multi-path ray tracing.

Figure 5. Cross-Modality NLOS Comparison. The rst column shows the scene and a zoomed-in view, where the FOV and NLOS
objects are marked in light orange and light yellow, respectively. The remaining columns present the raw measurements (top), intensity or
dense prediction (middle), and NLOS reconstructions (bottom) of SPAD-LIDAR, 77 GHz and 10 GHz radar.

parking, and residential environments. Additional details  Fig. 5 presents the reconstruction results for the three

on the simulator are provided in the Supp. Sec. 2.1. modalities, highlighting the critical role of wavelength. The
_ o SPAD LIiDAR, operating at the shortest wavelength, can
5.1.2. Cross-Modality Validation only reconstruct nearby objects, failing to capture distant

To assess the benet of long wavelengths for NLOS re- NLOS regions. The 77 GHz radar, with a longer wave-
covery in simulation, we compare the imaging perfor- length, shows improved penetration for longer-range LOS
mance of three sensing modalities: a SPAD-based LiDAR detection but remains limited in NLOS regions due to dif-
[38, 41, 47, 78] operating at 850 nm wavelength, a 77 GHz fuse re ections from most surfaces. In contrast, the pro-
radar ( = 3:9 mm) [61], and an X-band radar ( = 3 cm posed X-band radar makes identical surfaces act more spec-
). For a fair comparison, all modalities are simulated with a ular, enabling roughly a 10x longer NLOS reconstruction
total transmit power of 1.6 mW. Sensor details are provided range than optical systems under the same transmit power.
in the Supp. Sec. 2.2. The distinct modalities require differ- o

ent reconstruction algorithms: for SPAD data, we use f—k °-1-3: Validation of Recovery Method

migration [38] and LCT [49], whereas for radar inputs we To validate the effectiveness of our neural reconstruction
use the proposed method. approach, we compare it against three radar reconstruction



Method Fl[]“Dense Pfedictigg o Reconstruction Than CFAR's per-cell binary supervision struggles with
- m

Macio] LOS[mNLOS| Wacro] Los [miLos| 11 P peaks spanning multiple cells, and RTN's object-detection
Simulation fails to reconstruct areas with closely-spaced peaks.
NLOSCFAR[61] | 023 - - | 686 - - | 003 207 The geometry-aware reconstruction is validated in
Furher anCrARES 041 052 031|550 475 6z | 0as 18 1o 2 Whereitimprovesthe F1 score by 55.6%and reduces
Proposed + UNet[59]| 0.67 0.73 0.61| 44.0 430 449 | 027 119 the CD by 65.3% over the next best baseline. As shown
Proposed wio residual 0.85 0.88 082 | 17.3 116 230 | 040 9.2 in Fig. 6 (last column), this enables the correct reconstruc-
Proposed 0.85 0.88 0.82 173 116 23.0 0.45 8.2

tion of NLOS points from vehicles in crossroad scenarios
that are outside the FoV. This improved performance stems

Real

NLOS-CFAR [61] 0.21 - - 42.8 - - 0.01 36.4 . .
RTN[50] 017 023 012 | 2560 1259 3861 0.06 276 from our residual formulation of the geometry reconstruc-
Further Than CFAR[58] 0.30 0.34 0.27 [ 1427 342 2512| 0.18 217 tion (Eq. (7)). The incorporated geometrical prior facilitates
Proposed 047 042 052 374 202 546 0.20 243

learning as con rmed by the ablation experiments in Tab. 2.

Table 2. Quantitative Reconstruction Results. We evaluate 5.1.4. Validation of Challenging Scenarios

dense prediction (separate LOS and mNLOS classes) and NLOSpje further evaluate challenging propagation effects at X-

reconstructhn on simulated and real dgta. —'indicates that CFAR band, including beam splitting at corners and curved relay
cannot classify peaks. Our reconstruction method compares favor—WaIIS Beam splitting introduces multiole bronagation paths
ably to all baselines, and two ablations isolate the contributions of ) P 9 pie propag P

the Swin-UNet backbone and the residual formulation. and mixed returns, while curvature causes deviations from
ideal specular re ection. Our geometry-aware reconstruc-
tion jointly leverages local geometry and global context to
handle these effects, enabling accurate reconstruction. Ad-
ditional details and reconstruction results are provided in
the Supp. Sec. 4.2.

methods. The Constant False Alarm Rate (CFAR) detec-
tor, extended by Scheiner et al. [61] for NLOS recovery by

assuming a known relay wall position, is employed as a re-
cent radar NLOS baseline. Furthermore, it is benchmarked5.2. Experimental Validation
against two learned baselines: “Further Than CFAR” [58],
which predicts heatmaps similar to our approach, and RTN
[50], which we adapt from its original object detection pur-

Prototype We evaluate the proposed method experimen-
tally with a custom X-band radar platform, as shown in
. Fig. 4. Our prototype is an FPGA-based RF System that
pose to p.erform LOS/NLOS recovery. Further details are integrates waveform generation, signal transmission, recep-
available in the Supp. Sec. 4.1. tion, and digital signal processing. The FMCW-modulated
We evaluate performance separately for the dense preyadar signal is sampled and up-converted before being
diction and geometric reconstruction tasks, using Chamfergent to the antenna control board for beam steering. The
Distance (CD) and F1 score. Dense prediction is assesse¢ansceiver module controls beam steering across the 4 8
on the initial, un-mapped point clouds containing LOS or x-pand antenna array, while the received echo signals are
mMNLOS points, evaluating the methods" ability to localize gown-converted and sampled by the FPGA. We collected
peaks and classify them correctly. The nal reconstruction 3122 outdoor radar RA frames across 15 different scenes un-
quality is then measured on the complete point cloud after ger varying environmental conditions. The radar wavefront
re ecting mNLOS points to their real positions using the s captured simultaneously with LIDAR point clouds and
geometric reconstruction described in Sec. 4.1. ego-view images. More prototype and data acquisition de-
As reported in Tab. 2, our method outperforms all base- tails are provided in the Supp. Sec. 1.
lines on simulated data. For dense prediction, it exceedsEvaluation As shown in Fig. 7, we evaluate the proposed
the next-best baseline (RTN) by 32.9% in Macro-F1 (mean method in multiple common NLOS scenarios during both
of LOS and mNLOS-F1) score. The qualitative results daytime and nighttime. These experiments include different
in Fig. 6 show that the baselines struggle to accuratelytypes of NLOS objects, such as cars and bicycles, as well
detect low-SNR peaks in the radar data (see zoom-ins).as various relay-wall surfaces, including building facades,
Our approach improves in the following two ways: rst, walls, and containers. The proposed method accurately re-
the employed Swin-UNet's transformer backbone capturesconstructs objects located in hidden regions; as shown in
scene-wide features essential for LOS and mNLOS distinc-the rst row, we detect NLOS cars at ranges of 40 m, cor-
tion, unlike the baselines' convolutional architecture. This responding to an 80 m round-trip path. Note that during
is con rmed by the ablation in Tab. 2, where the perfor- nighttime, camera perception is challenging even in the line
mance reduces by 21.2% Macro-F1 score, when replacingof sight. Quantitative experimental comparisons of NLOS
the Swin-UNet with a regular UNet. Second, our Gaussian recovery compared to baseline methods are reported in Ta-
heatmap supervision (Eg. (8)) effectively captures the broadble 2, where our method achieves the best F1 score, con-
peaks characteristic of X-band radar. In contrast, Further rming its favorable accuracy and robustness. The Further-
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