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Abstract— Unmanned aerial vehicles (UAVs) require accurate
odometry—i.e., estimating the position and velocity of the
vehicle over time—as well as high-resolution sensing to safely
and effectively operate in complex environments. Traditionally,
GPS, cameras, and/or lidar sensors have been used to perform
these functions. However, GPS can be jammed in contested
environments while cameras and lidars fail in visually degraded
conditions, limiting UAV operations in these scenarios. In this
work, we present UAV-SAR, a unified architecture that utilizes
mmWave radars to simultaneously achieve precise odome-
try measurements and perform high-resolution synthetic-array
sensing. Here, UAV-SAR measures a UAV’s altitude and velocity
from downward- and outward-facing radars and fuses these
measurements within a commercially available flight controller
to produce accurate odometry estimates. These odometry esti-
mates are then used to dynamically construct synthetic arrays
by coherently integrating multiple radar frames together over a
duration of 0.5s, improving the angular resolution by an order
of magnitude compared to the physical array alone. Finally,
a lightweight deep learning model is utilized to convert high-
resolution range-angle responses into 2D point clouds suitable
for downstream perception tasks. UAV-SAR is validated on a
custom UAV prototype where it is integrated with ROS2 and the
PX4 autopilot to demonstrate stable flight, reliable odometry,
and high-resolution radar sensing in indoor environments.

I. INTRODUCTION

Unmanned aerial vehicles (UAVs) are increasingly de-
ployed across diverse domains, including emergency re-
sponse, military reconnaissance, logistics, and package de-
livery [1]. Effective operation in these domains requires
accurate odometry—i.e., precise position and velocity es-
timates—in addition to high-resolution sensing, typically
obtained via cameras, light detection and ranging (lidar),
and/or GPS. Yet, lidar and camera sensors fail in low-
visibility conditions (e.g., smoke, fog, dust) and GPS sensors
can be jammed in contested environments [2]-[4].

Radio detection and ranging (radar) sensors provide a
promising alternative, as they can directly measure an ob-
ject’s velocity and achieve reliable sensing regardless of
lighting or visibility. Compact and lightweight, millimeter-
wave (mmWave) radars offer UAVs high range resolutions
(4cm) and fine velocity resolution (< 0.1 m/s). Neverthe-
less, commercial mmWave radar sensors typically use small
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antenna arrays whose limited angular resolution (14.3°)
constrains high-resolution angular sensing [5].

Prior works have separately addressed radar-based high-
resolution sensing and odometry. To start, deep learning
approaches [6]-[13] have generated high-resolution point
clouds from low-resolution radar frames; however, their
performance is inherently limited by low-resolution single-
frame input and requires training on massive datasets (often
>50,000 samples). On the other hand, synthetic aperture
radar (SAR) techniques leverage UAV motion to synthesize a
large aperture array from a single onboard sensor [14]-[25].
By coherently combining returns along the UAV’s trajectory,
SAR may achieve finer spatial resolution than the physical
array alone. Yet, these approaches typically rely on GPS
or camera-based localization, limiting their applicability in
visually degraded or GPS-denied environments.

Alternatively, radar-based UAV odometry leverages the
sensor’s ability to measure the velocities of static environ-
mental objects [26]-[32]. To ensure stable flight, commer-
cial controllers recommend odometry updates at least every
10Hz [33], constraining frame durations to 100ms. This
temporal constraint hinders synthetic array beamforming,
which requires longer integration periods to improve angular
resolution. Consequently, using a single radar configuration
for both radar-only synthetic-array sensing and odometry is
challenging due to these conflicting requirements. To our
knowledge, no prior work has simultaneously achieved high-
resolution synthetic-array sensing and accurate radar-based
odometry on a UAV.

In this work, we introduce UAV-SAR, a novel architecture
for jointly achieving precise odometry and high-resolution
synthetic-array sensing using UAV-mounted mmWave radar.
We first enhance radar-based odometry techniques to obtain
accurate altitude and velocity estimates from downward-
and outward-facing radars. These measurements are fed into
an industry-standard flight controller to generate precise
UAV state estimates. Using this odometry, we dynamically
compute the geometry of synthetic arrays formed by UAV
motion, coherently integrating 5 radar frames to improve
angular resolution by an order of magnitude. Finally, we
demonstrate how lightweight deep learning (DL) models can
then generate dense, high-resolution point clouds suitable
for downstream mapping tasks while requiring 310x fewer
training samples compared to previous works such as [11].

To demonstrate the real-world feasibility of UAV-SAR, we
implemented it on a custom UAV prototype, executing as a
real-time ROS 2 package fully integrated with the PX4
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Fig. 1: Overview of UAV—SAB: ADC data cubes (Xapc) and point clouds (P) from two mmWave radar sensors are used
to estimate UAV odometry (§) and construct synthetic array geometries from platform motion. These geometries enable
high-resolution beamformed responses, which a lightweight U-Net converts into dense point clouds.

autopilot; enabling seamless coordination between sensing,
estimation, and control. We show that UAV-SAR supports
precise flight, accurate odometry, and high-resolution syn-
thetic array-based sensing in indoor environments.

The key contributions of this work are as follows:

o We present a unified architecture, UAV-SAR, that jointly
achieves accurate UAV odometry and high-resolution
synthetic-array sensing using mmWave radar.

o We develop methods to leverage UAV motion and en-
vironmental features for dynamically constructing syn-
thetic radar arrays, improving angular resolution beyond
the limits of the physical sensor.

o We demonstrate the real-world feasibility of UAV-SAR
through deployment on a custom UAV prototype, in-
tegrated with ROS 2 and the PX4 autopilot, enabling
precise flight control, reliable state estimation, and high
resolution radar sensing in indoor environments.

II. RELATED WORKS

Radar localization and odometry. Radar-based localization
(estimating position in a known environment) and odometry
(tracking position relative to a starting point in an unknown
environment) have been demonstrated across domains in-
cluding automotive [34]-[37], ground robots [27], [38]-
[40], and UAVs [26]-[32], [41]. Automotive systems typi-
cally employ high-resolution radars such as CTS350-X [42],
which achieve angular resolutions of 1°—4° but are imprac-
tical for UAVs due to their weight (6kg) and power draw
(24 W). UAV-focused methods instead leverage lightweight,
low-power mmWave radars and have demonstrated accurate
(i.e., with velocity and position errors of >0.06 m/s and
>0.5m [28]) odometry [26], [28]-[32], [41]. However, these
methods require radar frame rates exceeding 10 Hz to ensure
stable flight, leaving a single frame’s duration too short
for effective synthetic aperture beamforming. As a result,
these prior works achieve odometry but NOT high-resolution
sensing. In contrast, UAV-SAR is the first to simultaneously
deliver accurate odometry AND high-resolution sensing on a
UAV, using radar-based altitude and velocity measurements
at 10Hz to align frames and coherently integrate them for
synthetic array imaging.

Synthetic Aperture Radar (SAR). SAR—where platform
motion is exploited to synthesize a large effective aperture
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Fig. 2: UAV altitude estimation pipeline.

from a single onboard sensor—has enabled high-resolution
radar imaging in applications ranging from concealed item
detection to ground mapping [14]-[18]. UAV-based SAR
has also been demonstrated for tasks such as landmine
detection [19]-[25]. However, these systems rely on external
positioning sources, such as GPS, or vision-based methods,
which are unreliable in contested or low-visibility environ-
ments. In contrast, in this work, we demonstrate, to our
knowledge, the first UAV SAR using radar-only odometry,
enabling synthetic array imaging from 500 ms of integrated
radar data without relying on GPS or cameras.

Deep learning (DL) models for mmWave-based situa-
tional awareness. DL has been applied to enhance low-
resolution radar measurements into higher-resolution repre-
sentations [7]-[13], [27]. For example, [27] employed graph
neural networks (GNNS) to refine radar point clouds, while
[10] used a U-Net architecture to enhance range—azimuth
responses. Yet, most of these methods operate on low-
resolution inputs and do not perform odometry. The few that
do [12], [13] are limited to 2D odometry and are challenging
to deploy on UAVs due to weight and compute constraints.
Moreover, [13] required a mechanically rotating radar to
enable high-resolution sensing on a UGV, increasing system
weight and complexity. By contrast, UAV-SAR uniquely
achieves simultaneous 3D odometry and high-resolution
sensing on a UAV using only lightweight mmWave radars.
Rather than relying on external sensors or rotating arrays, we
directly exploit UAV motion to synthesize a virtual aperture,
enabling efficient radar-only operation in 3D flight.

III. UAV-SAR SYSTEM DESIGN

UAV-SAR uses downward- and outward-facing mmWave
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radars to estimate a UAV’s odometry and perform synthetic
array processing (Fig. 1). The synthetic array responses are
then fed into a U-Net-based ML architecture to obtain an
accurate and dense point cloud in real-time, which can then
be used by downstream sensing tasks (e.g., mapping).

A. MmWave Radar Processing

For each frame, a frequency-modulated continuous-wave
(FMCW) mmWave radar transmits a chirp signal, stx(t),
whose frequency increases linearly with time (Fig. 2). Sig-
nals reflected from objects in the environment are received as
srx(t) at the radar’s antennas. The transmitted and received
signals are then mixed to produce the intermediate frequency
(IF) signal, s;p(t) = stx(t) - sgx(t), which is sampled by the
radar’s analog-to-digital converter (ADC).

Each radar frame consists of multiple chirps, and its re-
flections from the environments are captured across multiple
receive antennas. The sampled IF signals are stored in an
ADC data cube, denoted by Xapc € CNeXNsxNa ' yhere
N is the number of ADC samples per chirp, N¢ is the
number of chirps per frame, and N, is the number of receive
antennas. From this data cube, a radar’s on-device processor
generates a radar point cloud, P € RN» x4 where N, is
the number of detections, and each row in P corresponds
to one detection d; = [r;,d,;], where the vector r; =
[(dg,i,dy.i,d. ;)] denotes the Cartesian coordinates of the -
th detection relative to the UAV, and the scalar d, ; is its
radial velocity, i.e., the detection’s velocity directly toward
or away from the UAV.

B. UAV Odometry Estimation

In GPS-denied environments, such as indoor or contested
spaces, UAVs typically estimate odometry by combining
measurements from a downward-facing optical flow sen-
sor for planar velocity estimates, v = [0,,%, |, with
altitude measurements from a laser range finder. These
measurements are fused with data from the onboard in-
ertial measurement unit (IMU) using an extended Kalman
filter (EKF) to provide the flight controller with reliable
odometry estimates. We define the resulting state as é (t) =
[€2.(1), €. (), €. (1), €. (), 0., (8), €. (1)), corresponding to
the estimated x, y, z positions and roll, pitch, yaw orien-
tations of the UAV at time t.

However, in visually degraded conditions such as dark-
ness, smoke, dust, or occlusions, both optical flow and
laser sensors can fail. To overcome these limitations, we
replace these sensors with a downward- and an outward-
facing mmWave radar; this provides both altitude (from the
downward-) and planar velocity measurements (from the
outward-facing radar) used for robust odometry estimation.

UAV altitude estimation. As shown in Fig. 2, accurate alti-
tude estimates from the downward-facing radar are obtained
in two stages. First, a “coarse” estimate is computed from
a single chirp’s IF signal (s(¢)) within the ADC data cube
(Xapc) by applying a Hamming window and a fast Fourier
transform (FFT) to identify the highest-power peak in the
rangeFFT, corresponding to the altitude of the UAV. Next,

rp
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Fig. 3: Overview of UAV velocity estimation (left), and delay
and sum beamforming on the synthetic array (right).

a ZoomFFT refines this estimate by downshifting sz(¢) to
isolate the frequency spectrum within 20 cm of the coarse
estimate. By restricting the FFT to this narrow bandwidth,
the ZoomFFT effectively interpolates the signal, increasing
frequency resolution for precise peak localization [43]. As
shown in Sec. V, this approach achieves 1.5x more accurate
altitude estimates than rangeFFT-only methods (e.g., [26]),
yielding an average absolute measurement error of 1.46 cm.

UAV velocity estimation. Next, we estimate the UAV’s
velocity, v = [0, 0y, 0, |, using the Cartesian positions, r;,
and Doppler velocity measurements, d,, ;, from all detections
in the front radar’s point cloud (P) (as illustrated in Fig. 3).
For a UAV flying at velocity v = [v,,vy,v.] in a static
environment, the measured Doppler velocity of a target at
position r can be expressed as
r;
|||

H:—?H is a unit vector pointing in the direction

—dy; = v=u;- vV, (1)
where u; =
of the i detection and the measured Doppler velocity is
negated because the object appears to move in the direction
opposite to the UAV.

Given N detections from the point cloud, stacking (1)
across all targets yields:

_d'u,l dx,l dy,l dz,l
*dv,Q dm,Q dy,2 dz,2 U
. = . Uy
S B 1
—dv,N dm,N dy,N dz,N

y=Hv.

The UAV’s velocity can then be estimated using least
squares regression.

To mitigate the effect of false detections from clutter,
multipath, and noise in radar point clouds, we extract ro-
bust velocity estimates using a RANSAC regressor, which
iteratively fits the model to random subsets of the data and
selects the fit with the largest consensus of inliers. Here, we
implement this via Scikit-learn’s LinearRegression and
RANSACRegressor [44], parameterized with a 10-sample
minimum per iteration and a 0.15 inlier residual threshold.

Finally, although our radar enables full 3D velocity esti-
mation, optical flow sensors inherently provide only planar
velocity measurements (0, and 9, ). Therefore, we specifi-
cally replace the optical flow inputs with the radar’s 9, and
y,, velocity estimates. Here, we note that the UAV estimates
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Fig. 4: UAV-SAR U-Net model.

its z-axis velocity by fusing the flight controller’s IMU data
with altitude measurements from the downward-facing radar.

EKEF state estimation. Finally, accurate UAV state estimates,
é , are obtained using the onboard flight controller’s EKF. The
EKEF fuses radar-derived altitude and velocity measurements,
provided at a rate of 10Hz, with data from the onboard
IMU to estimate both the physical state, é , and the overall
velocity, v, of the UAV. In this work, we employ the PX4
Autopilot’s ek £2 implementation of the EKF. To integrate
with the existing flight controller interface, the radar altitude
and velocity measurements are converted into equivalent op-
tical flow sensor readings—effectively replacing the UAV’s
onboard optical flow sensor [33].

C. Synthetic Array Beamforming

While our formulation supports arbitrary 3D trajectories,
we focus on optimizing azimuth (cross-range) resolution by
leveraging horizontal UAV motion along the y-axis (orthogo-
nal to the sensor’s look direction). We dynamically compute
the 3D position of the ¢-th synthetic array element, a;, using
UAV EKF velocity estimates, v. Once the array geometry
is established, delay-and-sum beamforming is applied to
generate the synthetic response.

Dynamic array geometry computation. We approximate
the UAV’s trajectory as linear within each radar frame,
computing element positions as a; ~ Vv - % - Ty, Where
Tenirp 1 the inter-chirp time. To maximize the effective
aperture and resolution, we integrate these positions across
five consecutive frames as shown in Fig. 1 and Fig. 3. This
500 ms duration is the empirically determined upper limit
for maintaining sufficiently accurate array geometries. To
guarantee reliable array formation, we adopt an opportunistic
filtering strategy. Geometries are only accepted when lateral
velocity (9y,) is between 0.30 and 0.70 m/s—the upper limit
for sustaining controlled indoor flight—while non-lateral
velocities (0., ,,) remain below 0.1 m/s. Additionally, the
standard deviation of all velocity components across the
integration window must not exceed 0.02 m/s.

Delay-and-sum beamforming. Once the synthetic array ge-
ometry is established, we apply delay-and-sum beamforming
to compute the spatial response over a set of azimuth steering
vectors. For a steering direction 6, we define the unit steering
vector as k(6) = [cos(f),sin(d),0], and the corresponding

beamformed response is given by

) 2a; -k
B(k,t):Zflsﬁ;(t)exp(jQTr aA ); 3)

here, M is the number of synthetic aperture elements, \ is
the transmit wavelength, and the factor of two accounts for
the round-trip motion of both transmitter and receiver.

The beamformed signal is then windowed (Hamming) and
processed with a RangeFFT to obtain the final range—angle
response. In this work, angular responses are computed from
—90° to +90° in 2° increments, producing 90 angle bins,
and the RangeFFT spans Om to 12.29m with a resolu-
tion of 0.1365 m, producing 90 range bins. Thus, the final
range—angle response is represented as a 90 x 90 matrix.

Although platform motion introduces non-uniform sam-
pling and deviations from an ideal uniform linear array
(ULA), the achievable angular resolution can be approxi-
mated by the half power beamwidth (HPBW) of a ULA of
equivalent length:

A
HPBW = 0.886 - I (radians), 4)

where L is the effective aperture size [45]. For context,
the TI-IWR1843’s physical array (3 Transmitters—Tx, 4
Receivers—Rx) provides a minimum azimuth HPBW of
14.5°. In contrast, a synthetic aperture generated by moving
at 0.3m/s for 0.5s (L ~ 0.15m) narrows the HPBW to
approximately 1.3°. Matching this performance physically
would require roughly 78 receivers at standard \/2 spacing.
Thus, synthetic aperture processing improves angular reso-
lution by more than an order of magnitude compared to the
sensor’s native capabilities.

D. U-Net-based Point Cloud Enhancement

To obtain accurate and high resolution point clouds from
the range-angle responses, UAV-SAR utilizes the lightweight
U-Net architecture featured in Fig. 4. Here, the ground truth
training labels are derived from regions in lidar point cloud
observed in the radar’s range-angle response.

Model input. The input to the U-Net model used by UAV-
SAR is derived from the range-angle response, initially
stored in dB. To start, the response is interpolated onto a
Cartesian grid with 0.1 m resolution, spanning from (0m,
12.2m) in the z (forward) direction and from (-12.2m,
12.2m) in the y (left/right) dimension, resulting in a 123 x
246 tensor. To focus on higher-SNR reflections, while re-
taining some weaker features, we apply a thresholding step
to set an upper and lower bound as 50dB and 20 dB above
an approximate noise level, respectively, estimated from the
30th percentile of the response. The resulting tensor is then
normalized to the [0, 1] range. Finally, for better deployment
on resource-constrained platforms and to be compatible with
the U-Net architecture, the input is resized to a 64 x 128
tensor as shown in Fig. 4. Compared to prior lightweight
models such as in [11], which used a 40 x 64 x 48 tensor,
this represents a roughly 15X reduction in input features.
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TABLE I: UAV-SAR radar configurations.

Specification ‘ TI-IWR6843-ODS (down)  TI-IWR1843 (front)

Ng 63 90
Nchirps 100 100
fsamp 2.1 MHz 2.05 MHz
drcs 6.3cm 12.1cm
Clmax 39m 15.4m
VUres 0.034 m/s 0.028 m/s
VUmax 1.7m/s 1.44 m/s

Model output. To obtain ground truth data for model
training, we use a co-located lidar sensor that captures high-
resolution 3D point clouds. We begin by extracting a slice of
the lidar point cloud, retaining only points within the radar’s
z-y field of view and with z coordinates in the range (-
0.25m, 0.5 m), corresponding to the elevation beamwidth of
the radar antenna. The segmentation mask is defined as a
64 x 128 Cartesian grid with = values from Om to 12.2m
and y values from —12.3m to 12.2m, using a resolution
approximately 19.3 cm.

Next, we construct a ground truth mask to align lidar

measurements with the radar input. Cells in the normalized
radar input that have values above 0.05 and lie within
Im of a point in the filtered lidar slice are marked as
valid. This mask provides the target labels for training the
model to detect reflections corresponding to real objects. At
runtime, the model’s predicted segmentation grid is converted
back into Cartesian coordinates using the same z-y grid,
producing a high-resolution 2D point cloud.
Model architecture and loss function. We employ a 3-
stage U-Net architecture [46] to generate high-resolution
point clouds from the input range—angle response. Given the
input’s already high resolution and to optimize performance
on compute-constrained platforms, this 3-stage model is used
instead of the 4- and 5-stage U-Nets in [11] and [10], reduc-
ing the number of parameters by 4.1x and 9x, respectively,
and enabling low-latency inference. Training uses a weighted
combination of Binary Cross Entropy (BCE, weight 0.9)
and Dice loss (weight 0.1) [10], [11], where the BCE term
encourages pixel-wise agreement with the ground truth mask,
and the Dice term sharpens predicted features.

IV. EVALUATION

We implement and evaluate UAV-SAR on a real-world
UAV prototype. The UAV-SAR architecture is deployed
as a set of real-time ROS2 nodes and integrated with a
commercially available flight controller running the PX4
autopilot. This platform enables end-to-end evaluation of
both the UAV-SAR odometry estimation and high-resolution
sensing pipelines, which are quantitatively benchmarked
against ground-truth measurements obtained from commer-
cial optical flow and lidar sensors.

A. Experimental Setup

Platform. The real-world UAV prototype used to evaluate
the UAV-SAR architecture is shown in Fig. 5. Selected

Lidar sensor

Onboard PC

Front radar

Down radar

Fig. 6: UAV-SAR is evaluated in a complex campus labo-
ratory (bottom right) and indoor flight arena with obstacles
placed in various configurations.

specifically for their low size, weight, and power (SWaP)
profile, the sensing suite comprises a downward-facing TI-
IWR6843-0ODS radar for altitude estimation and a forward-
facing TI-IWR1843 for velocity and synthetic aperture sens-
ing. Notably, the forward-facing radar’s configuration was
chosen to achieve the best balance between fine velocity
resolution and optimal synthetic array sensing performance.
Table I summarizes the key parameters for each radar.
Onboard processing is handled by a GMKtec Mini PC with
an Intel N100 CPU (i.e., without a GPU), running the UAV-
SAR architecture as a set of real-time ROS2 nodes at 10 Hz.
All sensors are integrated on a modified Holybro X500 V2
UAV equipped with a Pixhawk 6X flight controller running
the PX4 autopilot firmware. Radar-derived altitude and ve-
locity estimates are streamed to the flight controller over
Ethernet via the PX4 XRCE-DDS protocol. For ground-truth
benchmarking only, the platform is additionally equipped
with a Livox Mid-360 lidar and an Ark Flow optical-flow
and distance sensor module (accuracy of 15 mm).
Evaluation environments. Experiments were conducted at
two indoor locations due to the limited availability of suitable
UAV testing facilities. Training datasets were collected in a
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cluttered campus laboratory environment containing tables,
chairs, and other obstacles. After training, odometry and
high-resolution sensing experiments were carried out in a
dedicated indoor UAV flight arena. In each trial, targets
were placed at random locations within the environment, and
additional experiments were performed under near-darkness
conditions to demonstrate UAV operation in scenarios where
vision-based sensing is ineffective.

B. Datasets

To evaluate the UAV-SAR’s performance, we collected
three unique datasets.

Model training and testing datasets. We collected 213
time-synchronized synthetic array scans and lidar point
clouds in a campus laboratory environment across three UAV
flights. UAV odometry during these flights relied solely on
radar-based altitude and velocity estimates, without optical
flow or laser distance sensors. To increase scan diversity for
model training, the UAV was manually flown at different
altitudes and velocities in lateral left-right trajectories.

Odometry evaluation. To evaluate radar-based velocity and
altitude estimation, we used the UAV’s optical flow sensor
as ground truth. A total of 600 time-synchronized radar
frames were recorded, with ground truth estimates refined
using the optical flow sensor, distance sensor, and the flight
controller’s EKF. For these experiments, the UAV followed
varied trajectories including rotations, angled translations,
and altitude changes.

Unseen validation dataset. Finally, to also evaluate the
performance of our architecture in unseen environments, we
captured a set of 730 synthetic array scans in the UAV flight
arena across six unique flights. For each flight, the scene was
randomly changed to have different lighting conditions and
a combination of objects randomly placed within the radar’s
field of view.

C. Odometry evaluation

Radar altitude accuracy is evaluated using the absolute
error, |Z — zgt|, after correcting for the bias introduced by
the optical flow sensor being mounted slightly above the
downward-facing radar. Velocity accuracy is assessed as the
mean absolute error relative to the fused optical flow-based
velocity estimates produced by the flight controller’s EKF.

D. Generated point cloud quality

The quality of the UAV-SAR model’s predicted point cloud
with respect to the derrived ground truth mask is evaluated
using the common Chamfer and Modified Hausdorff met-
rics [47], [48]. Here, we define the Chamfer distance (CD) as

1
CD(S,85) ==— ¥ mind(z,y) + =——— ¥ mind(z,y),
(S1,52) AR (2 y)+2|52‘y652;rensnl (2,9)
&)

and Modified Hausdorff distance (MHD) as

MHD(S;, S5) = d mind d mind
(51, 52) = max {géesgggl (x,y),ynéeszgensq (x,y)},
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Fig. 7: UAV-SAR’s altitude estimates compared to ground
truth from an ARK Flow’s distance sensor.

TABLE II: Mean and standard deviation of altitude estima-
tion error with and without ZoomFFT.

Method Mean Absolute Error  Std. Dev.
Without ZoomFFT 2.29cm 2.57cm
With ZoomFFT 1.46 cm 1.68 cm

where d(x,y) denotes the Euclidean distance, i.e., ||z — y||3,
and Sp, .S, represent the predicted radar point cloud and the
derived ground-truth point cloud based on the lidar data.

V. RESULTS

We now present the results of the UAV-SAR evaluations,
starting from the altitude and velocity estimation, and fol-
lowed by an analysis of the generated point cloud accuracy.
Video of the experiments is added as part of the submission.

A. Altitude estimation

Fig. 7 compares the estimated altitude against the ground
truth obtained from the Ark Flow’s laser distance sensor,
while Table II summarizes the key statistics across the
dataset. The results show that UAV-SAR achieves highly
accurate altitude estimation using the downward-facing radar
sensor. Moreover, applying the ZoomFFT further reduces the
mean absolute error by a factor of 1.56x. These findings
highlight the practicality of radar-based altitude estimation,
enabling robust operation in environments where optical
sensors may be unreliable.

B. Velocity estimation

Fig. 8 compares the radar-based velocity estimates against
the ground truth from the Ark Flow optical flow sensor,
while Fig. 9 shows the distribution of velocity errors. The
results demonstrate that the estimated UAV velocities closely
match the optical flow measurements across a variety of
translational and rotational trajectories. With a mean absolute
error of only 0.063 m/s, and the vast majority of estimates
within 0.2 m/s of the ground truth, UAV-SAR achieves highly
accurate velocity estimation. This level of accuracy is essen-
tial not only for reliable synthetic array generation but also
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Fig. 8: UAV-SAR’s radar estimated velocity versus ground
truth optical flow-based measurements.
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Fig. 9: Distribution of velocity estimation errors as compared
to optical flow sensor.

TABLE III: Summary statistics for the predicted point cloud
errors as compared to the ground-truth point cloud.

Metric Modified Hausdorff = Chamfer
Mean 0.19m 0.36m
Median 0.09m 0.26m
90th percentile 0.55m 0.80m

for ensuring robust UAV navigation in environments where
optical flow sensing may be unreliable.

C. High resolution sensing

Finally, we present the results of the high-resolution
sensing experiments conducted in an unseen validation en-
vironment. As shown in Fig. 10, synthetic array processing
produces a range—angle response with substantially higher
resolution compared to conventional range—angle imaging.
This enhanced response allows the lightweight U-Net model
to generate point clouds that closely match the original lidar
measurements. Notably, the radar response was even able to
penetrate curtains and capture the layout of a back room that
was completely occluded in the lidar data, underscoring the
unique sensing advantages of radar.

Quantitative results, summarized in Fig. 11 and Table III,
further confirm that the predicted point clouds align well with
the lidar-derived ground truth. Taken together, these findings
demonstrate that our fully radar-based approach enables
high-resolution environmental sensing, powered by accurate
radar odometry, and offers robust perception capabilities in
conditions where lidar and camera may be limited.
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Fig. 10: Overview of high resolution sensing results using the
UAV-SAR architecture in the unseen validation environment
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Fig. 11: Distribution of predicted point cloud errors as
compared to the ground truth segmentation mask.

VI. CONCLUSION

In this work, we introduced UAV-SAR, a radar-based
architecture that jointly enables accurate UAV odometry and
high-resolution synthetic-array sensing. Using a custom UAV
prototype, we demonstrated that UAV-SAR achieves precise
altitude and velocity estimation, high-resolution synthetic-
array beamforming, and dense point cloud generation with a
lightweight U-Net model trained on significantly fewer sam-
ples than prior approaches. By unifying odometry and high-
resolution sensing, UAV-SAR overcomes key limitations of
optical and GPS-based methods, enabling UAV operation
in visually degraded and GPS-denied environments. Future
work will extend this framework to more complex outdoor
settings and platform motions, while exploring advanced
synthetic aperture radar techniques such as adaptive beam-
forming and autofocusing algorithms.
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