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Executive Summary

This deliverable reports two connected project outcomes for multi-subject gesture recognition using
millimeter-wave (mmWave) radar sensing. The first outcome is a single-radar fine-grained gesture-
recognition benchmark designed to evaluate whether one radar can separate and recognize subtle gestures
when multiple subjects stand at controlled spatial positions. The benchmark defines two-, three-, and four-
person layouts, assigns subjects to fixed positions, and specifies balanced gesture-combination protocols
for repeatable testing. The final test results show that the model correctly estimates the number of persons
in all test scenes and achieves 99.65% slot-level gesture accuracy. The scene-level accuracy reaches 99.02%,
demonstrating that the angle-ordered slot formulation can reliably associate gestures with different

persons in multi-person radar scenes.

The second outcome is a distributed multi-radar arm-gesture recognition prototype. It combines multiple
range-constrained mmWave radars to produce a global point-cloud representation, separates individual
subject trajectories, extracts gesture segments, and classifies gestures with graph-based spatiotemporal
learning. This multi-radar outcome demonstrates that distributed radar sensing can support simultaneous
multi-target tracking and gesture recognition in crowded indoor environments, thereby complementing the
single-radar benchmark. In this work, we propose algorithmic methods for aggregating, cleaning, and
temporally sequencing wireless sensing data collected by spatially distributed, range-constrained mmWave
radars. We present a joint multi-target tracking and gesture recognition framework in which local radar
measurements are fused into a global point cloud representation of the monitored environment. Individual
subject trajectories are isolated from this representation, enabling accurate tracking, person counting, and
gesture recognition from point cloud sequences. We evaluate the system in a 5m x 5m area under varying
radar densities and coverage conditions. In the optimal configuration with eight radars, the system achieves
tracking errors of 20cm for a single subject and 35 cm for six simultaneously moving subjects, while

achieving 95.85% gesture recognition accuracy despite five interfering subjects.
Together, the two outcomes form a staged benchmark-and-prototype pipeline: first evaluate fine-grained

recognition under a minimal single-radar setting, then extend the system to robust multi-subject operation

through multi-view radar fusion.
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Introduction

Gesture recognition provides a natural interface for contactless human-computer interaction, robot control,
smart-space interaction, and assisted living applications. Compared with cameras, mmWave radar can
operate under poor lighting conditions and can preserve visual privacy because it observes sparse
reflections rather than identifiable visual appearance. However, fine-grained gesture recognition remains
challenging in multi-subject environments. A single radar has limited angular resolution and limited field of
view, while multiple subjects may occlude one another or produce overlapping point-cloud reflections.

MmWave radar sensing has emerged as a powerful modality for device-free perception of human activity,
enabled by advances in compact radar hardware and signal processing. Nevertheless, the sensing range of
mmWave radar devices is inherently limited by factors such as field of view, bandwidth, antenna
configuration, and transmission power [1]. As a result, a single radar typically covers only a small portion of
an indoor environment, and performance may further degrade in the presence of occlusions caused by
walls, furniture, or human bodies [2]-[4].

This deliverable therefore organizes the work into two complementary outcomes: a single-radar fine-
grained gesture recognition benchmark and a distributed multi-radar prototype for multi-target tracking
and arm-gesture recognition.

1.1. Single radar gesture recognition

The first outcome is a single-radar fine-grained benchmark. It uses a controlled room setup with one
mmWave radar, MMWCAS, and multiple standing participants to evaluate how well fine gestures can be
recognized when subjects are placed at different spatial positions.

This single-radar setting is useful for understanding the baseline capability and limitations of radar-based
gesture recognition. Since the radar observes the scene from only one viewpoint, the captured point clouds
are strongly affected by the subject’s position, orientation, distance from the radar, and potential occlusion
by other participants. These factors make fine-grained gesture recognition difficult, especially when
multiple subjects are present in the same sensing area.

By evaluating gesture recognition under different spatial configurations, the single-radar benchmark
provides insight into how subject placement and view-dependent sensing affect recognition performance.
It also serves as a reference point for assessing the benefits of multi-radar sensing.

1.2.Multi radar gesture recognition

The second outcome is a distributed multi-radar prototype for arm-gesture recognition. It addresses the
limitations of single-view sensing by combining multiple radar viewpoints. In this setting, data collected
from spatially distributed mmWave radars are temporally aligned and transformed into a shared coordinate
system, enabling consistent multi-view perception.

Collaborative mmWave radar sensing introduces fundamental challenges. Radar measurements are
viewpoint-dependent and must be interpreted relative to each device’s position and orientation. Therefore,
accurate spatiotemporal alignment and fusion of point cloud data are required. Moreover, real-world
indoor environments often involve multiple users performing different activities simultaneously, which
significantly complicates perception [5].

The proposed multi-radar framework jointly supports multi-target tracking and gesture recognition. By
fusing point cloud measurements from distributed radars into a global representation, the system extends
the effective sensing range, improves robustness through redundant observations, and enables
simultaneous person counting, multi-target tracking, and multi-target gesture recognition in realistic multi-
user scenarios.
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The main contributions are as follows:

1. A single-radar fine-grained gesture recognition benchmark that evaluates the feasibility and limitations
of recognizing gestures from one radar viewpoint in multi-subject spatial configurations.

2. A distributed multi-radar sensing framework that jointly supports multi-target tracking and arm-gesture
recognition by fusing measurements from multiple mmWave radar devices.

3. A spatiotemporal alignment and fusion method that transforms local radar observations into a shared
global coordinate system, enabling consistent multi-view perception across distributed radars.

4. A spatiotemporal adaptive clustering method that exploits temporal continuity in point cloud data to
improve multi-target separation and trajectory tracking.

5. A comprehensive experimental evaluation across multiple scenarios and locations, involving up to eight
distributed radar devices. The system achieves tracking errors as low as 20 cm and a gesture recognition
accuracy of 95.85% under simultaneous multi-person motion.

The collected dataset and source code are available at https://github.com/wenliangwanru/MultiTarget-
Tracking-GestureRecognition.

R14438005T -
Evauation Module @ o .

(a) Distributed sensor deployment (b} Scene | (c) Scene 2

Fig. 1: Experimental validation. (a) Distributed sensor deployment. (b) Scene 1: Subjects follow a predefined
path for multi-target walking-only tracking. (c) Scene 2: Subjects walk along the full path back to the start,
then perform gestures.
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2. Related Work

2.1.MmWave Radar for Device-Free Indoor
Perception

MmWave radar sensing has become a central modality for device-free indoor perception [6], enabling
robust sensing under varying lighting conditions and preserving visual privacy [7]. Prior work has
demonstrated the use of mmWave radar for fundamental perception tasks such as indoor localization and
positioning [8], orientation estimation [9], and general activity recognition [10], forming the foundation for
intelligent human—environment interaction systems [11]. These capabilities have further enabled applied
sensing systems in domains such as contact tracing [12] and remote physiological monitoring [13],
highlighting the practical relevance of radar-based sensing in healthcare and smart environments.

2.2. Fine-Grained and Micro-Motion Sensing

Early radar sensing research primarily focused on large-scale body motion and coarse activity recognition,
including fall detection [14] and full-body movement analysis. With advances in radar resolution, signal
processing, and learning-based methods, recent work has shifted toward fine-grained and micro-motion
sensing. This includes gesture recognition and person identification [15], respiration and breathing
monitoring [16], [17], sleep and posture-aware sensing [18], and people counting in dense and crowded
environments [19].

These advances have been enabled in part by the adoption of deep learning architectures for radar signal
interpretation, point cloud processing, and spatiotemporal modeling. Techniques ranging from end-to-end
neural processing pipelines to representation learning [20] and sequence modeling [21], [22] have
significantly improved robustness and generalization [23]. However, most of these systems assume
controlled sensing conditions, limited interference, and isolated tasks.

2.3. Single-Radar Fine-Grained Gesture
Recognition

Single-radar gesture recognition has been widely investigated as a practical and low-cost solution for
contactless human—-computer interaction. A single mmWave radar can capture sparse point-cloud
reflections generated by hand, arm, and body movements, allowing gesture recognition without cameras
or wearable devices. Existing single-radar studies have explored both coarse and fine-grained gestures,
including mid-air hand gestures, arm movements, and micro-motion patterns. These works typically rely on
handcrafted signal features, range-Doppler representations, point-cloud features, or deep neural networks
to classify temporal gesture patterns from one radar viewpoint.

Despite its simplicity, single-radar fine-grained gesture recognition remains challenging in multi-subject
environments. Since the radar observes the scene from only one direction, the received reflections are
highly dependent on the subject’s position, orientation, and distance from the radar. Fine gestures may
generate weak or sparse reflections, and their spatial-temporal patterns can vary significantly across
different locations in the sensing area. In addition, when multiple subjects are present, their reflections may
overlap or interfere with one another, making it difficult to isolate the gesture of a specific target.

Therefore, single-radar benchmarks are important for understanding the baseline capability of radar-based
fine gesture recognition, as well as the limitations caused by viewpoint dependency, limited angular
resolution, occlusion, and multi-subject interference.
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2.4. Multi-Radar and Distributed Radar Sensing

Another line of research has focused on multi-radar systems and distributed sensing infrastructures [24].
Radar calibration, coordinate alignment, and spatial registration are critical prerequisites for multi-device
sensing [25]. For example, [26] proposes a radar position calibration framework that aligns radar
coordinates with room coordinates, enabling consistent spatial reasoning across multiple devices. Other
works investigate sensor placement strategies and multi-view geometry for improved coverage and
robustness [27].

These approaches address spatial alignment and coverage but do not fully address higher-level perception
tasks in multi-user environments.

2.5. Research Gap and Position of This Work

Despite these advances, most radar-based sensing systems remain limited to single-task or single-subject
settings, even in multi-radar deployments [28]. Realistic indoor environments with multiple users
performing concurrent activities therefore require frameworks that jointly support multi-target tracking
and fine-grained activity recognition.

Addressing this gap, this work combines two complementary directions: a single-radar fine-grained gesture
recognition benchmark for evaluating gesture recognition under different subject placements, and a
collaborative mmWave radar sensing framework that integrates multi-radar data fusion with joint multi-
target tracking and gesture recognition in multi-user environments.
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Fig. 2: System model of multi-target trajectory tracking. The individual radar coordinate systems are
transformed into a canonical global representation across all radars. Classification is achieved via a graph-
based scheme.
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Fig. 3: Schematic diagram of a “Time Window”. It divides the point cloud into several segments with a
certain length t, and interval A.
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(1) £=0.52, MinPts=8 (2) £=0.50, MinPts=8 (3) £€=0.48, MinPts=8 (4) £=0.48, MinPts=8

3 3
X/m X/m X/m

Fig. 4: Clustering parameter optimization. Parameters € and MinPts are iteratively adjusted to split multi-
target clusters into single-person trajectories.
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3. Fine Gesture Recognition Methodology

3.1.Data collection setup

The single-radar benchmark is designed to test fine-grained gesture recognition under controlled multi-
person spatial layouts. One radar is installed at the front of the scene and observes two, three, or four
subjects. Each subject stands at a predefined position, and the benchmark defines fixed combinations so
that spatial separation, angular separation, and gesture-class balance can be evaluated systematically.

2 People 3 People 4 People
Radar Radar Radar
=

! B TR

4 combinations
(1, 5, 9), (2, 6, 10),
(3, 7, 11), (4, 8, 12)

6 combinations
(1, 7), (2, 8), (3, 9),
(4, 10), (5, 11), (6, 12)

3 combinations
(1, 4,7, 10), (2, 5, 8, 11),
(3, 6, 9, 12)

{_"} Position A (Left)
__. Position B (Right)

__! Position A (Left)

L=

; Position B (Center)

{72} Position A (Front-Left)
__ Position B (Front-Right)
: Position C (Back-Left)

1 Position C (Right) =
L

; Position D (Back-Right)

Fig. 5: Single-radar multi-subject fine-grained gesture benchmark protocol. The study defines two-, three-,
and four-person layouts with controlled positions and predefined combinations. Results are pending.

In the two-person benchmark, two subjects are placed on the left and right sides of the sensing area,
denoted as subject A and subject B. Six predefined position combinations are used: (1, 7), (2, 8), (3, 9), (4,
10), (5, 11), and (6, 12). These combinations are designed to evaluate gesture recognition performance
when two participants are located at symmetric or corresponding positions across the sensing space.

In the three-person benchmark, three subjects are positioned on the left, center, and right sides of the
sensing area, denoted as subjects A, B, and C. Four predefined combinations are used: (1, 5, 9), (2, 6, 10),
(3,7,11), and (4, 8, 12). This setup evaluates whether the radar can distinguish fine gestures when multiple
subjects are distributed across three spatial regions.

In the four-person benchmark, four subjects are arranged in front-left, front-right, back-left, and back-right
positions, denoted as subjects A, B, C, and D. Three predefined combinations are used: (1, 4, 7, 10), (2, 5, 8,
11), and (3, 6, 9, 12). This scenario represents a denser multi-subject setting and is used to examine the
robustness of single-radar gesture recognition under stronger spatial overlap and potential inter-subject
interference.

3.2. End-to-end gesture recognition framework

The primary objective is not only to classify the gesture occurring in the scene, but to infer the number of
active persons and assign a gesture label to each person-specific slot. To make the output representation
independent of semantic position names such as left, center, or right, each person is indexed using an angle-
ordered slot ID. Given a target location in the XQOY plane, the polar angle with respect to the radar origin is
computed as atan2(y, x), and all targets in the same scene are sorted in ascending angular order. The sorted
order defines slot 0, slot 1, slot 2, and slot 3. The model therefore predicts existence and gesture labels for
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a maximum of four angle-ordered persons, without regressing the continuous angle.

The proposed model, referred to as MP-SlotNet, uses a shared spatio-temporal encoder followed by two
task-specific branches. The shared encoder consists of a PointNet-style frame encoder and a bidirectional
GRU temporal encoder. For each frame, a point-wise multilayer perceptron maps the F-dimensional point
features to a 256-dimensional latent representation, followed by max pooling over the point dimension.
The resulting sequence of frame-level features is passed to a two-layer bidirectional GRU to model temporal
gesture dynamics. The multi-person branch uses four learnable person queries in a Transformer decoder to
extract slot-specific representations. Two prediction heads are attached to each slot representation: an
existence head that predicts whether the slot is occupied, and a gesture head that predicts one of the 12
gesture classes. A separate single-person auxiliary head is applied to the temporally pooled shared
representation and is used only for auxiliary gesture classification on single-person clips.

MP-SlotNet with Single-Person Auxiliary Gesture Supervision
Main multi-person task

Existence head
eER

Point encoder

Input point-cloud clip Temporal encoder Four learnable
X € ReBimestatiners > quﬁhdaiﬁgg'i‘zp% 2-layer Bi-GRU person queries
(¢, y. 2z, v, 1) 256-D frame sequence Transformer decoder

max pooling over points

Gesture head
é E H'“m"ﬂ?

e . Multi-person output per slot
Auxiliary|single-person task

Single-person slot 0: ep, gestureg
auxiliary gesture head slot 1: e;, gesture;
y. ERY?

Temporal global pooling
(single-person clips)

slot 2: e;, gesture;
slot 3: e3, gesture;

Fig. 6: Architecture of MP-SlotNet with a multi-person angle-slot branch and a single-person auxiliary
branch.
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4. Multi Radar System Overview

We consider multi-radar scenarios, with a deployment as depicted in Fig. 1(a). The principle of simultaneous
tracking and gesture recognition is shown in Fig. 2. The operations of data collection, data transformation,
multi-target tracking, extraction of gesture data, and gesture recognition are described in the following
sections.

Trajectory identification for multiple targets is achieved through clustering and matching. A clustering
algorithm is used to isolate gestures for individual targets, which are then fed into a pre-trained gesture
recognition model, as illustrated in the “Multi-target tracking” module in Fig. 2.

4.1.Data Collection

We deploy eight TI AWR1443 mmWave radars operating in the 77 GHz to 81 GHz band with a 4 GHz
bandwidth and a fixed frame rate of 30 fps. All radars are connected via USB to a single laptop for
synchronized data collection, while subsequent processing treats each device independently. Point cloud
data are acquired using the mmWave Data Collector [5].

To aggregate measurements from distributed radars, point clouds are transformed from local radar
coordinate systems into a shared global reference frame. This requires spatial alignment and time
synchronization across devices. Each local point P'= (x',y') is mapped to the global coordinate system via

a rotation by angle &, determined by the relative orientation of the radar, followed by a translation. The
transformation, illustrated in Fig. 2, is given by:

x=Xx'cos@—y'sin@+(1-cosO)R, (1)

y=X'sin@+Yy'cosd—-sind-R (2)

4.2. Multi-Target Tracking

Fig. 2 illustrates the proposed multi-target tracking pipeline. Each point cloud is timestamped and
synchronized across radars during data fusion. We introduce a sliding time window, shown in Fig. 3, to
temporally align measurements and segment the continuous point cloud into overlapping spatiotemporal
subsets, enabling iterative clustering and trajectory extraction.

All points within a time window are clustered to separate multiple moving targets. While Density-Based
Spatial Clustering of Applications with Noise (DBSCAN) is commonly used for spatial clustering, we extend
it to a spatiotemporal domain by incorporating time as an additional dimension. This exploits temporal
continuity and avoids merging spatially close but temporally disconnected points. Specifically, for each
window w,, the point set is defined as:

D={(x.%.z)eR[i=1...m}, (3)
Clustering is performed using a combined spatial-temporal distance metric:
d :"(Xpy1:t1)_(xzoyzat2)||' (4)

MmWave point clouds exhibit non-uniform density due to distance-dependent resolution and signal
attenuation. To account for this, we propose a spatiotemporal adaptive clustering strategy in which DBSCAN
parameters are iteratively adjusted within each time window. As illustrated in Fig. 4, parameters are
initialized using the k-distance graph [29], [30] and progressively refined until individual trajectories emerge
as distinct clusters.

Convergence is determined by evaluating whether the spatial extent of each cluster within short temporal
segments, such as 0.1 s, matches the expected cross-sectional size of a human body. Finally, spurious
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clusters caused by limb motion or partial occlusions are removed based on cluster duration and volume.
Small clusters with volumes below one-third of the average cluster volume are discarded. The final number
of trajectories is determined across all windows using majority voting, yielding robust multi-target tracking
results.

In this way, trajectories and target counts are obtained for each time window. The trajectories are then
merged across windows to reconstruct complete multi-target trajectories. The trajectory merging
procedure is summarized in Algorithm 1.

Algorithm 1 Trajectory Merging Across Time Windows

Step Operation Description

Sequence of time windows with The algorithm takes a sequence of time windows, where

Input . . . . .
P extracted trajectories trajectories have already been extracted from each window.

The algorithm outputs complete trajectories after merging

Output Merged multi-target trajectories . . .
trajectory segments across time windows.

e e Select the first time window with (T) detected trajectories as the
1 Initialization e e
initialization.

For each pair of consecutive time windows, find the temporal

2.1 Temporal overlap detection .
overlap between the two windows.
2.2 Overlapping-point extraction Extract trajectory points in the overlapping interval.

Compute pairwise trajectory distances between trajectory

23 Distance computation . . :
P segments in adjacent windows.

2.4 Trajectory matching Match trajectories according to the minimum distance.

2.5 Trajectory merging Merge the matched trajectories across consecutive windows.

Repeat the process until trajectories from all windows are

3 Iteration
merged.

4.3. Gesture Recognition

Gesture extraction is based on the observation that users typically pause to perform gestures, which results
in reduced point cloud density compared to walking, as motion is largely confined to the limbs. Low-density
intervals in the time domain are therefore used to segment gesture phases from trajectories.

In multi-user scenarios, gesture data are further separated across targets using K-means clustering, with
the number of clusters determined by the preceding multi-target tracking results. After extracting the
gesture time segment, gestures are classified using a graph convolutional neural network with message
passing, inspired by [4], [5].

Each gesture point cloud is defined as: X ={x}. < R", where each point includes spatial features and a

frame index f° encoding temporal order. To model temporal dynamics, we construct an intermediate
graph by connecting each point only to its nearest neighbors in the subsequent frame:

Fo={x eX|f=f+1}, (5)

Euclidean distance is computed using features excluding time. Feature updates are then performed via
message passing:

h' =T,

i ji(i,j)ee

M, (™, hi). (6)

where I' is a channel-wise max operator and M, is a learnable function capturing local spatiotemporal
structure.

For gesture recognition, only the three radars facing each target are used. Gestures are first classified
independently for each radar to maintain robustness to missing views, and the final label is obtained by
aggregating radar-specific representations:

HOLDEN — 101099491 — D6.5 Multi subject gesture recognition benchmark test and prototype 13



P=p[i¢.(Ri)} )

i=1

where R, denotes the representation from radar i, ¢ is alearnable projection, p normalizes the output,
and m is the number of available radars.
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5.Results of single radar evaluation

This section evaluates the performance of single-radar fine-grained gesture recognition in multi-subject
scenarios. The goal is to investigate whether a single mmWave radar can recognize gestures from multiple
people located at different spatial positions, and to analyze how recognition performance changes as the
number of participants increases.

The evaluation focuses on two aspects. First, we describe the collected dataset, including the gesture
classes, participant layout, spatial configurations, and data collection procedure. Second, we report the
multi-person gesture recognition results under two-person, three-person, and four-person benchmark
settings.

5.1.Dataset

The single-radar dataset was collected using TI's MMWCAS radar in a controlled indoor environment.
Participants were asked to stand at predefined spatial positions and perform a set of fine-grained gestures.
The radar captured sparse point-cloud reflections generated by hand and arm movements, which were then
used for gesture recognition.

The gesture set contains 12 predefined gesture classes. These gestures are designed to cover different arm
and hand motion patterns, including directional movements, circular movements, and other fine-grained
dynamic gestures. A visual illustration of the 12 gestures is shown in Fig. 7.

LA

Tick Cross cw CCW  Wave Swipe left

Sl S

Swipe right  Pull Push Click Fist clench Palm open

Fig. 7: lllustration of the 12 gesture classes used in the single-radar benchmark.
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Fig. 8: lllustration of settings for single subject gesture data collection
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A large-scale single-person gesture dataset was collected to learn robust gesture representations. The
dataset includes 12 primary gestures recorded under a base setting of 1 m distance, 0° observation angle,
and 0° body rotation, with 600 samples per gesture. Additional data were collected to improve robustness
across different sensing conditions, including a 1.5 m distance, observation angles of £15°, +30°, and +45°,
body rotations of £15°, +30°, and +45°, and new participants, with 50 samples per gesture/setting.

Each input sample is represented as a temporal point-cloud clip X € RMTxNxF}. In the reported experiment,
T = 28 frames, N = 480 points per frame after sampling, and F = 5 point-level features. The five features
correspond to spatial coordinates and radar-derived attributes, e.g., x, y, z, Doppler velocity, and range. The
multi-person dataset contains two-, three-, and four-person samples. The single-person dataset is used as
an auxiliary source of gesture supervision to improve the discriminative quality of the shared spatio-
temporal encoder.

Table 1. Dataset splits and label formats used in the experiment.

Dataset subset Split Number of samples Label format
Single-person auxiliary . . gesture label y €
cot Train 10,896 clips 0,..,11)

Single-person auxiliary Validation 2,336 clips gesture label y €
set {0,...,11}
exist € {0,1}74;
Multi-person main set | Train 437 clips gesture_slots €
{0,..,11}74
exist € {0,1}n4;
Multi-person main set = Validation 100 clips gesture_slots €
{0,..,11}04
exist € {0,1}74;
Multi-person main set | Test 102 clips gesture_slots €
{0,..,11}74

5.2. Angle-ordered slot labels

For a sample containing M persons, where 1 £ M < 4, the label is converted into a fixed four-slot
representation. The binary existence vector e € {0,1}*4 indicates whether each angle-ordered slot is
occupied. The gesture vector g € {0,...,11}*4 stores the corresponding gesture class for each valid slot.
Empty slots are ignored during gesture-loss computation. For example, a two-person sample with ordered
gestures [6, 1] is encoded as e = [1, 1, 0, 0], while the first two entries of the gesture-slot vector contain the
two gesture labels after zero-based indexing.

Angle-ordered slot labeling for multi-person samples

L +y

slot 2 /id 2

sigk 0/id 0

K]

10,0}

slot3/id 3
Targets are sorted by increasing polarangle: atan2(y, x).
The network predicts existence and gesture for each ordered slot:
it does not regress the continuous angle.

Fig. 9: Angle-ordered slot labeling. Slot IDs are assigned by sorting persons according to atan2(y, x) around
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the radar origin.

5.3. Experimental setup

We train the model using Python, Pytorch on the GPU of Nvidia A40 48GB. Training is formulated as a multi-
task optimization problem. The multi-person main task supervises slot existence and slot-wise gesture
classification, while the single-person auxiliary task encourages the shared encoder to learn robust gesture
representations from a larger set of single-person samples.

For the multi-person branch, binary cross-entropy is used for the existence logits, and cross-entropy is used
for gesture classification on valid slots only. The multi-person loss is defined as L_multi = A_exist L_exist +
A_gesture L_gesture. For single-person auxiliary supervision, the loss L_single is a standard cross-entropy
loss over the 12 gesture classes. The final joint objective is L = L_multi + a L_single, with a = 0.3 in the
reported experiment.

The training procedure consists of three stages. First, the shared encoder and the single-person gesture
head are pretrained for 20 epochs using only single-person samples. Second, the multi-person branch is
trained while freezing the shared encoder for the first five multi-person epochs. Third, all modules are
jointly fine-tuned using the multi-person main loss and the single-person auxiliary loss. The model is
optimized with AdamW using a learning rate of 0.001 and weight decay of 0.0001. The batch size is 8, the
number of training epochs is 200, and the decision threshold for slot existence is 0.5.

5.4. Multi people gesture recognition results

Three metrics were used to evaluate multi-person recognition. People-count accuracy measures whether
the number of occupied slots is correctly predicted. Slot-level gesture accuracy evaluates gesture
classification over all valid person slots. Scene-level accuracy is the strictest metric, where a scene is
considered correct only if both the number of persons and all corresponding slot-level gestures are correctly
predicted.

The training process shows stable convergence, as shown in Fig. 10, 11, 12 and 13. During single-person
pretraining, the loss decreased from 1.1200 at the first epoch to 0.0933 at the 20th epoch, while the
validation accuracy reached a peak of 96.79% at epoch 11 and remained at 96.15% at the end of pretraining.
This indicates that the shared encoder learned discriminative single-person gesture representations. In the
subsequent multi-person training stage, the multi-person loss dropped rapidly and the validation scene-
level accuracy increased from 26.00% at epoch 1 to 81.00% at epoch 2, 94.00% at epoch 10, and 97.00% at
epoch 11. The scene-level accuracy reached 99.00% at epoch 27 and then remained close to saturation.
Meanwhile, the single-person auxiliary accuracy during joint training fluctuated between approximately 70%
and 83%, suggesting that the shared representation was mainly optimized toward the primary multi-person
task.

The best validation results were 100.00% for people-count accuracy, 99.28% for slot-level gesture accuracy,
and 99.00% for scene-level accuracy. On the final test set, the model achieved 100.00% people-count
accuracy, 99.65% slot-level gesture accuracy, and 99.02% scene-level accuracy, demonstrating that the
angle-ordered slot formulation can reliably associate gestures with different persons in multi-person radar
scenes.

The confusion matrix in Fig. 14 was constructed by collecting all valid multi-person slots from the test set
and comparing each slot’s ground-truth gesture label with its predicted label. Rows represent true classes,
columns represent predicted classes, diagonal entries indicate correctly classified samples, and off-diagonal
entries indicate misclassifications. Only one off-diagonal error was observed: one sample from class 7 was
misclassified as class 1. Therefore, the slot-level gesture accuracy is 281/282 = 99.65%, indicating highly
accurate person-wise gesture recognition with minimal inter-class confusion.
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6.Results of multi radar evaluation

In this section, the overall performance of the 8-radar system is evaluated under different settings for
tracking, counting, and gesture recognition.

6.1.Experimental Setup

The dimensions of the experimental scenes are illustrated in Fig. 1(a). Eight radars are arranged in a circular
area with a diameter of 2.5 m and mounted on tripod stands approximately 1.2 m above the ground. At the
center of this area, a circular path with a radius of 1.3 m is designated as the predefined walking route for
the targets. Consequently, the minimum distance between each radar and the target is approximately 1.2
m. The environment is equipped with eight TI AWR1443 radars.

We first evaluate a multi-person walking scenario to assess trajectory tracking and target counting accuracy.
This is followed by a second scenario that combines tracking and gesture recognition. For the walking-only
evaluation, five volunteers participated, with randomized starting locations across trials. Experiments were
conducted with four and five targets in Scene 1. In the four-target case, participants started at positions 1
to 4, while in the five-target case, participants started at positions 1 to 5. All participants walked eight
synchronized steps in the same direction.

Movement was synchronized using a metronome set to 0.8 s, and ground markings ensured a step length
of 0.7 m for repeatable conditions.

For simultaneous trajectory tracking and gesture recognition, the five targets started at positions 1 to 5 in
Scene 2. Mobility was again synchronized by a metronome in the same way as described above. Subjects
remained stationary for approximately 3 s before performing the designated gestures. This experiment was
repeated 10 times, resulting in a total of 500 gesture samples collected for recognition.

6.2. Radar-Count Ablation for Multi-Target
Tracking

We treat the radar-density study as an ablation over sensing coverage. Using the configurations in Fig. 15,
we evaluate radar subsets ranging from 2 to 8 radars under otherwise identical four-target and five-target
trials. Table 2 reports the resulting tracking error and counting accuracy. This ablation isolates how
performance changes when viewpoints and redundant coverage are removed from the full eight-radar
deployment.

Fig. 16(a) and Fig. 16(b) show that adding more radars consistently improves the positioning-error
distribution, with the largest performance gain observed when increasing the number of radars from two
to three. For four targets, the probability of achieving tracking errors below 0.2 m increases from 30% to
83% as the radar count grows from 2 to 8. For five targets, this probability increases from 18% to 76%.

The eight-radar configuration achieves the best average tracking error of 0.19 m for both target counts.
Compared with the two-radar configuration, the eight-radar setup improves tracking accuracy by 38.7%
and 51.3%, and improves counting accuracy by 22% and 29% in the four-target and five-target cases,
respectively. The five-target setting remains more challenging, confirming that increased radar density can
partially, but not fully, compensate for crowding and occlusion.
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Fig. 16: Tracking errors in scene 1 and scene 2.
Table 2: Radar-count ablation results
Number  of|Four Targets:| Four Targets: Counting| Five Targets:|Five Targets: Counting
Radars Tracking Error Accuracy Tracking Error Accuracy
2 0.31m 73% 0.39m 62%
3 0.20m 92% 0.25m 82%
4 0.18 m 94% 0.21m 91%
5 0.18 m 94% 0.22m 91%
6 0.19m 94% 0.24m 88%
7 0.19m 95% 0.22m 91%
8 0.19m 95% 0.19m 91%

6.3. Joint Tracking and Gesture Recognition

In Scene 2, five targets walk simultaneously and then stop to perform gestures. The trajectory tracking
cumulative distribution function (CDF) is shown in Fig. 7(c). With eight radars, the probability of achieving
a tracking error below 0.2 m is 38%, which is substantially lower than the 76% obtained in Scene 1 under
the same radar configuration and target count.
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The average tracking error in Scene 2 is 0.26 m, while correct target counts are obtained in 94% of time
windows. Since the only difference between the two scenarios is the presence of target occlusion and
different spatial distribution, these results demonstrate that occlusions and target spatial distribution
significantly degrade tracking accuracy, even with identical radar deployments.

6.4. Gesture Recognition Accuracy

As shown in Fig. 17(a), using all three radars facing each target yields a gesture recognition accuracy of
95.85% over ten gestures. Reducing the number of contributing radars generally degrades performance. An
exception is observed when using only the radar directly in front of the user, which outperforms the two-
radar configuration located at 45° and 315°.

Fig. 17(b) reports recognition accuracy as a function of radar count. For the one-radar and two-radar cases,
radars are randomly removed, and each configuration is evaluated over ten trials. The mean accuracy and
standard deviation are reported.

The confusion matrices show misclassifications mainly between gestures e—f, corresponding to vertical
circle clockwise and counterclockwise gestures, and h—i, corresponding to push and pull gestures with both
hands. The former confusion is caused by the limited elevation resolution of the radar [3], while the latter

is due to smaller radar cross sections and similar spatiotemporal patterns that differ mainly in temporal
dynamics.
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Fig. 17: (a) Gesture recognition accuracy versus the number of radars relative to each target. (b) Gesture
recognition accuracy with randomly removed radars; each configuration is evaluated over 10 trials.
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7.Discussion

The two outcomes address different stages of the same research problem. The single-radar benchmark is
useful for isolating the fine-grained recognition problem. Because the radar viewpoint is fixed, it helps
identify which gestures are intrinsically difficult to separate and how subject placement affects the point-
cloud signature. This is valuable before adding the complexity of distributed synchronization and multi-
radar fusion.

The multi-radar prototype addresses scalability. By observing the environment from multiple angles, it
reduces the dependence on a single viewpoint and enables joint tracking and gesture recognition. However,
the system still depends on accurate radar calibration, temporal synchronization, and reliable clustering.
Crossing trajectories, dynamic entry and exit of subjects, and very close subject spacing remain important
deployment challenges.

A practical next step is to use the single-radar benchmark to identify difficult fine-grained gesture pairs,
then test whether multi-radar fusion improves those same pairs. This would create a direct experimental
link between the two outcomes and strengthen the benchmark as a project deliverable.
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8. Conclusion

This deliverable integrates two project achievements into a coherent benchmark-and-prototype framework.
The first achievement is a single-radar fine-grained gesture-recognition benchmark with defined two-,
three-, and four-person layouts and controlled gesture combinations. The second achievement is a
distributed multi-radar arm-gesture recognition prototype that fuses point clouds, tracks multiple subjects,
segments gesture intervals, and recognizes gestures using graph-based spatiotemporal learning.

The document deliberately presents the single-radar study first, followed by the multi-radar study. This
ordering reflects the development path from controlled fine-grained recognition to robust multi-subject
operation. Results for the single-radar benchmark remain open, while the multi-radar prototype already
demonstrates strong performance in multi-target tracking and gesture recognition.
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