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1 Background on Millimeter-Wave Radar Imaging
3D Radar Imaging: Millimeter-wave radars image the environment by transmitting radar
waveforms to the 3D space and estimating reflected signal power in a 3D spherical coordi-
nates defined by range (ρ), azimuth angle (φ ) and elevation angle (θ ). The range and angular
resolutions of the 3D radar heatmaps are determined by the signal bandwidth and the size of
the antenna array, respectively.
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42.5𝜆 Horizontal Aperture

3𝜆 Vertical Aperture

Figure 1: Virtual Antenna Array Topology of COTS mmWave Radar: Long 2D array
(42.5λ ×3λ aperture) with high azimuth resolution and low elevation resolution.

A 2D antenna array is needed to localize reflectors in the 3D spherical coordinates
(r,φ ,θ), as the direction of reflector results in different phases at different antennas in the
2D array:

Sm,k(r) ∝ e− j 2π

λ
(mdsinθcosφ+kdcosθ) (1)

where λ is the wavelength, d = λ/2 is the separation between consecutive elements, and
Sm,k(r) is the signal reflected by an object at distance r and then received on the antenna
element index by (m,k) in the 2D array. Therefore, one can compute the reflected power x
along the spherical angles φ and θ by adding a phase shift to the signal received on every
antenna before combining the signals [6]:

x(r,θ ,φ) =
N

∑
m=0

N

∑
k=0

Sm,k(r)e j 2π

λ
[mdsinθcosφ+kdcosθ ] (2)

Resolution of Imaging Radars: Although most mmWave radars today can achieve good
depth resolutions (4-10 cm), their angular resolutions are nowhere near those of cameras
and LiDARs. This is because unlike cameras or LiDARs, radars cannot directly distinguish
lights coming from different angles using lenses or narrow laser beams. Instead, radars use
an array of antennas that transmit and receive signals from all angles. Reflections from
different angles are then resolved from the superposition by estimating the phase differences
of the received signals across the antenna array, which is proportional to cosθ , where θ is
the incident angle.

However, angle estimation results in an ambiguity function as a sinc function. The width
of the main-lobe of the sinc function is inversely proportional to the size of the antenna array,
as is the angular resolution. The angular resolution of an antenna array with N elements
separated by half wavelength ( λ

2 ) can be approximated by: Angular Resolution ≈ 2
Nsinθ

.
As a result, a point reflector in the scene is convolved with very wide sinc functions

along both the azimuth and elevation axes in the resulting radar heatmaps, which eliminates
all high-frequency shapes and details in the radar heatmaps. This is because, mathematically,
convolution with a sinc is equivalent to multiplying the frequency domain with a rectangle
function, effectively zeroing out high frequencies [10]. The side-lobes of the sinc function
also create noise in the heatmap.

To achieve sufficient resolution in range, azimuth, and elevation, a mmWave radar re-
quires a large 2D antenna array, which introduces significant hardware complexity. In prac-
tice, most COTS mmWave radars can form a large virtual antenna array along only one
dimension, while the second dimension typically has a much smaller aperture and sparser
antenna elements, often spaced beyond λ/2, as shown in figure 1. This leads to poor angu-
lar resolution and the presence of grating lobes, making accurate target detection along the
second dimension highly challenging.
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Radar Point Cloud Processing: The high-dimensional volumetric representation of 3D
radar heatmaps are very sparse and noisy, yet comes with a very large volume, which puts a
big burden on the data transfer and storage. Therefore, it is common practice in commercial
mmWave radar devices to compress 3D radar heatmaps into a point-cloud format. The ex-
traction of point clouds from heatmaps is done through a threshold process. For every voxel
in the radar heatmap, if the corresponding reflection power is above a power threshold, the
voxel is mapped to a point in the point cloud.

The challenge is to determine the power threshold, because a too high threshold leads to
missed detections and loss of useful information, while a too low threshold results in very
noisy point clouds that contain false alarms due to noise, side lobes of the 2D sinc function,
and background clutter. The Constant False Alarm Rate (CFAR) algorithm and its variants
such as Cell Averaging CFAR (CA-CFAR) and Ordered Statistic CFAR (OS-CFAR) are
commonly used to convert radar heatmaps into point clouds. CFAR is an adaptive detection
algorithm that adjusts the detection threshold in accordance with the measured background.
Specifically, a CFAR detector estimates the noise floor for the cell under test by analyzing
data from neighboring cells.

2 Loss Functions
The loss for our network is a combination of three weighted losses, classification loss, coarse
loss, and fine loss. The classification loss is a softmax cross-entropy loss that measures
the loss between the predicted class and the true class. For a batch of N examples, the
classification loss is the average of the cross-entropy loss over the N examples:

Lclass =− 1
N

N

∑
i=1

K

∑
j=1

yi j log(ŷi j) (3)

where yi j is the true label and ŷi j is the predicted probability for class j of example i.
The coarse loss measures the loss between the output of the coarse stage in the decoder

and the ground truth using the Earth Mover’s Distance (EMD) metric [2]. EMD finds a bi-
jection φ : A → B which minimizes the average distance between closest points. The optimal
φ is computationally expensive to fine, which is why we implement an iterative approxima-
tion method to measure it. Moreover, we use EMD to compute the coarse loss the number
of coarse points is smaller than the number of fine points, which accelerates the training
process.

EMD(A,B) = min
φ :A→B

1
|A| ∑

a∈A
∥a−φ(a)∥2 (4)

Meanwhile, the fine loss is measured between the final output and the ground truth using
Chamfer Distance (CD) [2] as the metric. CD measures the average bidirectional closest-
point distance between the output and ground-truth point clouds. The Chamfer distance
between two point sets A and B is given by:

CD(A,B) =
1
|A| ∑

a∈A
min
b∈B

∥a−b∥2 +
1
|B| ∑

b∈B
min
a∈A

∥b−a∥2 (5)

Our combined loss function is a weighted sum of the three aforementioned components:

L = LEMD(Acoarse,Agt)+αLCD(Afine,Agt)+βLclass(Cpred,Cgt)
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3 Datasets

(1) Radar Simulation. We generate simulated data points by using a ray-tracing simulator
provided in [3] and adapted for our radar and setup, namely two orthogonal 1-D virtual
arrays. We capture 8 experiments per object in the dataset; in each experiment, the object
is randomly positioned and oriented in the field of view. Moreover, we adjust the random
orientations such that they are around the elevation axis, so that all of the experiments recover
parts of objects that are typically observed from the perspective of a car, i.e., no flipped
object. Finally, we use true-to-scale objects in the simulation set-up to ensure maximal
compatibility with the real radar data. Each experiment consists of a number of frames, for
each frame we simulate the horizontal and vertical heatmaps. Between frames, the radar
antenna locations are changed in a linear trajectory parallel to the object to capture only one
side of the object.

(2) Geometric Perturbation Augmentation. One drawback of simulation is that due to
the complexity of the simulator design, the simulation time for these experiments can take a
long time. This led to the need for additional data that is faster to generate. The simulator
accurately resembles the noise patterns and ambiguities associated with radar data, such as
sinc noise. However, it does not properly capture random noise generated from real scenarios
and hardware limitations.

Thus, we use additional synthetic data generated from 3D models. We first randomly
position a ’camera’ around the 3D object, the camera should have a point of view similar
to what a car would have as well. A snapshot is taken from this perspective, converted to a
depth map, and sampled to generate the partial point cloud. This produces an ideal partial
point cloud representation, which is repeated 8 times to generate 8 data points from different
perspectives. We augment this representation to resemble radar data in two steps; the first
step is to generate noise. As explained, mmWave radars have many artifacts in addition to
their low angular resolution. We augment the partial point clouds to resemble these artifacts
by replacing every point in the partial point cloud with multiple points randomly sampled
from the surface of a sphere with a random, limited, radius that is centered around that point.
This step creates noisier points that are slightly more dense, similar to our setup. The second
step is to emulate specularity. As explained, specularity leads to the radar reflections missing
some parts of objects, and while we partially overcome this challenge via temporal fusion,
a practical trajectory will still suffer from specular signals since it cannot capture the object
from every angle. To this end, we crop out multiple small spheres of the partial point cloud
to emulate these parts as missing from the reflected signal. These spheres are randomly
positioned so that at least one is near the center of the partial point cloud. This is based on
the assumption that the center of most of our objects is the most specular part. The ground
truth data are generated by uniformly sampling points from the 3D surface of the objects to
represent the full shape.

(3) Real-World Dataset. We create a real-world radar dataset with 162 cars, 91 bikes, and
52 humans. We plan to release the full dataset in the format of processed heatmaps and
3D point clouds, as well as the corresponding positional information per frame. Our data
collection experiments try to emulate a practical scenario as on self-driving cars by moving
in mostly straight lines and observing objects only from one side, similar to what a typical
car trajectory would be in reality. The trajectories of our partial point cloud experiments
are short, straight segments with the radars facing in the general direction of an object of
interest. The average trajectory length is about 3m, with a radar frame rate of approximately
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60 fps. A single data point typically consists of 300~400 frames spanning about 6 seconds.

4 Experimental Hardware Setup

Experimental Setup: Our experimental setup shown in figure 4 in the paper consists of two
TI MMWCAS radars [12], which contain 12 transmitters and 16 receivers. Moreover, we
use a depth camera ZED 2i [11] that is deployed on the same moving platform as the two
radars to enable careful tracking of experiments. The depth camera also contains an inertial
measurement unit and positional tracking that we use to localize the radars at each captured
frame. The two radars and camera are synchronized at the software level to trigger the
capturing of the three sensors at the exact moment via a handshake. We also use a mobile
phone to scan the full ground truth shapes of all test objects via the PolyCam [8], which
utilizes the LiDAR and multiple cameras on the device. Our test experiments are done on
static objects in different environments (indoor, outdoor) and different visibility conditions.

Interference-Free Dual-Radar Operation. To prevent interference between the two radar
sensors, we carefully design the FMCW frame configurations so that the radars do not trans-
mit simultaneously. This is achieved by alternating the transmission of chirps between the
two radars within a single frame. Specifically, in a frame containing 2N chirps, Radar 1
transmits and receives signals during the first N chirps and remains silent for the remain-
ing N chirps. Conversely, Radar 2 remains silent during the first N chirps and transmits
during the second N chirps. Experimental results confirm that any minor inconsistencies in
chirp separation, caused by delays in the software handshake, are effectively mitigated by the
low-pass filters integrated into the radar hardware. This ensures reliable operation without
interference.

Odometry. There are several sensors that can be utilized for this purpose, including IMU,
rotary encoder, or even camera-based Visual-Inertial odometry. Moreover, recent work em-
ploys the usage of mmWave radar heatmaps to extract accurate position information and
perform SLAM [4]. To reduce complexity, we extract the positional tracking information
from the co-located depth camera placed on the platform for ground truth imaging.

5 Additional Results

5.1 Impact of Number of Accumulated Frames

We study the effect of increasing the number of frames on the quality of the reconstructed
shapes. Results indicate that longer trajectory times (number of frames) generally improve
completion quality. However, the value gained by adding more frames decreases as the total
number of frames increases, as can be shown in Figure 2. The plateau in the reconstruction
improvement can be due to the practical, linear trajectories in which most of our experiments
are conducted, where additional frames contribute less information about the object. As
the trajectory progresses, new frames capture increasingly redundant information about the
object’s geometry. This redundancy arises because linear trajectories are limited to a specific
viewpoint. Consequently, the marginal improvement in shape completion decreases with
each additional frame.
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Figure 2: Reconstruction performance against
input point cloud with increasing number of
merged frames.

Figure 3: RFconstruct failure cases

5.2 Failure Cases

We were able to identify some specific conditions under which our system fails to provide
correct reconstructions, as can be seen in figure 3. One case is when the input point cloud
is exceedingly sparse, providing insufficient geometric information for accurate reconstruc-
tion. With too few points, the model struggles to infer meaningful structure, leading to
incomplete or incorrect shapes. Failure can also occur as the Signal-to-Noise ratio of the
input point cloud is very low, where noise points significantly outnumber valid ones. In
this case, the model could mistakenly identify some of the noise points as valid points that
represent the geometry of the object. This results in incorrect or distorted shapes. Address-
ing these limitations could involve incorporating mechanisms to handle sparse data more
effectively and improve robustness to noisy inputs, such as advanced denoising techniques
or prior knowledge of object structure.

Finally, the gap between the simulated training data and real data could lead to some
misrepresentation of the object’s geometry during reconstruction. This gap arises because
the simulated training data often lacks the complexities and imperfections present in real-
world scenarios, and are difficult to manufacture, such as measurement noise, environmental
interference, or material properties that affect reflected signals. Which is why fine-tuned
RFconstruct can provide a better reconstruction in some of the failure cases shown above.

5.3 SAR vs RFconstruct combination

As discussed in Section 1, Synthetic Aperture Radar (SAR) can combine radar information
captured from different locations by utilizing scanning antennas. This approach improves
resolution by emulating large antenna arrays using smaller ones. However, SAR is highly
sensitive to small errors in antenna locations since half a wavelength at 77 GHz is less than 2
mm. Hence, we need millimeter level accuracy, otherwise the error in the phase of the signal
leads to the accumulation of sinc noise rather than its cancellation.
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SAR input

CD 1.66   EMD 5.23CD 4.48   EMD 12.73

RFConstruct input Ground TruthOutput Output

CD 2.6   EMD 7.5 CD 2.06   EMD 6.05

Figure 4: Comparing SAR point-clouds to RFconstruct point-clouds and completion perfor-
mance.

We conduct experiments with SAR imaging using our experimental setup. As shown
in Fig 4, the coherent combination of the collected frames amplifies sinc noise and results
in prominent grating lobes. In contrast, our proposed combination method produces accu-
rate, though sparse, point clouds. Furthermore, when both point clouds—from the coherent
combination and our RFconstruct method—are used as inputs to complete the 3D shape,
the output derived from the RFconstruct point cloud is both quantitatively and qualitatively
better than that obtained from the coherent combination. In particular, the CD can decrease
from 4.48 to 1.66 and the EMD from 12.73 to 5.23.

5.4 Impact of Speed of Moving Cars
To evaluate RFconstruct’s performance in the case of non-static vehicles, we run an exper-
iment where we vary the speeds of the ego vehicle and the vehicle we are trying to image.
The vehicles move in the opposite direction at the same constant speed, which we vary to
10 km/h, 20 km/h, and 30 km/h, resulting in relative speeds of 20 km/h, 40 km/h, and 60
km/h, respectively. We use a sliding window to accumulate radar frames. Figure 5 shows
the reconstructed car shape at the above speeds when the car in fully within the field of view
of the radar and when the car is at the edge of the FOV of the radar. While in both cases the
reconstruction quality degrades as the speed increases, when the car is inside the FoV, the
radar can still capture enough frames to achieve reasonable reconstruction. However, when
the car is at the edge of the FoV (entering the FoV), the quality degrades quickly with speed
to become unrecognizable at 60 km/h. Note that in the case where the target vehicle is static,
a good reconstruction is achieved in both cases, as RFconstruct was trained on static scenar-
ios. To address this, one must estimate the relative speed using Doppler and dynamically
adjust the sliding window size and frame sampling rate. One must also retrain RFconstruct
for moving targets. We, however, leave this for future work.

5.5 Additional Results from Randomly Selected Data Points
5.5.1 RFconstruct with Bounding-Box Priors

In figure 6 we show results for RFconstruct and fine-tuned RFconstruct for randomly selected
data points from the testing set. We show both the coarse and fine outputs from the network.
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Figure 5: Qualitative results for cars in motion.

While the basic system without fine-tuning produces representative reconstructions for most
cases, Fine-tuning improves the reconstructions and brings the representations much closer
to the actual ground truth shapes.

5.5.2 RFconstruct without Bounding-Box Priors

In the case of testing without bounding box priors, the reconstruction is more challenging
as more ambiguity arises about the object type, orientation and dimensions. In figure 7, we
show random samples of the data tested with RFconstruct and fine-tuned RFconstruct trained
without bounding box priors.

6 Limitations & Future Work
While RFconstruct takes major steps towards enabling 3D shape reconstruction from mmWave
radars in autonomous driving, it still has several limitations that require addressing before it
can be fully realized in practice.

• Moving targets: Our current implementation of RFconstruct is trained for static ob-
jects. While our demo and results on different car speeds show promising results
by using a sliding window to accumulate radar frames, the quality of the reconstruc-
tion does degrade with the speed of the cars. Imaging moving objects requires more
research as we cannot easily fuse temporal radar frames. We will need to develop
algorithms to estimate and compensate for the relative motion and relative positions
of the objects with respect to the ego car. We will also explore the tradeoff between
smearing the object and combating specularity in setting the temporal fusion window,
which depends on the relative speed and relative direction of motion.

• Generalizing to other shapes & environments: We only trained and tested RFconstruct
for three classes of objects that represent the most common moving objects on the road
that present safety risks. To make RFconstruct more general, we need to extend it to
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Figure 6: Qualitative results for RFconstruct and RFconstruct fine-tuned on real radar data
for randomly selected data points.

new classes like trees, road signs, fire hydrants, trash cans, large trucks, etc. We also
need to update the neural network architecture and training to generalize to different
streets and roads with different building structures.

• Incorporating Doppler: RFconstruct currently does not leverage the Doppler infor-
mation from radar. Incorporating Doppler would allow us to separate nearby objects
along the Doppler domain (cars, bikes, and pedestrians move at different speeds).
Doppler also allows us to estimate the speed of various objects in the scene, which is
essential for fusing temporal radar frames of moving objects.

• Pedestrian posture: While RFconstruct can recover the orientation of the cars and
bikes in the scene, it cannot estimate the orientation or posture of pedestrians. Cur-
rently, it only estimates a rough silhouette but cannot accurately recover the human
posture, which can be useful for driving cars to estimate the direction the pedes-
trian is walking. We can build on the extensive literature on human pose estima-
tion [1, 5, 7, 9, 13, 14, 15] from radar signals and incorporate it into RFconstruct.
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Figure 7: Qualitative results for RFconstruct and RFconstruct fine-tuned on real radar data
without bounding-box priors for randomly selected data points.
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