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ABSTRACT Radar-based machine learning pipelines require extensive annotated datasets. However, pro-
ducing large volumes of precise labels remains prohibitively laborious and prone to inconsistency, as radar
signals lack a direct visual correspondence. To address this limitation, we introduce a fully automated,
multi-modal annotation pipeline built around our custom RadarBox that co-registers a FMCW MIMO radar
with an Azure Kinect RGB-D camera. Precise spatial calibration and hardware-level synchronization yield
exact pixel-to-radar alignment. RGB images undergo panoptic segmentation to generate per-pixel human
masks, which are fused with depth measurements to reconstruct a voxelized surface mesh. We extract 3D
joint positions from the Kinect Body Tracking SDK and apply a bidirectional Kalman filter to derive precise
per-joint positions and velocity vectors free from sudden, non-physiological fluctuations. These enhanced
labels are projected into 5D radar cube slices and target lists through robust spatio-temporal association. As a
demonstration, we train a deep neural network on annotated radar target lists for indoor people localization,
achieving a mean positional error of 0.31 m and 91.8% occupancy accuracy, even under occlusion. Unlike
prior semi-automatic or heuristic-based methods, our approach delivers consistent 5D labels at scale, bridging
spatial, temporal, and Doppler dimensions, and thus paves the way for large-scale, learning-based radar
sensing in human-centered applications.

INDEX TERMS Automatic labeling, AI-driven, deep learning, human-centric, people localization, radar.

I. INTRODUCTION
Radar sensors are recently gaining increased attention in
human-centered applications, such as activity recognition [1],
[2], [3], [4], [5], [6], fall detection [7], [8], and pose estima-
tion [9], [10], [11], [12]. These diverse use cases are enabled
by radar’s inherent advantages: privacy-preserving operation,
robustness to adverse lighting [9], [10], [13] and weather

conditions [14], the ability to penetrate certain materials [15],
[16], [17], [18], and its capacity to deliver dynamic and spatial
information such as range, velocity, and angle.

These sensing capabilities make radar an attractive modal-
ity for intelligent systems. However, fully exploiting radar
data requires models capable of interpreting its complex and
multi-dimensional structure. This is where machine learning
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FIGURE 1. Paper content overview: The block diagram illustrates the collected data and developed processing chains for the various sensor modalities
utilized in our RadarBox. The processing chain delivers calibrated and synchronized, high-precision human-centric labeling information for downstream
labeling tasks, e.g., for machine learning. OS-CFAR: ordered-statistic constant false-alarm rate, DoA: direction of arrival, OMC: optical motion capture.

plays a critical role, as artificial intelligence continues to
progress in diverse fields [6], [19], [20], [21]. In contrast to the
human perceptual system, which is primarily trained on two-
dimensional visual stimuli, machine learning models offer the
ability to process and learn from the high-dimensional, non-
intuitive representations characteristic of radar sensors. The
effectiveness of supervised learning critically depends on the
availability of large volumes of high-quality labeled data [22],
[23], [24]. Obtaining such labels is particularly challenging:
manual annotation is labor-intensive, time-consuming, costly,
and requires domain-specific expertise. Moreover, the abstract
nature of radar data makes labeling ambiguous and prone to
inconsistency. Even for experienced annotators, distinguish-
ing targets from clutter or interpreting overlapping reflections
often leads to subjective decisions.

Various approaches have been proposed in the literature
to automate the annotation of sensor data. In recent years,
many solutions for automated radar data annotation have
originated from automotive applications. Early methods often
relied on manual or semi-automatic procedures, such as draw-
ing bounding boxes in 3D point clouds [25]. Subsequent work
used ground-truth information from complementary sensors
to enable automatic radar labeling; for example, [26] em-
ployed vision-based ground truth to annotate radar cubes
and [27] proposed a semi-automatic approach for labeling
radar point clouds. However, such vision-based methods are
inherently limited by their lack of precise depth information.
In [28], computer vision was used to annotate lidar data,
while [29] applied lidar-based object detectors for radar data
annotation. Multi-modal data fusion has proven particularly
effective in this context. [30] combined lidar and camera
data for automated radar annotation, and [31] integrated lidar,
camera, and odometry for semi-automatic labeling of radar
point clouds. Yet, these often omit motion dynamics such as

tracking or velocity estimation. In contrast, [32] demonstrated
the utility of multi-sensor fusion to generate labels for tracking
vulnerable road users, incorporating both spatial and temporal
aspects.

Automotive-focused methods typically prioritize
object-level detection, limiting their suitability for indoor
applications requiring finer motion detail and articulated
pose estimation. Several studies have targeted indoor human-
centric monitoring: For instance, [33] utilized camera-based
computer vision for person detection, and [34] transferred
camera-derived annotations onto human-oriented radar point
clouds. In [35], Kinect-derived skeletal data was used to
label motion over time, such as spectrograms, highlighting
the potential of cross-modal skeleton-based supervision.
Additionally, some approaches in human pose estimation [9],
[10], [11], activity recognition [36], or gait analysis [37]
extract skeletons from camera data to train radar-based pose
estimators. These pipelines, however, often require manual
post-labeling, lack depth cues, or depend on multi-camera
setups.

To address the shortcomings of prior work, we introduce
a powerful automatic radar data labeling framework driven
by multi-modal sensor fusion, which enables the capture of
precise depth information as well as detailed motion data,
as illustrated in Fig. 1. In contrast to previous works relying
on heuristic rules or manual annotation, our method enables
consistent and reproducible label generation across varying
scenes and subject motions. At its core, our system fuses
a radar sensor embedded in a custom-engineered RadarBox
with an Azure Kinect camera system. The Kinect delivers
precisely aligned RGB, depth, and skeletal streams, serving
as high-fidelity ground truth for the radar domain. Through
spatial calibration and precise temporal synchronization, we
enable fully automated label generation via robust association
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FIGURE 2. Developed measurement setup: Our RadarBox with an
integrated multiple-input multiple-output frequency-modulated
continuous-wave radar (Texas Instruments evaluation board) and RGB-D
camera (Microsoft Azure Kinect). The box provides interfaces to
synchronize with other sensor systems, such as optical motion capture.
The figure is reproduced from [12].

— entirely removing the need for manual annotation. In ad-
dition to skeletal tracking, the Kinect’s depth modality yields
dense spatial point clouds that capture the surface geometry
of objects and human bodies. These point clouds offer an
additional source of spatial structure, which can be leveraged
for enriching radar annotation with surface-level context or
non-skeletal reference targets. Crucially, by employing a bidi-
rectional Kalman filter, we further refine skeletal tracking ac-
curacy, yielding high-precision joint positions. Most notably,
this allows for the reliable estimation of joint-wise velocity
vectors — a key advancement that is otherwise nontrivial to
derive from position data alone. This enriched motion repre-
sentation substantially broadens the labeling scope, enabling
targeted annotation within the Doppler domain.

Our framework supports the creation of accurately labeled
radar datasets at scale, enabling downstream tasks such as
object detection, activity recognition, and pose estimation.
The modular design also allows adaptation to diverse radar
configurations and environments.

The remainder of this paper is structured as follows: Sec-
tion II describes the RadarBox hardware and sensor setup.
Section III details the camera-based data processing pipeline
used to extract keypoints and surface meshes. Section IV
outlines the radar signal processing chain. Section V summa-
rizes hardware requirements and processing time. Section VI
presents the automatic labeling methods for radar data. Sec-
tion VII demonstrates the application of the proposed labeling
pipeline to a deep learning-based indoor people localization
task. Section VIII concludes the paper.

II. RADARBOX – MEASUREMENT AND SENSOR SETUP
In this section, we describe the measurement and sensor
setup. The developed sensor system, RadarBox, is illustrated
in Fig. 2. RadarBox is a compact and robust sensing plat-
form that integrates several hardware components to enable

synchronized multi-modal data acquisition. At its core, the
system includes two primary sensing devices: a Texas Instru-
ments multiple-input multiple-output (MIMO) radar evalua-
tion board for capturing radar raw data and a Microsoft Azure
Kinect depth camera for ground truth labeling. These sen-
sors are enclosed in a durable plastic casing (35 cm × 50 cm
× 19 cm) to ensure mechanical stability and fixed relative
positions of the sensors. Additional supporting components
include a mini PC, which manages sensor operation, data
storage, and software-based synchronization, and an Arduino
board that provides precise hardware-level time synchroniza-
tion. Additionally, several external interfaces are provided for
system control and external triggering, such as optical motion
capturing as demonstrated in [12], making RadarBox a highly
versatile and extensible platform for advanced experimental
setups.

A. AZURE KINECT CAMERA SYSTEM
We employed the Microsoft Azure Kinect camera1 to capture
the visual scene for downstream ground-truth labeling. The
Azure Kinect delivers a comprehensive set of synchronized
data streams tailored for multimodal perception tasks. It pro-
vides high-resolution RGB imagery, precise depth sensing
via a time-of-flight sensor, and infrared imaging for robust
performance under low-light conditions. Additionally, the de-
vice includes an integrated microphone array and an inertial
measurement unit, enabling the acquisition of spatial audio
and motion data. When combined with the Azure Kinect Body
Tracking SDK, the system supports real-time skeletal track-
ing using advanced algorithms to estimate 3D joint positions
and orientations across a detailed 32-joint model. This model
encompasses key anatomical landmarks — such as the head,
neck, spine, shoulders, elbows, wrists, hips, knees, and ankles
— facilitating high-fidelity skeletal motion analysis. Further-
more, the Azure Kinect provides external synchronization
interfaces intended for multi-device configurations.

B. RADAR SYSTEM SETUP
The radar subsystem was centered on the Texas Instruments
IWR6843AOPEVM2 evaluation board, which integrates on-
package antennas. The board includes four receiving and three
transmitting antennas, configured in an L-shaped virtual ar-
ray to enable two-dimensional angle estimation. This antenna
configuration offers a wide field of view in both azimuth and
elevation, supporting comprehensive spatial coverage. To fa-
cilitate raw radar data acquisition, the MMWAVEICBOOST3

and DCA1000EVM4 extension boards were employed, form-
ing a flexible and high-performance radar signal capture setup.
The system operates in frequency-modulated continuous-
wave (FMCW) mode and employs time-division multiplexing

1https://azure.microsoft.com/products/kinect-dk
2https://ti.com/tool/IWR6843AOPEVM
3https://ti.com/tool/MMWAVEICBOOST
4https://ti.com/tool/DCA1000EVM

3

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 

https://azure.microsoft.com/products/kinect-dk
https://ti.com/tool/IWR6843AOPEVM
https://ti.com/tool/MMWAVEICBOOST
https://ti.com/tool/DCA1000EVM


ENGEL ET AL.: FULLY AUTOMATED, AI-DRIVEN MULTIMODAL ANNOTATION FRAMEWORK FOR HUMAN-CENTRIC RADAR APPLIED

TABLE 1. Radar System Parameter Settings

(TDM) MIMO techniques to achieve effective channel sep-
aration. Table 1 summarizes the key radar configuration
parameters. An update rate of 15 Hz was selected to reliably
capture human motion dynamics, while an increased num-
ber of chirps per frame was configured to enhance Doppler
resolution. This setup enables fine-grained discrimination of
velocity components associated with individual body parts in
the range-Doppler domain, thereby supporting detailed mo-
tion analysis in dynamic human-centered scenarios.

C. CALIBRATION AND SYNCHRONIZATION OF SENSOR
SYSTEMS
To enable synchronized data fusion between the two sensing
modalities, which operate in distinct coordinate systems, a
precise spatial registration within a common Cartesian refer-
ence frame and accurate time synchronization are required.
As a preliminary step, the radar and Azure Kinect systems
were individually calibrated within their respective coordi-
nate frames. Subsequently, a joint calibration procedure was
conducted using a shared reference target that is simultane-
ously perceivable by both sensors. The measurement setup
employed for this purpose is depicted in Fig. 3. To ensure high
measurement fidelity and suppress multi-path effects, all cal-
ibration experiments were performed in an anechoic chamber
at the Institute of Microwaves and Photonics (FAU). A metal-
lic trihedral corner reflector was utilized to generate a strong
radar target, while an infrared-reflective marker placed pre-
cisely at the reflector’s apex facilitated accurate localization
in the Kinect’s depth image. We conducted radar measure-
ments at varying distances and viewing angles, obtaining a
diverse set of observations. The reflector’s phase center was
meticulously identified in both sensor frames across all poses.

FIGURE 3. Calibration measurement setup in an anechoic chamber with a
shared reference target. The image shows a metallic corner reflector with
an infrared-sensitive marker attached at its apex. This configuration
enables precise co-localization in both the radar and Azure Kinect frames,
enabling accurate spatial registration between the two coordinate systems.

Based on these correspondences, a spatial transformation was
estimated by solving a constrained optimization problem,
minimizing the registration error in a least-squares sense [38]:

Ropt, T opt = arg min
R,T

‖X radar − (RX azure + T )‖2
F , (1)

where R is an orthogonal rotation matrix (RᵀR = I), T is
a translation matrix, X represents the coordinates in their
respective systems, and ‖ · ‖2

F denotes the Frobenius norm.
We applied Procrustes analysis [38], [39], [40] to estimate the
optimal rotation Ropt and translation T opt parameters.

In our setup, accurate time synchronization was achieved
by repurposing the external output signal of the Azure Kinect
as a hardware trigger for the radar system, ensuring pre-
cise alignment with the radar data acquisition pipeline and
maintaining consistent, low-latency synchronization across all
sensing modalities.

III. CAMERA DATA PROCESSING FOR LABEL EXTRACTION
This section details the processing pipeline applied to camera
data to generate groundtruth labels for downstream tasks. The
overall pipeline, shown in the upper part of Fig. 1, comprises
two stages. First, we perform panoptic segmentation on the
RGB images to obtain perpixel scene labels (Section III-A).
These labels serve as masks for the point cloud reconstructed
from transformed depth images (i.e. depth images that have
been resampled and spatially aligned to match the RGB im-
ages in resolution and dimensions), yielding a segmented
point-cloud mesh (Section III-B). Second, we employ the
Azure Kinect SDK Body Tracking module to extract human
keypoints and refine their positions and velocities using a bidi-
rectional Kalman filter (Section III-C). Each of these stages is
described in detail below.

A. OBJECT DETECTION FROM RGB CAMERA IMAGES
USING DEEP LEARNING
For the purpose of generating ground-truth labels, relevant
objects are automatically detected and segmented using the
camera data. Owing to the rich visual information in RGB
images, modern computer vision techniques — particularly
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FIGURE 4. Exemplary panoptic segmentation results on an RGB image,
with all non-human classes filtered out to highlight detected person
instances.

deep neural networks — have shown strong performance in
object recognition and scene understanding tasks [41], [42],
[43]. In this work, we leverage panoptic segmentation, a tech-
nique that integrates semantic and instance segmentation into
a unified framework. This approach yields pixel-wise seman-
tic labels along with instance-specific object masks, enabling
both class-level understanding and precise object delineation.
The resulting segmentation masks are directly aligned with
the image’s pixel grid, allowing accurate spatial correspon-
dence. We adopt the panoptic feature pyramid network (FPN)
model from [44], implemented within the open-source De-
tectron2 framework developed by Meta Research [45]. This
model provides strong out-of-the-box performance on diverse
datasets without requiring modification for our camera sys-
tem. It supports segmentation across a broad range of object
categories, such as person, bicycle, car, dog, cat, and umbrella,
making it adaptable to various use cases. In our application,
only selected classes relevant to human-centered and indoor
scenarios are retained for downstream processing. An exam-
ple output of the segmentation process is illustrated in Fig. 4,
where all non-human objects have been filtered out.

B. FUSION OF OBJECT DETECTION AND DEPTH SENSING
FOR SURFACE MESH EXTRACTION
To extract dense 3D representations of human surfaces, we
combined RGB-based object detection with depth-based point
cloud generation from the Azure Kinect camera system. Depth
images were converted into 3D point clouds using the intrinsic
parameters of the camera, resulting in a dense set of spatial
points projected into the camera coordinate frame. These point
clouds were then associated with the corresponding semantic
information obtained from panoptic segmentation of the RGB
images, allowing for per-pixel classification within the 3D
space. Given the high resolution of RGB-D imagery, each
object yields a large number of 3D points, resulting in high
memory and computational demands. To mitigate this, a voxel
grid filter was applied for spatial downsampling. The 3D
space was discretized into voxels of edge length 5 cm, and
only a single representative point — the centroid of the voxel
— was retained if multiple points occupied the same voxel.

FIGURE 5. 3D point cloud with overlaid skeletal keypoints for two
individuals. The figure shows the voxelized surface point clouds derived
from panoptic segmentation, with body joint positions extracted using the
Azure Kinect Body Tracking SDK.

This voxelization significantly reduces the point cloud density
while preserving geometric structure. In the example shown
in Fig. 5, the point cloud contains only one-seventieth of the
points of the denser representation.

Segmentation masks often contain mislabeled pixels at ob-
ject boundaries, leading to depth values inconsistent with the
actual object geometry — typically corresponding to back-
ground surfaces. These artifacts project into 3D space as
outliers with large deviations in the z-direction. To remove
these, the Density-Based Spatial Clustering of Applications
with Noise (DBSCAN) algorithm [46] was applied to each
segmented object, using a minimum cluster size of 10 points
and a maximum neighbor distance of 30 cm. Only the largest
identified cluster was retained, as it is assumed to correspond
to the correctly segmented object region, which holds true
in the majority of near-camera applications. This strategy ef-
fectively filters out spurious outliers caused by misclassified
edge pixels without discarding the primary structure of the
object. Since DBSCAN may separate parts of the same object
(e.g., upper and lower body occluded by a table), clustering
was constrained to the depth dimension only. This ensures
that spatially disjoint but depth-consistent body segments are
preserved, while isolated outliers with divergent depth values
are removed.

To enable consistent tracking of segmented individuals
across frames, an inter-frame association algorithm was im-
plemented. Each segmented object was assigned an index
number based on the minimum distance between centroid
positions of segments across consecutive frames, using a
threshold of 1 m to avoid incorrect associations due to subject
occlusion or scene transitions. Unmatched segments received
new identifiers. The result of the body surface extraction is
illustraded in Fig. 5. For enhanced interpretation, skeletal key-
points were also overlaid on the point clouds.
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C. BIDIRECTIONAL KALMAN FILTER-ENHANCED
KEYPOINT-WISE TRACKING
The Azure Kinect Body Tracking SDK is employed to ex-
tract 3D human joint positions from the captured depth data.
Using a deep learning-based approach, the system estimates
the spatial locations and orientations of 32 anatomical joints.
The SDK is capable of tracking multiple individuals si-
multaneously, making it suitable for multi-person interaction
scenarios. The resulting skeletal representations exhibit tem-
poral continuity and spatial accuracy, making them suitable as
structured ground-truth annotations for motion-related down-
stream tasks. An example of the two extracted skeletons from
the scene shown in Fig. 4 is visualized in blue in Fig. 5.

While the SDK provides discrete joint positions xc, yc, zc

per frame, applications such as labeling radar-based human
motion scenarios can benefit from the additional estimation
of joint velocities ẋc, ẏc, żc to enrich the temporal dynam-
ics of the data. To this end, we applied a Kalman filter to
not only smooth the position trajectories but also infer the
velocity vector components. As real-time operation is not
necessary for the offline labeling process, we adopt a bidirec-
tional Kalman filter (BKF) to further optimize the estimates
by incorporating both past and future measurements [47],
[48], [49]. In particular, we employ the Rauch–Tung–Striebel
smoother [47], a classical fixed-interval implementation of
the BKF. This is particularly advantageous in the presence
of occlusions, missing detections, or temporally inconsistent
keypoints, which are common in depth-based body tracking.
The BKF can retrospectively correct such errors and interpo-
late through short-term gaps, thereby providing more accurate
and stable keypoint trajectories, including both position and
velocity components, for use in downstream radar labeling.

Throughout the manuscript, the index k denotes the current
time step, with k − 1 and k + 1 referring to the previous and
next time steps, respectively. We define the Gaussian dis-
tributed system state vector at time step k as:

xk =
[
xc, y

c
, zc, ẋc, ẏ

c
, żc

]�
with xk ∼ N(xk, Pk ) . (2)

where xc, yc, zc denote the keypoint position vector elements
and ẋc, ẏc, żc the associated velocity components. x denotes
the mean, and P denotes the covariance of that state’s prob-
ability distribution. In the forward pass, the standard Kalman
filter [50] is applied. The prediction step is formulated as:

xk|k−1 = Fxk−1|k−1, (3)

Pk|k−1 = FPk−1|k−1F� + Q, (4)

where F is the state transition matrix (constant velocity
model) and Q is the process noise covariance matrix, which
is initialized with values described in [51]. The measurement
vector yk at each time step contains the observed position:

yk =
[
xc, yc, zc

]�
. (5)

The update step of the standard Kalman filter is then com-
puted as [50]:

Kk = Pk|k−1H�(HPk|k−1H� + Rk )−1, (6)

xk|k = xk|k−1 + Kk (yk − Hxk|k−1), (7)

Pk|k = Pk|k−1 − KkHPk|k−1, (8)

where R is the empirically determined measurement noise
covariance matrix, K is the Kalman gain, and H is the ob-
servation matrix. Since only the position is observed, H is a
3 × 6 matrix that extracts the position components from the
state vector. As the measurement space is a subset of the state
space, the transformation from state to measurement domain
can be performed via a simple matrix multiplication.

To further improve the estimates, we applied a backward
pass using the BKF equations. This refinement step relies on
future measurements to enhance the state estimation at each
time step. As a prerequisite, we (again) first computed the
predicted state and covariance for the (k + 1)-th time step
based on the information up to the k-th time step using the
standard Kalman filter prediction formulas [47], [50]:

xk+1|k = Fxk|k . (9)

Pk+1|k = FPk|kF� + Q. (10)

The predicted values were subsequently employed in the
backward equations to compute the backward-corrected state
and covariance estimates [47]:

K̃k = Pk|kF�P−1
k+1|k, (11)

x̃k = xk|k + K̃k (x̃k+1 − xk+1|k ), (12)

P̃k = Pk|k + K̃k (P̃k+1 − Pk+1|k )K̃�
k , (13)

where x̃ represents the backward-corrected state estimate and
P̃ the corresponding covariance matrix. The matrix K̃ func-
tions similarly to the Kalman gain in the standard Kalman
filter with the difference that the predicted system state vector
is no longer compared with a measured vector but rather with
the corrected system state vector of the subsequent time step.
Thus, the BKF propagates the trajectory from the final to the
initial time step, ensuring that the state estimate at each time
instant incorporates all past and future measurements, thereby
yielding an optimal estimate.

To demonstrate the performance of the BKF, we provide
an exemplary measurement of a person walking frontally to-
ward the camera. Fig. 6 shows the estimated position and
its corresponding velocity. For clarity, we focus solely on
the z-component, which represents the depth dimension in
the Azure Kinect system, as it exhibits the most signifi-
cant variation in this scenario. The top plot illustrates the
z-position over time for selected joints that exhibit the most
pronounced motion, including a comparison with measure-
ment data from an Azure Kinect sensor. The bottom plot
compares the velocity estimated by the BKF with a reference
velocity obtained via numerical differentiation using a central
difference approximation. To asess the BKF’s performance,
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FIGURE 6. An exemplary measurement of a person walking frontally
toward the camera. The plots compare the bidirectional Kalman filter
(BKF) results with the Body Tracking SDK z-position outputs (top) and the
corresponding velocity obtained by differentiating the position (bottom).

we compare its velocity estimates with those generated by
the differential method. Notably, the plot highlights opposing
velocity components for corresponding left and right body
parts, such as the wrists and feet, which align with the natural
gait pattern. Moreover, the BKF effectively smooths sudden,
non-physiological fluctuations likely caused by measurement
noise, resulting in more stable and consistent velocity esti-
mates. Fig. 7 illustrates a comparison of tracking performance
between the BKF and the Body Tracking SDK using selected
joints, such as the wrist and ankle. In the upper plot, position
estimates from both methods are presented in a single frame
to facilitate a direct comparison of their tracking performance,
with key regions exhibiting decisive differences clearly high-
lighted. The lower plot offers an alternative perspective on the
BKF-smoothed trajectory, underscoring its enhanced consis-
tency and robustness in accurately capturing movement.

This BKF process yields temporally consistent keypoint
trajectories along with their velocity vectors, and improves
robustness to short-term occlusions, misdetections, and noise.
The advantages of this enhanced occlusion handling will
be furhter demonstrated in the application example in Sec-
tion VII below.

IV. RADAR DATA PROCESSING
The lower panel of Fig. 1 illustrates the radar signalprocessing
chain; a more detailed view is presented in Fig. 8. The radar
system operates based on a time-division multiplexed MIMO
FMCW waveform, processed using a chirp-sequence ap-
proach tailored to indoor motion capture scenarios [52], [53].
Raw I/Q data was collected from each virtual channel across
all frames and organized for every frame into a 4D complex-
valued data structure, X [i, j, k, l]. The indices i and j rep-
resent fast-time and slow-time samples, respectively, while
k and l correspond to the spatial dimensions of the virtual

FIGURE 7. Visualization of selected joints (wrist and ankle): The top panel
compares outputs from the bidirectional Kalman filter (BKF) and Body
Tracking SDK (BT), while the bottom panel shows the BKF-smoothed
trajectory from an alternative perspective.

antenna array. Due to the L-shaped array configuration, some
entries in the spatial grid were unassigned and thus filled with
zeros. To suppress static background reflections and isolate
dynamic scene elements, a frame-wise mean subtraction was
performed along the slow-time dimension, resulting in a radar
cube free from statical reflections (see Fig. 8(a)):

XSCR[i, j, k, l] = X [i, j, k, l] − X̄ [i, j, k, l], (14)

where X̄ [i, j, k, l] denotes the mean of the slow-time samples
and is broadcast across the full cube. This step enhances
sensitivity to fine movements and reduces sensitivity to
environment-specific static reflections (Fig. 8(b)). Following
this, the Hann window [54] W [i, j, k, l] was applied to the fast
and slowtime dimensions to suppress spectral leakage before
transforming the data into the range–Doppler domain via a 2D
FFT:

Y [m, n, k, l] = FFT{W [i, j, k, l] · XSCR[i, j, k, l]}. (15)

Here, m and n denote discrete range and Doppler bins, respec-
tively. A 2D ordered-statistics CFAR detector [55], [56], [57]
was applied to Y to identify prominent scatterers in the range-
Doppler plane. An example result is shown in Fig. 8(c), which
highlights dynamic reflections suitable for further processing.

7

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 



ENGEL ET AL.: FULLY AUTOMATED, AI-DRIVEN MULTIMODAL ANNOTATION FRAMEWORK FOR HUMAN-CENTRIC RADAR APPLIED

FIGURE 8. Applied radar signal processing: The raw radar data was processed by a 2D FFT to convert it to more descriptive range-Doppler information.
Subsequently, a 2D ordered-statistic constant false-alarm rate (OS-CFAR) was applied to extract the relevant scatterer in the range-Doppler domain and
apply a 2D FFT beamforming to infer the angular information of the scatterer. The figure is similar to that in [12].

To estimate the direction-of-arrival (DoA), a 2D spatial FFT
was then performed over the virtual antenna dimensions:

Z[m, n, o, p] = FFT{Y [m, n, k, l]}, (16)

where o and p represent the elevation and azimuth angle
bins, respectively. To reduce computational load, DoA esti-
mation was limited to the range-Doppler bins where CFAR
had detected a target. In high-density scenes, multiple re-
flections may appear within the same bin. To resolve such
overlaps, we applied the CLEAN algorithm [58], enabling
separation of multiple sources from within a single angular
spectrum. A representative elevation-azimuth slice is visual-
ized in Fig. 8(d). The resulting detections were then mapped
into Cartesian coordinates using the estimated range, ra-
dial velocity, and angular information. Each detection was
further enriched with radar-specific metrics such as signal-to-
noise ratio (SNR), noise floor, and intensity. These processed
detections were compiled into structured target lists, each
representing a set of radar-detected objects in a given frame,
as illustrated in Fig. 8(e). To standardize input dimensionality
for the learning model, the number of targets per frame was
capped at 64. If fewer detections were present, zero-padding
was applied to maintain fixed-size input tensors. These radar
target lists formed the final processing step for potential sub-
sequent downstream processing.

V. HARDWARE REQUIREMENTS AND PROCESSING TIME
For the operation of the RadarBox, a Dell OptiPlex Micro
7010 equipped with an Intel Core

TM
i5-13500 T processor

and 16 GB of RAM was employed. The solid-state drive was
expanded to 1 TB to accommodate the storage of extensive
raw datasets. To preserve the compact design and minimize
thermal stress during continuous operation, the system was
configured without a dedicated GPU. Raw data from the cam-
era and radar sensors were stored locally as RGB, infrared,
and depth images, along with corresponding radar raw data
files. These data were subsequently transferred to an external
workstation for post-processing.

For each acquisition sequence, the recording duration was
fixed at 15 min to ensure coherent motion segments while
maintaining manageable dataset block sizes. The radar oper-
ated at 15 Hz while the camera system recorded at 30 Hz,
yielding 27,000 frames per recording. Although the higher
frame rate increases data volume and computational demands,
it provides a finer temporal resolution, which improves the
accuracy and continuity of motion representation. After pro-
cessing, the camera frames were downsampled to match the
radar frame rate. The resulting data volumes amounted to
11 GB for RGB, 7.7 GB for infrared, and 5.2 GB for depth
images, complemented by 5.3 GB of radar raw data, corre-
sponding to a total of 29.2 GB per recording.

We parallelized the raw data processing across multiple
workstations to reduce overall computation time. For bench-
marking purposes, however, the complete labeling pipeline
was evaluated on a single workstation equipped with an In-
tel Xeon W-1350 processor, 128 GB RAM, and an Nvidia
GeForce RTX3080 GPU with 10 GB VRAM. The current
implementation is not yet fully optimized. All reported tim-
ings refer to a 15-min recording involving two persons. The
body joint extraction using the Body Tracking SDK required
40.6 min when processing four recordings in parallel, cor-
responding to an effective time of 10.2 min per recording.
The panoptic image segmentation, which is computationally
intensive, required 180.1 min for three recordings processed in
parallel, resulting in an effective time of 60.0 min per record-
ing to extract all scene classes, including people, furniture,
and small objects. The subsequent Kalman-based temporal
processing, comprising both the standard forward Kalman
filter and the BKF, required 100.5 min for six recordings pro-
cessed in parallel, resulting in an effective time of 16.7 min per
recording. The radar signal processing, from raw data to target
list generation, took approximately 6.6 min per recording.

Although the overall data volume and processing duration
are considerable, the proposed processing framework exhibits
a high degree of scalability. Each module of the pipeline
operates largely independently and can thus be parallelized
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FIGURE 9. Labeling of a range–Doppler slice using the bidirectional
Kalman filter (BKF) approach. Strong reflections at ≈ 2 m and ≈ 5 m are
automatically annotated with a subset of keypoints (pelvis, hands, feet,
and nose shown for clarity) and enclosed by dashed contours indicating
each person.

across multiple workstations or computing nodes with min-
imal interdependence. Furthermore, future improvements in
algorithmic efficiency and hardware performance, such as
advances in GPU architectures and optimized deep learning
models, are expected to further reduce computational de-
mands. Accordingly, the present configuration establishes a
robust foundation for future extensions, particularly since the
labeling process operates offline and does not require real-
time execution.

VI. LABELING RESULTS
In this section, we demonstrate two exemplary labeling pos-
sibilities made feasible by the automatic labeling process
described above.

A. LABELING OF 5D RADAR CUBE
Here, we demonstrate the feasibility of labeling the 5D radar
cube (time, range, Doppler, elevation, and azimuth) with
an example in range-Doppler domain. In Fig. 9, the results
of labeling a range-Doppler slice are shown alongside the
corresponding RGB image. By employing our bidirectional
Kalman filter labeling approach, each human keypoint is as-
signed a velocity, which can be readily converted into the
radial velocity relative to the radar, thereby enabling labeling
in the Doppler domain. As an example, two individuals move
freely in a room, producing a range-Doppler plot with mul-
tiple strong targets at approximately 2 m and 5 m. These can

be associated with the individuals based on the RGB image.
Additional, weaker reflections around 3 m and 6 m do not
originate directly or via line-of-sight from the persons. As
shown, both individuals’ body joints have been automatically
annotated. For clarity, only the pelvis, left and right hands,
both feet, and the nose (head) are displayed. Windows sizes
were set with tolerances of ±0.25 m in the range dimension
and ±0.25 m in the velocity dimension. Dashed lines illustrate
the outlines of each person. It is immediately evident that the
marked body joints reliably cover the strong reflections of
both individuals, while echoes caused by multi-path propaga-
tion and other scatterers are ignored. On this basis, machine
learning can be applied to the labeled radar data to derive
further insights. Since the x-, y-, and z-coordinates of body
joints can also be used to compute azimuth and elevation
angles, labeling in these dimensions is feasible and especially
advantageous when using radar systems with high angular
resolution.

B. POINT CLOUD-BASED LABELING
The signal processing chain described in Section III-B pro-
vides the foundation for labeling radar point clouds. Each
radar target extracted through the processing chain in Fig. 8 is
checked for proximity (≤ 30 cm) to a camera-based reference
point in Fig. 5 and, if within range, inherits that reference
point’s label and instance number. If multiple reference points
fall within the threshold, the closest one is chosen to avoid
misassignments, especially when two individuals move in
close proximity. An important advantage of this approach is
the utilization of human surface data derived from camera
and depth sensors, as these surfaces directly correspond to the
regions responsible for radar reflections, thus significantly en-
hancing labeling accuracy. Since the panoptically segmented
point cloud may contain non-human objects, corresponding
object categories can also be assigned. In Fig. 10, however,
only the “person” category was considered. We present skele-
tons derived from the Azure Kinect SDK and refined by
Kalman filter–based position estimation, shown alongside the
radar point clouds. As illustrated, point clouds assigned to
humans appear in color green and orange, while unassigned
points are rendered in blue.

VII. APPLICATION EXAMPLE: DEEP LEARNING-ENABLED
PEOPLE INDOOR LOCALIZATION USING RADAR TARGET
LISTS
The direct labeling of radar measurements in the 5D datacube
domain and of further processed target lists has proven ef-
fective for many applications. However, for machinelearning
tasks that rely exclusively on radar inputs, applying labels
derived from camera data enables a model to reproduce the
same outcome using radar data alone. In the example below,
we demonstrate how camerabased labels are used to train
a machinelearning model on radar measurements for room-
scale people localization.
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FIGURE 10. Labeling of radar point clouds through proximity matching to
camera-based reference points. Radar targets extracted by the signal
processing chain (Fig. 8) are assigned the label and instance ID of the
nearest panoptically segmented reference point within 30 cm.

Accurately localizing and counting individuals indoors,
which is essential for tasks such as home-habit monitor-
ing, shopper-behavior analysis, navigation in museums, or
human–machine coordination in industrial halls, remains dif-
ficult. This is because multipath propagation can mask true
reflections and produce spurious ghost targets, and because
occlusions occur when one person blocks another’s radar re-
turn [59], [60]. Machine learning models may overcome these
issues by learning to distinguish genuine targets and by using
temporal context to track occluded individuals.

To address this, we present a deep learning model that
detects and localizes multiple people within a room. By op-
erating on radar target lists rather than the full 5D data cube,
we reduce computational cost while preserving the positional
information needed. We conducted a study in an office-like
environment, recording people moving in front of our Radar-
Box. Using the outputs of our labeling process, the model was
trained using only radar target lists to predict both the number
of people and their spatial coordinates.

A. BIDIRECTIONAL-KALMAN-FILTER-ENHANCED DATASET
We deployed the system in three distinct indoor environments
with varying layouts and furniture: (a) an office, (b) a kitchen,
and (c) a laboratory temporarily configured as an office
(see Fig. 11). In each room, we conducted recordings under

controlled occupancy levels of 0, 1, and 2 individuals to
evaluate the system’s performance across different usage
scenarios. Our RadarBox was placed on a table facing toward
the center of the room. The study was approved by the Ethics
Committee of Friedrich-Alexander-Universität Erlangen-
Nürnberg (Protocol #22-437-B), and all participants provided
written informed consent. For each room and occupancy level,
we recorded several continuous 15-minute sessions, yielding
a total of 405,000 radar samples. Participants performed
unscripted office-style activities (walking, standing, sitting,
eating, telephoning, or any combination thereof) to emulate
natural behavior. The dataset contains equal representation of
each occupancy level. Pelvis-root joint coordinates extracted
via our presented processing method described in Section II-
I-C served as ground truth. We encoded occupancy as a count
vector and each individual’s pelvis position as their location.

To demonstrate the application-specific benefits of our BKF
labeling approach, Fig. 12 compares pelvis trajectories from
Azure Kinect Body Tracking, a standard Kalman filter, and
the BKF. The standard filter exhibits pronounced deviations
during measurement gaps (e.g., of person 1 in region III
due to occlusion on the blue trajectory) because it simply
forward-propagates the last known velocity without correc-
tion. In contrast, the BKF — by processing the entire sequence
bidirectionally in time — maintains a smooth, physically
plausible trajectory even in the absence of observations. As
we now possess accurate ground-truth trajectories throughout
these gaps, our radar-based deep learning model can be trained
to infer both occupancy and individual positions even in the
presence of occlusions.

B. DEEP LEARNING ARCHITECTURE
To accurately infer room occupancy and individual positions
from radar-derived target lists, we developed a deep neural
network, illustrated in Fig. 13. The architecture employs a
multi-stage pipeline to exploit spatial and temporal correla-
tions inherent in the data. As an input to the deep learning
model, we used a tensor featuring seven parameters including
position (x-, y-, z-components from point clouds), correspond-
ing velocity, SNR, noise, and intensity ∈ R7×1, processed by
the radar processing presented in Section IV. The prediction
of our network was a hard-coded vector for person or not, and
a regression for the the Cartesian positions of the persons.

First, a PointNet [61] backbone extracts spatial features
from each radar frame, mapping unordered point sets into
fixed-dimensional global features. By cascading successive
multi-layer perceptron (MLP) layers and applying learned
geometric transformations, the network captures the intrinsic
spatial structure of the input. These per-frame embeddings
are then sequenced and processed by a Transformer encoder,
whose multi-head self-attention mechanism [62] discerns
temporal dependencies critical for modeling human motion
dynamics. The encoder’s output is subsequently fed into two
distinct fully connected heads: one implements a classification
task to predict occupancy states as discrete labels, and the
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FIGURE 11. Photographs of the rooms utilized in this study: (a) Office, (b) kitchen, (c) laboratory configured as an office.

FIGURE 12. Illustration of tracking performance in challenging scenarios:
(Top) Photographs (I)–(IV) show selected time frames from the recorded
scenarios, illustrating the motion paths of two individuals and highlighting
challenging situations involving visual occlusion. (Bottom) Comparison of
tracking results: the proposed bidirectional Kalman filter (BKF) improves
trajectory continuity and accuracy compared to the standard Body Tracking
SDK (BT) output, as demonstrated in Region III.

other performs regression to estimate continuous positional
coordinates.

C. TRAINING, OPTIMIZATION, AND EVALUATION
For training our deep learning models, we partitioned the
dataset room-wise into three subsets: training, validation, and
test in an 80 : 10 : 10 ratio. For assessing cross-room gener-
alization, we trained on data from the environments shown in

TABLE 2. Transformer Encoder Parameter Overview of the Optimized
Model

Fig. 11(a) and (b) and held out the environment in (c) exclu-
sively for testing, ensuring the test set was never seen during
training. We trained the model using the Adam optimizer, with
a batch size of 32, a weight decay of 0.0001, and an initial
learning rate of 0.0001, which was decayed exponentially
by a factor of 0.98 per epoch. To mitigate overfitting, we
applied early stopping based on validation performance, cap-
ping training at a maximum of 120 epochs. All methods were
implemented in PyTorch. The network is trained end-to-end
using a composite loss — cross-entropy for occupancy clas-
sification and mean-squared error for position regression, so
both objectives are optimized simultaneously, as we assume
that the tasks are interdependent and that learning one sup-
ports the other. The optimized parameters for the Transformer
encoder are listed in Table 2.

D. EXPERIMENTAL RESULTS AND DISCUSSION
Qualitative top-down localization results are shown in Fig. 14.
In panel (a), which features a single occupant, the model’s
predicted trajectory (red) aligns almost perfectly with the
ground truth (blue), and the system correctly identifies exactly
one person with no misclassification of count. In panel (b),
two people appear and the network correctly identifies both
and reconstructs their paths. Panel (c) illustrates the occlusion
scenario from Fig. 12: despite a temporary loss of the Body
Tracking data from Azure Kinect, the network benefits from
the BKF labeling and leverages its learned spatiotemporal
context to infer and maintain each person’s position, seam-
lessly bridging the gap with radar-based predictions.

Quantitative results are listed in Table 3. Our model demon-
strates strong overall performance: On the regression side,
the mean positional error is 0.313 m and the median po-
sitional error is 0.270 m; their closeness indicates that the
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FIGURE 13. Proposed localization network architecture: A shared multi-layer perceptron (MLP)-based feature extractor first encodes spatial correlations
from the input sensor data, and a Transformer encoder then models temporal dependencies for the classification and regression heads to produce robust
trajectory estimates.

FIGURE 14. Top–down localization results from our proposed deep
learning localization network: (a) Single-person scenario, (b) two-person
scenario, (c) Occlusion scenario (see Fig. 12) with existing predictions
despite occlusion in the original Body Tracking data.

TABLE 3. Quantitative Results for Deep Learning-Based Localization Task

positional predictions exhibit low variance. Achieving po-
sitional accuracy below 32 cm demonstrates the approach’s
strong potential for indoor positioning tasks. Moreover, it
correctly classifies about 92% of all persons. With a recall
of 93.3%, it successfully identifies nearly all true positives,
missing fewer than 7 out of every 100. Its precision of 90.0%
indicates that most of the instances it flags as positive are
indeed correct, though roughly 10% are false alarms, mean-
ing the model predicted a person where none was actually
present. The F1-score of 91.6% reflects a well-balanced trade-
off between precision and recall, suggesting that the chosen
decision threshold is effective for the objectives. These results
demonstrate the correct functionality and high precision of
the developed approach. They confirm that deep learning–
enabled, radar-based indoor people localization can achieve
high performance in future applications.

Benchmarking the localization performance against exist-
ing approaches remains challenging, as most state-of-the-art
methods do not provide publicly available datasets with
precise ground-truth annotations [63], [64]. While a few stud-
ies on indoor localization include ground-truth references
[65], [66], a direct comparison is further complicated by
substantial differences in radar hardware and experimental
setups. For instance, some systems employ highly directional
antennas that concentrate transmitted power within a narrow
sector, thereby reducing multipath effects but restricting spa-
tial coverage. In contrast, our RadarBox utilizes a wide field
of view that enables full-room monitoring and simultaneous
multi-person observation, yet inherently increases the influ-
ence of multipath propagation, making the localization task
more complex. Moreover, our framework not only estimates
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individual positions but also infers the number of persons
present, whereas related approaches such as [65], [66] assume
this information to be known a priori. Reported localization
accuracies in these studies typically range between 20 cm and
30 cm, which is comparable to our achieved results, consid-
ering the broader coverage and more challenging conditions
of our setup. Nevertheless, we expect that future work em-
ploying more sophisticated network architectures and larger
training datasets could further enhance localization accuracy
and robustness, particularly in multi-person and high-clutter
indoor environments.

To extend this work, we will integrate a Kalman filter to
fuse sequential model outputs into smooth, robust trajectory
estimates and enable continuous target tracking. At the same
time, we will expand our dataset to span a broader range of
room geometries and layouts, thereby improving the model’s
generalizability across diverse indoor environments. Finally,
by deploying multiple radar–camera station pairs, we intend
to increase spatial coverage, reduce occlusions, and achieve
higher multi-view localization precision in complex settings.

VIII. CONCLUSION
In this work, we present a fully automated, multi-modal
pipeline for high-precision ground-truth labeling of human-
centric millimeter-wave radar data. Our RadarBox precisely
aligns FMCW MIMO radar with Azure Kinect streams
and can integrate further modalities, such as optical motion
capture. AI-driven panoptic segmentation, voxelised surface
reconstruction, and a bidirectional Kalman filter together yield
temporally smooth labels for the 5D radar cube. We also
transfer those labels to radar point clouds. Because labeling
is performed offline, we employ a BKF to refine keypoint
trajectories: it smooths and interpolates across frames, bridges
occlusion or missed-detection gaps, and outputs per-frame
velocity estimates that serve directly as ground-truth Doppler
labels.

Using these extracted labels, we trained a deep neural
network on BKF-derived labels projected into radar target
lists for room-scale people localization. Operating solely on
radar inputs, the model achieves an occupancy-estimation
accuracy of 91.8% and precise spatial positioning, with a
mean positional error of 0.31 m, even under occlusion.
These results underscore the high potential of our automatic
labeling process to accelerate the creation of large, high-
quality radar datasets for downstream learning-based tasks,
thereby enabling rigorous development and benchmarking of
learning-based radar sensing methods.
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