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Figure 1. RISE is the first single-radar system for object-level indoor scene understanding. Under standard millimeter-wave (mmWave)
sensing (a.1), the radar directly observes only a small portion of the environment, producing sparse visible regions (a.2) due to strong
specular reflections. To overcome this limitation, RISE performs multipath inversion (b.1) to exploit indirect reflections and recover
surfaces that are not directly visible. Combined with our geometry-aware reconstruction pipeline, RISE enables accurate and complete

indoor layout reconstruction and object detection (b.2).

Abstract

Robust and privacy-preserving indoor scene understanding
remains a fundamental open problem. While optical sensors
such as RGB and LiDAR offer high spatial fidelity, they suf-
fer from severe occlusions and introduce privacy risks in in-
door environments. In contrast, millimeter-wave (mmWave)
radar preserves privacy and penetrates obstacles, but its
inherently low spatial resolution makes reliable geometric
reasoning difficult. We introduce RISE, the first benchmark
and system for single-static-radar indoor scene understand-
ing, jointly targeting layout reconstruction and object de-
tection. RISE is built upon the key insight that multipath
reflections—traditionally treated as noise—encode rich ge-
ometric cues. To exploit this, we propose a Bi-Angular Mul-
tipath Enhancement that explicitly models Angle-of-Arrival
and Angle-of-Departure to recover secondary (ghost) re-
flections and reveal invisible structures. On top of these
enhanced observations, a simulation-to-reality Hierarchi-
cal Diffusion framework transforms fragmented radar re-
sponses into complete layouts reconstruction and object de-
tection. Our benchmark contains 50,000 frames collected
across 100 real indoor trajectories, forming the first large-
scale dataset dedicated to single, static, radar-based in-
door scene understanding. Extensive experiments show that
RISE reduces the Chamfer Distance by 60% (down to 16

cm) compared to the state of the art in mmWave layout
reconstruction, and delivers the first mmWave-based ob-
ject detection, achieving 58% IloU. These results establish
RISE as a new foundation for geometry-aware and privacy-
preserving indoor scene understanding using a single static
radar.

1. Introduction

Indoor scene understanding has long been a fundamen-
tal research problem in the vision community, with wide-
ranging applications in smart homes [71], virtual reality
(VR) [48], and augmented reality (AR) [72]. Classical ap-
proaches to this problem rely on optical sensors such as
RGB cameras and LiDAR, which suffer from visual oc-
clusions since they cannot image through common obstruc-
tions like walls or objects [60, 79] and also raise privacy
concerns in smart home and corporate environments [39].
To overcome these challenges, researchers have recently
started investigating the use of wireless signals — like WiFi
or millimeter-waves (mmWaves) — for indoor scene re-
construction since such signals can penetrate everyday oc-
clusions and are much less privacy intrusive than cam-
eras [3,4, 13, 15-17, 25,37, 51, 78, 81]. Despite promising
early results, existing wireless solutions either suffer from
low resolution — providing only limited patches of the sur-
rounding environment — or require mounting the wireless
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Figure 2. Multipath-induced Gheosts: Figure (a) illustrates the
scenario in which ghost points appear. Figure (b) presents the cor-
responding XY heatmap generated by the radar.

sensor on a mobile robot to scan the environment — which
increases deployment overhead, making them less desir-
able [7, 23, 30, 33, 34, 41, 44, 61, 64, 68, 80, 83].

In this paper, we ask the following question: Can we
use a single static mmWave wireless device to enable accu-
rate indoor scene understanding? A positive answer would
enable leveraging a typical wireless setup — such as an ex-
isting access point or wireless router already deployed in
smart homes — for this purpose. A main challenge to en-
able indoor layout reconstruction via static mmWave sens-
ing is specularity [55]. Unlike optical sensors that cap-
ture diffuse reflections, mmWave signals primarily undergo
mirror-like (specular) reflections (Fig.1(a.1)), resulting in
only a limited visible region (Fig.1(a.2)). This means that
when the sensor transmits a signal toward a surface, such
as a wall, the signal reflects away at an angle rather than
scattering in all directions. If the reflected signals do not
return back to the sensor, the surface remains undetected
Fig. 1 (a.2), leading to incomplete and ambiguous recon-
structions [14, 21, 22, 27, 29, 35, 65, 67, 76].

To overcome this challenge, we introduce RISE, a novel
benchmark and system that leverages human mobility to en-
able layout reconstruction and object detection using a sin-
gle static mmWave sensor. When a person moves within the
environment, their presence introduces multipath effects,
where mmWave wireless signals undergo secondary reflec-
tions' before reaching the receiver, as in Fig.1 (b.1). To un-
derstand this better, let’s consider a simple scenario shown
in Fig.2. In addition to direct reflections from humans, the
radar can also capture signals from higher-order reflection
paths (e.g. path 1: radar — reflector — human — radar, and
path 2: radar — human — reflector — radar.). These signals
create multipath ghost targets that move in sync with the hu-
man (Ghost 1 and Ghost 2 in Fig.2) [26, 28, 36, 38, 42, 62].
While these multipath ghosts are traditionally treated as a
noise source [32, 50], we exploit their geometric properties
to infer environmental structures. By analyzing the tem-
poral evolution of multipath reflections, RISE estimates a
rich set of reflectors (blue dots in Fig.1(b.2)) that encode

IThese are in addition to the direct reflections described earlier

information about the surrounding layout. RISE then en-
hances this reconstruction through a hierarchical diffusion-
based optimization model [8, 10, 12, 24, 58], filling in the
missing details and generating the final reconstruction out-
put (red line in Fig.1(b.2)). Contributions:

* A new benchmark for radar-based indoor scene un-
derstanding. We collect the first labeled dataset and sys-
tem for indoor layout understanding using only a single
static mmWave radar. This dataset provides annotations
for structural layouts and object detection, enabling sys-
tematic study of radar perception for spatial reasoning.

¢ A Bi-Angular Multipath Enhancement (BAME) mod-
ule. We introduce a novel signal enhancement technique
that exploits the angular diversity of multipath reflections
to reveal “ghost” signals corresponding to occluded walls
and structures. The BAME module significantly amplifies
these weak yet geometrically meaningful signals, offering
a strong initial prior for layout reasoning.

e A Simulation-to-Reality Hierarchical Diffusion
(SRHD). To achieve complete scene interpreta-
tion—including both wall layout reconstruction and
object detection—we develop a radar simulation engine
and train a diffusion-based generative model upon
it. This approach bridges the gap between synthetic
multipath radar signals and real-world measurements,
substantially improving the completeness and accuracy
of indoor layout recovery.

To rigorously evaluate our approach, we deploy the
proposed system on a TT MMWCAS-RF-EVM Cascade
mmWave radar and collect over 100 real-world trajecto-
ries encompassing approximately 50,000 frames. Quan-
titatively, RISE achieves a mean Chamfer distance of 16
cm for wall-layout reconstruction and an IoU of 58 % for
furniture detection—compared to the state-of-the-art base-
line [9], which attains only 40 cm Chamfer error and lacks
furniture detection capability. These results establish RISE
as the first comprehensive framework for mmWave-based
indoor scene reconstruction, marking significant qualitative
and quantitative advances in radar layout understanding.

2. Related Work

2.1. Optical-Based Scene Understanding

Optical methods, including RGB cameras, LiDAR, and
their fusion, have been extensively used for scene under-
standing. Recent RGB-based approaches enable accurate
object recognition [6, 19, 40, 43, 57] and semantic segmen-
tation [31, 46, 59, 82] with the help of deep learning, while
LiDAR-based methods provide precise depth information
for 3D understanding [11, 52, 53, 66, 70, 84-86]. Combin-
ing RGB and LiDAR enhances spatial and semantic under-
standing, benefiting applications such as robotics and aug-
mented reality [2, 18,45, 69, 87]. Other optical-based meth-
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Figure 3. Pipeline. Given a sequence of mmWave signals, RISE first applies the Bi-Angular Multipath Enhancement (BAME) module
to each frame to recover previously suppressed ghost paths. These enhanced observations are then processed by our multipath inversion
module to estimate the underlying reflector geometry for every frame. By aggregating reflector estimates across the entire trajectory,
RISE forms an initial, geometry-aware layout hypothesis. This coarse reconstruction is subsequently refined by our Sim2Real Hierarchical
Diffusion (SRHD) model, which transforms fragmented radar observations into complete wall layouts and object masks.

ods rely on ambient lighting [63] or laser [5] to reconstruct
the scene around the corner. However, all optical methods
share limitations, including privacy concerns and occlusion
challenges [39, 60, 79].

2.2. Wireless Signal-Based Scene Understanding

Past research utilizing wireless signals for scene recon-
struction can be broadly categorized into two approaches.
The first approach leverages Wi-Fi signals, where the sys-
tem reconstructs the environment by analyzing reflections
captured from multiple vantage points [75, 80]. How-
ever, these approaches either suffer from low resolution or
have deployment overhead. The second category relies on
mmWave signals, where a mmWave radar is mounted on a
mobile agent (i.e. robot) to actively scan the environment
and perform reconstruction [20, 47, 49, 54, 56, 73, 74, T7].
While this approach has proven effective in providing ac-
curate scene reconstruction, the requirement for having a
mobile radar restricts its applicability. Recent work has
demonstrated the possibility of using a static mmWave radar
and multipath for layout reconstruction [9]. However, this
method has limitations in fully reconstructing the scene due
to blind spots in its field of view and inconsistencies in
ghost visibility. Moreover, it is primarily effective for re-
constructing large surfaces, such as walls, while lacking the
ability to identify or differentiate smaller objects like furni-
ture. In contrast, RISE addresses these challenges by lever-
aging a Bi-Angular Multipath Enhancement module and
a Sim2Real Hierarchical Diffusion framework, effectively
mitigating blind spot and ghost visibility issues. Addition-
ally, RISE extends reconstruction capabilities beyond walls,
enabling the detection of smaller objects within the scene.

3. Benchmark

Dataset Collection. To enable standardized evaluation
and comparison, we establish the RISE-Indoor Bench-
mark, the first dataset dedicated to indoor scene under-
standing using a single static mmWave radar. All data
was collected using a TI MMWCAS-RF-EVM Cascade
mmWave sensor deployed at a fixed height of 1.2m, syn-
chronized with an Intel Realsense depth camera for ground-
truth capture. The benchmark contains over 100 human
motion trajectories, each approximately 30s long, result-
ing in 50,000 radar frames at 20 Hz. Data were gathered
across 11 diverse indoor environments—including of-
fices, corridors, laboratories, and furnished living rooms—
under varying furniture arrangements and wall geometries.
To ensure coverage diversity, five volunteers walked along
random trajectories, producing rich multipath reflections
from multiple incidence and reflection angles.

Annotation Protocol. Each radar frame is temporally
aligned with its corresponding depth frame via extrinsic cal-
ibration and manual verification. We provide two levels
of annotation: (i) Structural Layout Annotations. Wall
boundaries and room contours are manually labeled on top-
down projections of the depth data and cross-checked with
physical floor-plan measurements. Each frame therefore in-
cludes a ground-truth layout polygon representing the wall
geometry. (ii) Object Annotations. Items such as tables,
cabinets, and sofas are annotated as axis-aligned bounding
boxes in the same 2D coordinate system. These annotations
serve as reference for the object detection.

Evaluation Metrics. The benchmark defines two primary
tasks: layout reconstruction and object detection. Layout
Reconstruction. We report: Chamfer Distance between
predicted and ground-truth wall points, reflecting geomet-
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ric accuracy. Fl-score at a 15cm tolerance threshold to
measure boundary completeness. Object Detection. We
use: Intersection-over-Union(IoU) between predicted and
ground-truth bounding boxes. Dice Coefficient to quantify
segmentation consistency.

4. Methodology

In this paper, we introduce RISE, a novel system that
leverages mmWave multipath reflections for accurate in-
door layout reconstruction and furniture detection. Sec-
tion 4.1 introduces the preliminary concepts underlying our
approach. Section 4.2 provides a detailed geometric anal-
ysis for multipath-based layout understanding. Section 4.3
investigates the visibility inconsistency of multipath ghosts
and proposes the Bi-Angular Multipath Enhancement
(BAME) module to enhance ghost signal observability. Fi-
nally, Section 4.4 presents a Sim2Real Hierarchical Diffu-
sion (SRHD), which generates synthetic training data and
employs a hierarchical diffusion model to reconstruct accu-
rate indoor layouts and detect furniture from radar observa-
tions. The whole pipeline is shown in Fig. 3.

4.1. Preliminaries

RF Signal. An RF signal’s phase depends on travel dis-
tance; sampling captures its amplitude and phase [1]. The
sampled signal is

s = Ae 7%m"/A (1)

where r is the traveled distance, ) is the wavelength, and A
is the amplitude.

Angle Estimation. For an N-element antenna array, the
received signal power from direction # can be estimated as:

N
P(e) — Z snejQﬂ'(ndcos 0)/X 2)
n=1

where s,, is the received signal at the n-th antenna, d is the
spacing between antennas, and A\ is the wavelength [1]. In
practice we use the standard sum-of-phasors/beamforming
formulation (Eq. 2) to build range—angle heatmaps which
serve as the primary observation for ghost identification and
later geometric inference.

4.2. Multipath Inversion

Ghost Target Formation and Identification. As shown
in Fig. 4, when a static radar sensor S observes a mov-
ing human target H, additional reflections—ghost tar-
gets—appear due to multipath propagation. We fo-
cus on the first- and second-order ghosts, denoted as
G (following s — ¢; — h — ), G| (following s — h —
¢1 — s),Gq(following s - h — ¢, — h — s) and
G4 (following s — ¢ — h — ¢1 — s), corresponding
to two- and three-bounce reflections [68]. Given the rapid

Figure 4. Multipth Inversion. Geometric relationships between
ghost targets and reflectors.

attenuation of higher-order paths, only these four ghosts are
considered. Their visibility in the range—angle map depends
on scene geometry and signal processing.

We begin by using the Constant False Alarm Rate
(CFAR) detection method, followed by RANSAC clus-
tering to identify several high power regions (’clusters”)
within the mmWave image. Then, we can identify which of
these clusters correspond to different ghost targets in four
steps: H: select clusters with m; > 7max(m;) where m;
is the received magnitude of the i" cluster and choose the
one with the smallest range. G1: same direction as H but
slightly larger range. G|: same range as (G; but different
direction. GY: larger range than G and aligned with 55’1
Two points are considered identical if their range difference
is below 15 cm or angular difference below 15°, consistent
with real-world spatial resolution. Detailed thresholds and
pseudocode are provided in the Appendix.

Reflector Point Estimation. The reflector point corre-
sponding to G| can be estimated as:

- 2|sgi|* — 2|sg1|shl 3)
2|sg}| — |sh] cos(85 — 03) — |sh|

The proof can be found in the appendix. We first apply
a Gaussian Mixture Model (GMM) to group the estimated
reflector points into spatially coherent clusters, and then use
RANSAC line fitting to infer the dominant line structure.

4.3. Bi-Angular Multipath Enhancement (BAME)

Accurately identifying ghost targets is essential for recon-
structing reliable reflector geometry. However, during ex-
periments, we found that ghost visibility changes drasti-
cally across frames, as shown in Fig. 5(a). To increase the
ghost detection capability, we propose algorithm named Bi-
Angular Multipath Enhancement (BAME).

Motivation. The main reason lies in the difference
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Figure 5. Bi-Angular Multipath Enhancement (BAME). Fig-
ure (a.1) shows a case where the ghost targets can be recovered us-
ing conventional beamforming, and Fig. (a.2) shows a case where
the ghost target G} cannot be recovered using conventional beam-
forming. Figure (b) illustrates the corresponding AOA-AQOD re-
sponse at the range of the ghost targets G} and G1. Notably, G
disappears in the standard range—angle map (Fig. (a.2)) because its
AOA and AOD are not aligned with the diagonal, causing it to be
suppressed by the AOA = AOD assumption.

between the Angle of Arrival (AOA) and Angle of De-
parture (AOD) of the reflected paths. For example, as
shown in Fig. 4, ghost G} has AOA = 65 and AOD =
05. This asymmetry is crucial because most conventional
radar beamforming formulations (Eq. 2) implicitly assume
AOA = AOD, causing reflections with mismatched AOA
and AOD—such as G| —to be suppressed or disappear.

Mathematical insight. If we separate the processing of
AOA and AOD information, we obtain a more general for-
mulation to find the received power at a given AOA, 004,
AOD, 6a0p, and range, r:

S(0a0a, baop,7) =

N,. Ny
2 E Sikr ej27r(k:dt cos Oaop) /A ej27r(id,, cos 9A0A)/)\'

i=1 \k=1

“)
where N,. and N; are the number of receivers and transmit-
ters, and d,. and d; are the spacing between successive re-
ceivers and transmitters, respectively. s;x, is the signal from
the k' transmitter to the i'" receiver, at a fixed range r (after
an FFT along the range dimension). Here, the inner summa-
tion encodes the AOD contribution and the outer summation
represents the AOA component. The corresponding 2D re-
sponse map (at a fixed range r) is illustrated in Fig. 5(b).
However, in standard MIMO radar processing, the receiver
and transmitter indices {r;}2", and {¢; }jvz’l are combined

into a single “virtual array” index, such that Eq. 2 becomes:

N, Ny
5(97 T) _ Z Z Sikr €j27r(d,,,i+dtk:) cos 9/)\' 5)
i=1 k=1

This formulation implicitly merges AOA and AOD into a

single equivalent angular dimension, effectively assuming

AOA =~ AOD. While this simplification is adequate for di-

rect reflections, it suppresses multipath components where

the two angles differ. Thus, first-order ghosts such as Gj—
which possess distinct AOA and AOD values—are partially
or completely invisible in the resulting range—angle map.

Empirical observation. As illustrated in Fig. 5(a), ghost
G is visible in frame ¢ but disappears in frame t+1. In
frame ¢, both Gy and G} lie along the diagonal of the
Range—-AOA-AOD map (left of Fig. 5(b)), making them
detectable. However, in frame ¢+1, only G; remains on
the diagonal, while G shifts off-diagonal and consequently
vanishes from the range—angle response (right of Fig. 5(b)).
This temporal inconsistency demonstrates that conventional
diagonal-only beamforming fails to capture multipath com-
ponents with distinct AOA—-AQOD pairs.

Proposed Method. To overcome the above limita-
tion, we introduce Bi-Angular Multipath Enhancement
(BAME), a two-angle radar processing pipeline that mod-
els both AOA and AOD dimensions. BAME reconstructs
the full Range—AOA—AOD cube through the follows:

1. Range FFT: Perform a fast Fourier transform along the
range dimension to obtain the distance spectrum.

2. Bi-Angular Beamforming: Apply Eq. 4 separately to
receiver and transmitter dimensions to compute indepen-
dent AOA and AOD responses.

3. 3D CFAR Detection: Detect high-energy clusters
within the Range-AOA-AOD cube using a three-
dimensional CFAR filter.

4. Ghost Reintegration: For clusters exhibiting distinct
AOA and AOD values, reinsert them into the range—
angle map as valid ghost reflections.

Effect. This bi-angular formulation recovers the missing
off-diagonal reflections that conventional processing sup-
presses, enabling consistent detection of both G and GY.
Consequently, the reconstructed range—angle map becomes
more complete and geometrically faithful, forming a robust
foundation for subsequent layout reconstruction.

4.4. Sim2Real Hierarchical Diffusion (SRHD)

Using the outputs of the Bi-Angular Multipath Enhance-
ment (BAME) and Multipath Inversion modules, we ob-
tain an initial reconstruction of the indoor layout. While
this estimate captures the coarse spatial structure, it re-
mains fragmented—comprising disjoint line segments that
fail to form continuous walls or provide reliable object de-
tection. Inspired by the strong reasoning capability of mod-
ern diffusion-based generative models across vision and
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Figure 6. Sim2Real Hierarchical Diffusion (SRHD). In the first
stage, RISE predicts the furniture-based segmentation map. In the
second stage, RISE estimates the layout-based segmentation map.

3D perception, RISE introduces a geometry-aware diffu-
sion framework that bridges the gap between fragmented
radar observations and complete indoor layout reconstruc-
tion. However, training such a model requires a large cor-
pus of radar-to-layout correspondences, which is unavail-
able due to the novelty of this sensing modality. To over-
come this data scarcity, we design a high-fidelity layout
simulation engine and a hierarchical diffusion architec-
ture that jointly enable robust, geometry-consistent recon-
struction from partial and noisy radar observations.

Layout Simulation Engine. We construct a simulator
based on a corpus of 35,000 real-world indoor floor plans.
Each layout is first converted into a 2D structural skeleton,
and a virtual radar sensor is randomly placed at arbitrary
positions and orientations. Multiple rays are then emit-
ted from the radar, and only the first intersection point per
ray is retained, simulating the physical propagation prop-
erty of mmWave signals—where only the nearest surface
contributes to the reflection. To emulate real-world multi-
path interactions, we insert /N randomly positioned bound-
ing boxes as objects and select one reflective line segment
per box to model stochastic material-dependent scattering.

Data Augmentation. To enhance generalization from
simulation to reality, we apply three augmentation strategies
(Fig. 11 Appendix.) that inject structural noise:
¢ Random Missing. Randomly remove line segments

within selected angular intervals Oy, to simulate oc-
cluded or incomplete radar coverage.
* Random Rotation. Rotate all foreground pixels (z,, y;)

within a chosen angular range O, by angle «; around the
radar’s center (Z, yc):

z,| _ |cosa; —sinoyl| [z, — Te 6
2 I , + - (6)
Yp sina;  cosay | |Yp — Ve Ye
This augmentation mimics sensor pose errors and small
orientation drifts.

* Random Scaling. Scale each foreground pixel (x;,y;)
radially relative to the radar position (., y,.) by arandom

factor a;.
yp y’l‘ yp y7 ’

which simulates depth uncertainty and propagation delay
variations.
These augmentations improve robustness by exposing the
model to spatial noise and non-ideal radar conditions.
Hierarchical Diffusion Model. With the augmented
dataset, we train a two-stage diffusion model (Fig. 6) that
reconstructs both semantic and geometric completeness:
* Stage 1: Object Detection. Given a partial observation
O, the first diffusion model f; predicts a binary object
detection map X, € {0, 1}1>W:

Xy = f1(0, X1000; 01), (¥

where X0 denotes Gaussian noise. This step provides
semantic priors that guide reasoning in the next stage.

¢ Stage 2: Wall Structure Prediction. The second model
fo takes both O and X;ggg as inputs to reconstruct the
full wall configuration Y 1¢q0:

Yo = f2(0, Y1000, Xo0; 02). 9

A channel-attention fusion module integrates geometric
and semantic cues, enforcing spatial coherence.

Spatial Consistency Optimization. During inference,
we further refine the latent noise variables X g9 and Y1ggg
using an overlap-based optimization that enforces plausibil-
ity between human motion and generated structures:

Loverlap = E

(zt,y:)ET

(19 € W+ B(arme) € B,

(10)
where 7 denotes the trajectory of human motion, and W
and B represent wall and object masks, respectively. Here,
1[-] is the indicator function that equals 1 if a trajectory
point collides with an obstacle and 0 otherwise. Minimizing
Loverlap iteratively adjusts the latent noise inputs, eliminat-
ing wall-trajectory and object—trajectory intersections. This
reverse optimization ensures that the final reconstruction is
physically valid—walls remain static and non-penetrable,
while human trajectories traverse only feasible free-space
regions. A discussion is presented in our Appendix.
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method Metric Type Sl S2 S3 S4 S5 S6 S7 S8 S9 S10 S11  AVG
BRL [22] IoU (%) T S 00.00 00.00 00.00 00.00 00.00 1293 00.00 00.00 00.00 00.00 00.00 O01.17
; Dice (%) T S 00.00 00.00 00.00 00.00 00.00 20.03 00.00 00.00 00.00 0000 00.00 01.82

EMT [9]+SRHD IoU (%) 1 M  00.00 00.00 15.61 00.00 00.00 2577 2344 1993 00.00 00.00 00.00 07.70
Dice (%) M  00.00 00.00 26.13 00.00 00.00 4398 38.65 30.54 00.00 00.00 00.00 12.66

RISE(Ours) IoU (%) 1 M 5870 96.02 29.48 4790 5524 47.12 6470 3791 6443 7419 59.87 57.78
Dice (%) M 7393 96.68 43.64 6426 7024 6155 7120 4846 7741 84.86 7052 69.34

Table 1. Object Detection Results: This table presents the object detection results of our method and baselines, evaluated using Intersec-
tion over Union (IoU) and Dice coefficient metrics. ”’S” denotes single-frame input, and "M” denotes multi-frame input.

5. Experimental

5.1. Experimental Setting

Tasks. We evaluate RISE on two core tasks: layout recon-
struction and object detection. For layout reconstruction,
we report Chamfer Distance to quantify geometric accu-
racy and Fl-score (15cm tolerance) to measure boundary
completeness. For object detection, we adopt standard 2D
metrics: Intersection-over-Union (IoU) and the Dice coef-
ficient. Baselines. Since RISE is the first system to per-
form both layout reconstruction and object detection us-
ing a single static mmWave radar, no prior method di-
rectly matches our setting. For object detection, we com-
pare against: (1) the state-of-the-art learning-based single-
radar detector BRL [22]; (2) the multi-frame radar layout
reconstruction method EMT [9]. Because EMT does not
support object detection, we augment its outputs using the
same post-processing used in RISE to provide a fair com-
parison. We rename it as EMT [9] + SRHD. For layout re-
construction, we directly compare against EMT [9], a strong
existing multi-frame radar layout reconstruction baseline.

5.2. Object Detection

Tab. 1 and Fig. 8 present the object detection results. As
shown in Fig. 8, the baseline method (EMT [9]) fails to re-
cover reflectors from small objects, making it unable to pro-
duce meaningful object detections. To enable a fair com-
parison, we report two additional baselines in Tab. 1: (1)
EMT [9] + SRHD, where we apply our Sim2Real Hierar-
chical Diffusion module on top of the EMT output, and (2)
BRL [22], a deep-learning—based single-radar object detec-
tor. Across all settings, RISE delivers substantially stronger
performance. By combining Ghost Signal Enhancement
with Sim2Real Hierarchical Diffusion, RISE reliably lo-
calizes objects and generalizes to complex indoor scenes.
RISE achieves an IoU of 57.78 and a Dice score of 69.34,
far surpassing the best baseline (IoU = 7.70, Dice = 12.66).

5.3. Layout Reconstruction

Fig. 8 also presents qualitative comparisons for lay-
out reconstruction between our method and the baseline
EMT [9]. Since EMT [9] is inherently capable of wall-
layout reconstruction, we evaluate it in its original form
without combining it with SRHD. We further summarize

Wall-Chamfer Distance Wall-f1 Score
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40 40
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Figure 7. Wall Reconstruction Across 100 Trajectories. Com-
parison of our method and the baseline (EMT [9]) over 100 real-
world trajectories, evaluated using Chamfer Distance and F1-score
for wall layout reconstruction.

quantitative results across 100 trajectories in Fig. 7. Com-
pared with EMT [9], RISE produces substantially more
complete and structurally coherent layouts, particularly in
regions where multipath coverage is sparse. Quantitatively,
RISE achieves a markedly lower average Chamfer distance
of 16.03 cm (vs. 39.06 cm for EMT) and a significantly
higher F1-score of 83.63 (vs. 63.43). These results demon-
strate the effectiveness of our Bi-Angular Multipath Ghost
Enhancement and Sim2Real Hierarchical Diffusion frame-
work in recovering both global room geometry and fine-
grained structural details.

5.4. Effect of Trajectory Length

Our method employs 30-second trajectories for layout re-
construction. To assess the impact of trajectory length on
performance, we analyze the results as the trajectory length
decreases shown in Fig. 9. Both our method and the base-
lines (EMT [9]) exhibit performance degradation as the tra-
jectory length shortens. However, the decline in F1-score is
more pronounced in our method. This is attributed to the
nature of the Fl-score computation, which takes into ac-
count predictions within a specific error threshold. As the
trajectory length decreases, the diffusion model generates
more diverse outputs due to the reduced input information,
which consequently has a greater impact on the F1-score.
Notably, even with 40% of the full-length trajectories, RISE
still achieves a lower Chamfer distance compared to the
baseline performance using the full-length trajectories.

5.5. Ablation Study

To assess the contribution of key components in our frame-
work, we conduct an ablation study, the results of which are
summarized in Tab. 2. We evaluate the impact of three crit-
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Figure 8. Comparison Between Our Method and the Baseline. The first column shows the RGB reference images of the corresponding
scenes. The second column presents the reconstruction results produced by EMT [9]. The third column shows the results generated by our

method, including both layout reconstruction and object detection.
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Figure 9. Results Across Varying Trajectory Lengths. Com-
parison between our method and the baseline EMT [9]. The fig-
ure reports layout reconstruction performance—Chamfer distance
and F1-score—under shorter human trajectories, illustrating the
robustness of RISE when input coverage becomes limited.

Method/Metric Fl-score ¥ Chamfer |
Baseline 63.43 % 39.06 cm
RISE w/ G 73.37 % 3231 cm
RISE w/ G, D 78.84 % 19.82 cm
RISEw/G,D,R  83.63 % 16.32 cm

Table 2. Ablation study results showing the impact of different
components on F1-score and Chamfer Distance.

ical components: Ghost Signal Enhancement, the diffusion
model, and reverse optimization. The configurations tested
include: Model w/ G, which includes only Ghost Signal
Enhancement; Model w/ G, D, which includes both Ghost
Signal Enhancement and the diffusion model; and Model
w/ G, D, R, the full model incorporating Ghost Signal En-
hancement, the diffusion model, and reverse optimization.
Our findings reveal a progressive improvement in Cham-
fer distance, which underscores the contribution of each
module in enhancing reconstruction accuracy: 1) The in-
clusion of Ghost Signal Enhancement reduces the Chamfer
distance from 39.06 cm to 32.31 cm, highlighting its ability

to improve initial detection by enhancing reflector visibil-
ity. 2) The addition of the diffusion model further refines
the reconstruction, reducing the Chamfer distance to 19.82
cm, demonstrating its ability to generate more accurate lay-
out details by leveraging generative modeling. 3) The in-
corporation of reverse optimization leads to the final refine-
ment, achieving a Chamfer distance of 16.32 cm. This stage
fine-tunes the results by optimizing the generative outputs,
further improving the quality and precision of the recon-
structed layout. The progressive reduction in Chamfer dis-
tance across these configurations demonstrates the comple-
mentary nature of each component. Ghost Signal Enhance-
ment aids in initial detection, the diffusion model enhances
overall reconstruction, and reverse optimization refines the
final output, collectively resulting in a substantial improve-
ment in reconstruction accuracy.

6. Conclusion

In conclusion, this paper introduces a novel method for in-
door layout reconstruction using a single static mmWave
sensor. By leveraging human mobility-induced multipath
effects and integrating a generative model, our system,
RISE, effectively tackles challenges such as specularity
and incomplete layout reconstruction. Experimental results
demonstrate that RISE achieves a Chamfer distance of 16
cm for layout reconstruction and an IoU of 58% for fur-
niture detection, outperforming conventional approaches.
This work highlights the potential of privacy-preserving
mmWave sensing for applications in smart homes, security,
and virtual/augmented reality, and lays the groundwork for
future improvements in more complex environments, such
as multi-person scenarios and shorter trajectories.
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8. Experiments

Data Process: The ground truth is generated using a Re-
alSense depth camera. Specifically, the depth camera cap-
tures the 3D point cloud of the surrounding environment.
This point cloud is then transformed into the radar coordi-
nate system using pre-calibrated intrinsic and extrinsic ma-
trices. To create ground truth for wall estimation, we project
all 3D points onto the radar’s horizontal (XZ) plane by col-
lapsed along Z. This projection provides a reliable reference
for evaluating our wall detection algorithm. For object de-
tection, we first use the depth camera to identify the posi-
tions of objects in the scene. Then, using geometric cues
from the depth data and simple measurement rules, we esti-
mate the actual dimensions of each object. Based on the es-
timated position and size, we construct 2D bounding boxes
in the radar coordinate system, which serve as ground truth
for evaluating object detection performance.

9. Detail for Section - 4.2. Multipath Inversion
9.1. Ghost Target Formation and Identification

To make the ghost and human target identification process
transparent, we provide a clear step-by-step pseudocode de-
scription in Algorithm 1.

9.2. Reflector Point Estimation

9.2.1. First-Bounce Ghost

The first-bounce ghost point, denoted as G, is geometri-
cally related to the source S’ as follows:

2|sg1| = |sh| + |her] + |scal, (11)
where |sg]| represents the distance from the radar to the
first-bounce ghost point, |sh| is the distance from the radar
to the human being, |he;| is the distance from the human
being to the reflector point, and |scq| is the distance from
the radar to the reflector point.

Applying the cosine law to the triangle formed by S, C1,
and H, we obtain:

|sh|? + |sc1|? — 2|sh||sci| cos(05 — 60F) = |her|®. (12)

where 05 — 67 is the angle between sh and sg; From the
above relationships, we derive |scq| as:

2|sg1|* — 2sgi|shl
2|sg1| — |sh| cos(63 — 67) — |sh|
The coordinates of the reflector point C'y can then be de-
termined as:

[ser] = (13)

—

SI
01:s+i/-|scl\
Erd
S

_‘/ . . . . .
where ﬁ is the unit vector in the direction of sg’.

(14)
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Algorithm 1: Ghost Target Formation and Identifi-
cation

Input: Clusters C = {(r;, 6;, m;)} obtained from
CFAR detection, where r; denotes the range,
0; the angle, and m; the reflection
magnitude. Threshold ratio 7 = 0.4; Range
tolerance 9, = 0.15m; Angle tolerance
g = 15°.

Output: Human H, first-order ghosts G1, G},

second-order ghosts G, G5.

Step 1: Identify Human H;

M ax  max; m;

Cvalid — {C cC I me > TMmaX}

H <+ argmincec,,, Te

Step 2: Identify G; (same direction, slightly
larger range);

G« {ceC|0.—0u|l <dp, 0<r1e—TH <00}

G1 + argmin.cg, 7. if G # 0, else O

Step 3: Identify G (same range, different
direction);

G« {ceC|lrc—re,| <o |0c—0c,| > do}

G < argmax.cg,, mcif G/ # 0, else @

Step 4 (Optional): Identify G- (same direction as
H, farther than GG,);

gg%{CEC | |9079H| < dg, TC>TG1}

G < argmingcg, r. if G2 # 0, else @

Step 5: Identify G/, (aligned with GZ, farther
range);

Gor (—{C€C|TC>TGW1, ‘chegﬂ <59}

Gy < argmingcg,, ¢ if Go # 0, else @

return H, G, G}, Gs, G

Figure 10. Multipath Inversion. Geometric relationships be-
tween ghost targets and reflectors.
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(a) Sample 1

(b) Sample 2

Figure 11. Illustration of Simulator and Data Augmentation.
The first column represents the ground truth in the simulator, while
the second column shows partial observations resulting from oc-
clusion. The third column depicts randomly missing regions, the
fourth column illustrates random rotations, and the fifth column
demonstrates random scaling.

9.2.2. Second-Bounce Ghost

The second-bounce ghost point, denoted as G5, follows a
geometric relationship similar to the first-bounce case. The
total path length from the radar to G can be expressed as:

|sgal = lhea| + [seal, (15)

where |sg5| represents the total distance from the radar
to the second-bounce ghost point, |hcy| is the distance from
the human to the reflector, and |sc;| is the distance from the
radar to the reflector.

Using the cosine law and substituting the known rela-
tionships, we derive:

|5951” — |sh/?
2|sg}| — 2|sh| cos(05 —

(16)

|561| - 9 f) 9
where 67 and 65 denote the respective angles between the
reflection points and the radar.

Subsequently, the remaining steps outlined in the first-
bounce ghost section can be applied to determine the loca-
tion of the mirror radar.

9.3. Post Processing Reflector Points

After estimating reflector points from ghost targets, we ob-
tain a sparse and noisy set of 2D samples that approximate
the underlying wall and object boundaries. To extract co-
herent geometric structures, we refine these points in two
stages.

First, we apply a Gaussian Mixture Model (GMM) to
group the reflector points into spatially coherent clusters.
The GMM models the distribution of reflector points as a
mixture of Gaussian components, which enables soft prob-
abilistic assignments and naturally captures elongated point
distributions associated with physical surfaces. This clus-
tering step separates points belonging to different walls or
objects while remaining robust to uneven sampling and lo-
cal noise.

Next, for each cluster, we perform RANSAC line fit-
ting to recover the dominant structural direction and reject
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outliers introduced by multipath noise or incomplete reflec-
tions. RANSAC iteratively samples minimal point sets, fits
line hypotheses, and selects the model with the largest inlier
set under a point-to-line distance threshold. This procedure
produces clean and geometrically consistent line segments
for each cluster.

The resulting set of RANSAC-refined line structures
forms a robust initial layout estimate, which is subsequently
fed into our diffusion-based refinement module to obtain
complete wall boundaries and object footprints.

10. Discussion

RISE demonstrates that a single static mmWave radar can
reliably recover indoor layout and object information by
leveraging multipath reflections and generative modeling.
While our system has several limitations, we emphasize that
it remains highly practical and broadly useful in many real-
world settings.

A key limitation is that RISE relies on human motion to
stimulate diverse multipath paths. This motion provides the
geometric variation necessary for uncovering occluded re-
gions, and completely static environments remain challeng-
ing. However, this requirement aligns well with many de-
ployment scenarios: homes, clinics, elder-care facilities, of-
fices, and rehabilitation environments naturally contain fre-
quent human movement. In such settings, RISE can oper-
ate fully passively and unobtrusively, without requiring ad-
ditional devices, active user participation, or intrusive sen-
sors. Even short or routine movements, walking through a
hallway or moving to sit in a chair, can generate sufficient
multipath diversity for reliable reconstruction.

Second, blind regions inherent to fixed sensor placement
cannot be eliminated entirely, although our bi-angular en-
hancement significantly reduces them. These blind spots
typically correspond to uncommon reflection geometries
and often do not affect the global layout.

Third, the current system outputs 2D top-down geome-
try rather than full 3D meshes or semantic object models.
While this limits fine-grained reconstruction, top-down ge-
ometry is already sufficient for many high-impact applica-
tions such as indoor navigation, elder monitoring, health
assessment, fall detection, and safety analysis—domains
where privacy constraints prohibit cameras.

Despite these limitations, RISE remains an effective,
privacy-preserving perception system capable of recover-
ing meaningful indoor structure from a single static radar.
It offers a lightweight, low-cost alternative to camera- or
LiDAR-based approaches, especially in privacy-sensitive
environments. These strengths, combined with its ability to
operate passively using natural human motion, underscore
its practical value and establish a foundation for future ad-
vances in radar-based indoor understanding.
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