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Abstract
Recent research has introduced a novelmethod formillimeter-
wave (mmWave) imaging that leverages surface normal es-
timation for 3D object reconstruction. Unlike traditional
voxel-based or ray-tracing methods, this approach estimates
surfaces directly, demonstrating dramatically improved res-
olution. However, despite its impressive performance for re-
constructing relatively smooth surfaces, this new approach
suffers from normal-based interference, where closely spaced
surfaces with different normals, such as the stitches on a base-
ball, create interference in the normal estimation process,
resulting in inaccurate reconstructions.
In this work-in-progress paper, we present a mmWave

super-resolution reconstruction method. Our method intro-
duces normal vectors as a new dimension of separability,
allowing us to isolate reflections from closely spaced surface
components through their different orientations. To do so,
since surface components with different normal vectors will
reflect mmWave signals in different directions, we separately
analyze portions of the aperture to isolate each surface com-
ponent’s reflections. This allows us to accurately estimate
normal vectors in high-interference regimes, with our prelim-
inary results showing that this leads to strong reconstruction
performance compared to our state-of-the-art baseline, with
applications spanning robotics, shipping and logsitics, and
augmented reality.
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1 Introduction
Recent years have witnessed growing interest in using mil-
limeter wave (mmWave) signals to reconstruct fully occluded
3D objects [1, 3, 4, 7, 8]. Since mmWave signals can traverse
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Figure 1: Normal-Based Imaging a) For smooth surfaces, our recent
work enables high-fidelity 3D reconstruction compared to prior mmWave
backprojection methods. b) Fine surface features (e.g., baseball seams) can
create interference and distort reconstructions.

many everyday occlusions (e.g., cardboard, plastic, fabric)
and reflect off objects hidden behind them, they can enable
3D reconstruction of objects entirely hidden from view. This
capability can enable novel applications in domains spanning
robotics, augmented reality, and shipping and logistics.
However, most mmWave reconstruction methods fail to

achieve high-accuracy reconstruction due to their reliance on
occupancy-based estimation methods. These methods, such
as backprojection [4] or range-migration algorithm [6, 10],
produce a 3D image by estimating the reflected power from
each voxel. This image is then converted to a 3D point cloud
by selecting all voxels above a power threshold [2, 4, 5].
Unfortunately, their accuracy is fundamentally limited by the
commercially-available bandwidth, which causes reflection
power to spread along the depth dimension and produce
significant artifacts above and below the object (Fig. 1a).

To overcome this challenge, our recent work, mmNorm [3],
not only estimates occupancy, but also the orientation of the
surface. It does so by estimating normal vectors at each voxel,
then using these normals to reconstruct the final surface,
resulting in much higher fidelity reconstructions (Fig. 1a).
However, one of the key limitations of this approach (as

well as occupancy-based methods) arises from normal-based
interference, where closely spaced surfaces with different
orientations, such as the stitches on a baseball, create in-
terference within an image voxel. In this case, mmNorm is
unable to separate their reflections, resulting in inaccurate
normal estimations and surface reconstructions (Fig. 1b).
In this work-in-progress paper, we introduce a super-

resolution mmWave normal estimation method to resolve
such interference. Our key insight is that while both occupancy-
based methods and mmNorm resolve interference through
the location of reflectors,1 we add a new dimension of sep-
arability to the imaging problem: normal vectors. Specifi-
cally, even when two surfaces are located arbitrarily close
1Note that while mmNorm performs normal estimation, it still requires
surfaces of different orientations to be spatially separated.
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Figure 3: Super-Resolution Normal Estimation. a) A 2D slice of a mmWave image for two surfaces that do not
interfere, where b) our prior normal estimation produces accurate normals. c) A mmWave image for two interfering surfaces,
where d) our prior normal estimation fails but e) our proposed super-resolution normal estimation succeeds.

in 3D space, they may have different normal vectors. Since
mmWave signals exhibit primarily specular reflections, these
different normal vectors will cause the two surfaces to reflect
signals in different directions. By exploiting this directional
diversity in the received reflections, we can isolate reflec-
tions from individual surface components and compute more
accurate normal estimates despite spatial overlap.
2 Primer
mmWave Imaging: The majority of mmWave imaging
methods operate by collecting frequency-modulated continu-
ous wave (FMCW) measurements across either a physical or
synthetic aperture, and then forming a 3D image. Formally,
the reflected power, 𝑃 (𝑣), at each voxel 𝑣 is [4]:

𝑃 (𝑣) =
𝐴∑︁
𝑎=1

𝑇∑︁
𝑡=1

ℎ(𝑎, 𝑡)𝑒 𝑗2𝜋𝑑𝑣,𝑎/𝜆𝑡 (1)

where ℎ(𝑎, 𝑡) is the tth sample from the ath antenna location
(𝑝𝑎). 𝑑𝑣,𝑎 = 2| |𝑝𝑎 − 𝑣 | | is the round trip distance from 𝑣 to 𝑝𝑎 .

Then, to construct a 3D point cloud, existing methods
typically select all voxels in the 3D mmWave image above
a power threshold [5]. However, the reconstruction accu-
racy of this approach is directly limited by the commercially
available ISM bandwidth of 4 GHz (at the 77 GHz band). This
results in a limited depth resolution of ∼4 cm, leading to
amorphous 3D shapes as shown in Fig. 1b.
Normal-Based Reconstruction: To overcome this limita-
tion, our recent work, mmNorm [3], estimates surface normal
vectors to enable higher accuracy 3D reconstruction. To do
so, mmNorm relies on the fact that mmWave signals expe-
rience primarily specular ("mirror-like") reflections [9]. As
shown in Fig. 2, an antenna (black triangle) will primarily
receive reflections from the portion of the object’s surface
(light blue) which has a normal (red arrow) pointing directly
towards the antenna, while other portions will primarily
reflect signal away (purple).
mmNorm leverages this relationship to perform surface

normal estimation. At a high level, for a given voxel, it es-
timates antenna location(s) which receive the strongest re-
flection from this voxel, and estimates the normal pointing
towards that location. For more details, please refer to [3].
Normal Interference: One primary limitation of mmNorm
is normal-based interference. Consider the illustrative exam-
ple shown in Fig. 3, with two surfaces shown in black and
the synthetic aperture shown in pink. In Fig. 3a, we show
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Figure 4: We use direction-dependent weighting to resolve interference.

a simulated mmWave image where red and blue represents
areas of high and low reflection power, respectively. Since
the two surfaces are spaced far apart, their respective red
images do not overlap, and mmNorm successfully estimates
normal vector fields for both surfaces (Fig. 3b). Now consider
a second scenario in Fig. 3c, with two surface components
located such that their images overlap, where many voxels
in the red region result from reflections from both surfaces.
In this case, mmNorm is unable to estimate the direction of
highest reflection power for each voxel, resulting in inaccu-
rate normal estimates (red circle in Fig. 3d). This leads to
inaccurate reconstructions similar to Fig. 1b.
3 System Design
Our approach aims to resolve normal interference in two
stages: multi-normal estimation and surface reconstruction.
3.1 Multi-Normal Estimation
At a high level, we aim to resolve interference by leveraging
normal vectors as a new dimension of separability. While
existing approaches (backprojection and mmNorm) only at-
tempt to separate surfaces based on their location, we instead
separate surfaces through both their location and orientation.
To do so, we rely on the fact that, due to specularity, two inter-
fering surfaces with different normals (such as those shown
in Fig. 3c) will reflect signals towards different portions of
an aperture. Thus, by separately analyzing portions of the
aperture, we can isolate reflections from different surfaces,
even when they originate from the same image voxel.

To do so, we explain our approach through the illustrative
examples in Fig. 4. We define our image as a function of
not only voxel location (purple), but also surface orientation
(defined by a normal vector in blue). Then, for each voxel
location and orientation pair, instead of naively combining
responses from the entire aperture, we apply a spatial weight-
ing function (shown by the shade of the triangle antennas)
which emphasizes radar locations in the direction of the
normal vector. Then, if the same voxel location is affected
by two different surfaces, we can separate their individual
images through two different surface orientations. Formally,
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Figure 5: Super-Resolution Surface Reconstruction. Our preliminary pipeline a) computes a multi-
normal vector field, b) clusters the normals, c) proposes valid surfaces, and d) selects a final surface.
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Figure 6: Preliminary Results for a)
mmNorm and b) our method.

our normal-based image 𝑃 (𝑣, 𝑛) at voxel 𝑣 and normal 𝑛 is:

𝑃 (𝑣, 𝑛) =
𝐴∑︁
𝑎=1

𝑇∑︁
𝑡=1

ℎ(𝑎, 𝑡)sinc(2𝜋𝐿𝑐 sin(𝜃𝑣,𝑎,𝑛)/𝜆𝑡 )𝑒 𝑗2𝜋𝑑𝑣,𝑎/𝜆𝑡 (2)

where the sinc(2𝜋𝐿𝑐 sin(𝜃𝑣,𝑎,𝑛)/𝜆𝑡 ) term is the spatial weight-
ing function that emphasizes antennas in the 𝑛 direction.

Once we compute this image, we can use it to derive a nor-
mal vector field which contains multiple normal vectors for
each voxel (corresponding to different surface components),
which we call our multi-normal vector field (MNVF). We do
so by selecting up to K normals for each voxel which pro-
duce the strongest responses (e.g., using scipy’s find_peaks
function). For example, Fig. 3e shows ourMNVF, with normal
vectors colored based on their orientation. Now, many points
now contain two vectors, where one points left (shown in
teal) and corresponds to the right surface, and another points
right (shown in purple) and corresponds to the left surface.
Thus, our approach allows us to successfully isolate the in-
terference of the two surfaces and estimate accurate normal
vectors in a scenario where mmNorm failed.
3.2 (In Progress) Surface Reconstruction
Building on our super-resolution normal estimation, we aim
to enable high-resolution 3D surface reconstruction from
mmWave measurements. Unlike our prior work [3], where
each voxel was assigned a single normal, our approach can
estimatemultiple surface normals for each voxel (correspond-
ing to multiple interfering surface component). While this
allows us to separate interfering surfaces, it also introduces
additional complexity when inverting these normal vectors
to recover the object’s shape, since there are many more
surfaces consistent with the more complex field.
To overcome this challenge, our super-resolution recon-

struction follows three main steps, shown in Fig. 5:
(1) First, we estimate our MNVF as described in §3.1 (Fig. 5a).
(2) Second, we cluster the normals within the MNVF (using
HDBSCAN) to form separate vector fields associated with
each surface component (different color normals in Fig. 5b).
(3) Finally, we apply the normal field inversion (Fig. 5c) and
isosurface optimization (Fig. 5d) similar to that proposed
in [3] to find surface estimates for each cluster of normals.
4 Preliminary Results
We apply a standard free-space path loss simulation to esti-
mate reflected signals from simulated object geometries, then
apply our super-resolution reconstruction method. Fig. 6a

shows the standard backprojection image computed for the
surface shown in black, as well as the surface reconstruction
(white) from our baseline, mmNorm [3]. Fig. 6b shows results
from our approach, where the heatmap shows the highest
power across all normals (max𝑛 (𝑃 (𝑣, 𝑛))), and the white line
is our final reconstruction. We note that while mmNorm
suffers from normal interference, resulting in an inaccurate
surface reconstruction, our approach can resolve the inter-
ference and reconstruct the surface with high accuracy. Fur-
thermore, this simulated object geometry is representative
of surface with a small dent (∼2 cm wide), demonstrating the
ability of our proposed method to enable novel capabilities
such as through-occlusion quality control.
5 Ongoing Work & Conclusion
While this work-in-progress paper presents preliminary
results for our super-resolution normal estimation and recon-
struction, we are pursuing several directions to improve upon
this initial success. First, we will continue to build on our
surface reconstruction pipeline (§3.2) to enable more robust
surface estimation, especially for real-world non-idealities.
For example, we will add constraints to the isosurface se-
lections to ensure that neighboring surface components are
selected to form a continuous surface, without discrete jumps.
We will also investigate various clustering methods to ensure
robustness to different object sizes, geometries, and noise
levels. Second, we will investigate various weighting func-
tions, and evaluate their impact on reconstruction accuracy
and robustness. Finally, we are developing the theoretical
foundations of this method. Due to our directional weighting
function, our approach introduces a tradeoff between normal
and cross-range resolutions. By deriving these resolutions,
we can formalize this tradeoff and guide future deployments.
Conclusion: In this work-in-progress paper, we presented a
novel super-resolution mmWave normal estimation method,
which enables higher accuracy 3D reconstruction of fully
occluded objects. Our method introduces surface orientation
as a new dimension of separability, allowing it to resolve
interfering surfaces with different orientations. Looking for-
ward, we believe this method will enable new applications
in logistics, robotics, and augmented reality.
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