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Abstract—The global rise in the elderly population has in-
creased the demand for effective fall detection in Ambient
Assisted Living (AAL) environments. This paper introduces a
novel and reliable fall detection system utilizing frequency-
modulated continuous wave (FMCW) radar, designed to ad-
dress privacy concerns, operate reliably in low-light conditions,
and provide ease of installation. Data from two wall-mounted
radars capture a variety of activities, including simulated falls,
across five configurations to enhance model generalizability.
Radar data processing employs the Fast Fourier Transform
(FFT) and the Capon algorithm to generate Range-Azimuth
and Range-Elevation maps, which serve as input features for a
proposed 3D Convolutional Neural Network (3D CNN) model.
This model achieves an accuracy of 94.33% and Fl-score of
93.5%, combining high performance with adaptability across
diverse environments and user needs. This work provides a
robust solution for fall detection with significant potential for
deployment in real-world elderly care settings.

Index Terms—fall detection, mmWave, FMCW radar, deep
learning, elderly care, ambient assisted living

I. INTRODUCTION

The rapid growth of the elderly population has become
a significant global challenge, leading to various health and
safety concerns. Falls are a major cause of injury among
elderly individuals, especially those living in independent
or long-term care settings [1]. Research indicates that most
elderly individuals who experience a fall are unable to rise
unassisted, and those who remain on the ground for extended
periods are at significantly higher risk of death within six
months, even if no serious injuries occur. Thus, prompt de-
tection of falls is essential for minimizing long-term health
consequences, enabling timely medical intervention, and im-
proving the overall quality of life in Ambient Assisted Living
(AAL) environments [2].

The development of fall detection systems has been a
significant research focus in recent decades [1]. Many of
these systems rely on wearable devices; however, such sensors
often pose issues related to user compliance, comfort, and

convenience. These devices can be cumbersome, leading to
inconsistent use or outright rejection by elderly individuals [3].

Non-wearable approaches have recently attracted significant
attention as they offer a less intrusive alternative to wearable
devices by integrating sensors into the living environment.
These systems provide the advantage of not restricting users’
movements, enhancing comfort and ease of use. However, non-
wearable approaches also present limitations, such as privacy
concerns, limited operational range, and reduced performance
in low-light conditions [4].

Millimeter wave (mmWave) radars, particularly frequency-
modulated continuous wave (FMCW) radars, have emerged
as a promising alternative for fall detection in such contexts.
These radar systems ensure privacy preservation, are easy to
install, and operate reliably in low-light environments [4].
Additionally, mmWave radars can detect human movement
through wall-mounted setups, providing robust continuous
monitoring in AAL environments without compromising user
comfort or safety. FMCW radars transmit signals whose fre-
quency increases linearly over a fixed time interval, allowing
simultaneous measurement of the target’s range, velocity, and
angle [5]. As such, FMCW radars are highly effective for in-
home activity monitoring. Their performance has been evalu-
ated in applications such as human activity recognition [4], [6],
[7], gait analysis [8], [9], and fall detection [10]. Moreover,
multiple FMCW radars can be deployed in close proximity,
making them ideal for large-scale monitoring in settings like
long-term care facilities [11]. This paper introduces a novel
fall detection system that leverages FMCW radars and deep
learning to address the growing demand for scalable fall
detection solutions for elderly care. The proposed system
employs two wall-mounted FMCW radars to capture human
activities. Then, radar data is processed using the Fast Fourier
Transform (FFT) and the Capon algorithm to generate Range-
Azimuth (RA) and Range-Elevation (RE) maps, which serve
as input features for a 3D Convolutional Neural Network (3D
CNN). This approach provides advantages over Doppler-based
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methods, including improved accuracy, fewer false positives,
and greater generalizability across environments. The proposed
system achieves high accuracy and computational efficiency,
making it suitable for deployment in AAL environments.

II. PROPOSED SYSTEM PROTOTYPE

Fig. 1 illustrates an overview of the proposed system
prototype for fall detection. In the following sections, we will
explore each module in detail.

A. Radar Setup and Data Collection

In this study, we employed the mmWave FMCW radar
system BGT60TR13C, developed by Infineon Technologies
AG. This radar operates at frequencies between 58 and 63.5
GHz, transmitting signals via one transmitter and receiving
reflections through three receivers. Table I provides a detailed
overview of the radar configuration used in this paper. Due
to the L-shaped architecture of the radar antenna array, it
can measure both horizontal (azimuth) and vertical (elevation)
angles, in addition to capturing velocity and range information
from the target [12].

TABLE I: Radar Configuration and Specification

Parameters Value
Radar Model BGT60TR13C
Start Frequency 61 GHz
End Frequency 61.5 GHz
Transmit Output Power 5 dBm
ADC Sampling Rate 2 Msps
Frame Rate 10
Chirps Per Frame 128
Number of Tx Antennas 1
Number of Rx Antennas 3
Range resolution 30 cm
Max Unambiguous Range 4.8 m

To collect the data, two radar devices were installed at a
height of 210 cm above the ground—one positioned above
a window and the other above a television. Both devices
were installed at a 30-degree tilt to maximize the room
coverage. Eleven healthy subjects participated in the study,
each performing three specific activities in the room. All par-
ticipants completed every activity in each of the five predefined
positions in the living room, as illustrated in Fig. 2.

This study investigates the binary classification of fall and
non-fall scenarios. For the non-fall scenario, two specific
activities are considered: sitting on a sofa and lying on a
sofa, while the fall scenario is represented by lying on the
floor. These activities were chosen due to the relative ease
of distinguishing between static and dynamic activities, as
opposed to the more complex task of differentiating between
similar static activities. Although Doppler signatures are a
promising feature for fall detection, the Doppler signature
of certain fall types can resemble other movements, such
as sitting, making it difficult to differentiate between them.
Furthermore, the Doppler signature of the same activity varies
when observed from different angles. Therefore, relying solely
on Doppler information can lead to a high rate of false alarms,

reducing the effectiveness of the model for fall detection [13],
[14].

Due to ethical and practical constraints, actual fall data are
not collected, as inducing falls in human participants would
pose significant safety risks [15]. Instead, lying on the floor
is used as a surrogate for a fall scenario. This substitution
is based on the observation that lying on the floor is rare,
particularly in residential care units, where it is often linked
to adverse events, including falls. Therefore, detecting an
individual lying on the floor is a practical and reliable indicator
of a fall [16].

Existing research supports this approach, demonstrating that
the inability to rise after a fall is a crucial marker of fall-related
incidents, particularly among older adults. For instance, one
study indicated that approximately 80% of individuals aged 90
or older are unable to get up after a fall, with many remaining
on the floor for extended periods due to a lack of assistance or
cognitive impairment [17]. Additionally, most existing datasets
for fall detection are collected from young, healthy participants
simulating falls. For safety, these simulations are typically
conducted on mattresses. However, in real-life falls, people
often instinctively try to break their fall with their hands—a
reaction that is not accurately reproduced in controlled trial
settings. As a result, these datasets may not fully represent
real-world fall incidents, thereby limiting the generalizability
of the developed models [2]. By utilizing lying on the floor
as an approximation of falls, this methodology ensures par-
ticipant safety while maintaining the relevance of the dataset
for practical applications, such as AAL environments where
timely intervention is crucial.

The designated laboratory approved the data collection pro-
cedures at the The Schlegel-UW Research Institute for Aging
(RIA), and all activities complied with the relevant safety
protocols and ethical guidelines. Data collection sessions are
segmented by activity type to ensure controlled and consistent
conditions for each activity.

B. Preprocessing and Feature Extraction

In FMCW radars, the transmitter (TX) antenna emits a
series of chirp signals, and the receiver (RX) antennas capture
signals reflected from surrounding objects. The collected data
is structured into a matrix with dimensions C' x N x M, where
C represents the number of channels, N denotes the number
of chirps per frame, and M corresponds to the samples per
chirp. Each row of this matrix, termed fast time, contains data
from individual chirp, while each column, termed slow time,
represents data from the same sample across chirps. To ensure
a comprehensive analysis of each activity, preprocessing was
applied separately to data from both radars. Feature maps were
extracted independently from each radar without data fusion.
The model was subsequently trained using all extracted feature
maps.

The preprocessing stage involves several steps to enhance
signal quality. First, DC bias is removed to eliminate low-
frequency artifacts, and the Blackman-Harris window function
is applied to reduce spectral leakage [18]. As chirp signals
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Fig. 1: Overview of the proposed system.

Fig. 2: Room layout indicating radars positions and activity
locations.

increase in frequency over time, the delay between signal
transmission and reception introduces both frequency and
phase shifts in the received signal. Because electromagnetic
waves travel at nearly the speed of light, the distance to the
target can be derived from the frequency shift in the received
signal.

When multiple objects are located at different distances,
each reflected signal exhibits a distinct frequency shift. To
separate these signals, the FFT is applied to isolate peaks
within the frequency spectrum; this process is known as
Range-FFT [19], [20]. Object range detection is accomplished
by applying the FFT along the fast-time dimension, where
the peak magnitudes in the resulting spectrum correspond
to the distances of the targets. The radar emits two chirps
separated by a time interval to measure target velocity. Each
chirp reflection undergoes Range-FFT to determine the target
distance. Although the Range-FFT peaks appear at the same
locations for each chirp, the phases of these peaks differ due
to target motion. The phase difference between these peaks
indicates the target’s velocity [19]. However, measuring higher
velocities necessitates shorter intervals between chirps [21],
demonstrating a trade-off between range and temporal resolu-
tion in velocity measurements.

A Moving Target Indicator (MTI) filter is applied to sup-
press reflections from stationary objects. This filter combines
each range bin’s peak across slow time (7;max) Wwith the

previous output (t;—1) using a weighting coefficient a:

ti = O T'j max + (1 - a) ‘ ti—l (1)

where the initial condition is ¢{g = 0. The filtered FFT value
ri a1 is calculated as the absolute difference between the
current peak and the previous filter output [22]:

—ti_1] 2)

this MTI filtering attenuates static targets while retaining
signals from moving objects.

After MTI filtering, a sequence of chirps forms a chirp
frame, enabling a second FFT along the slow-time dimension
to extract Doppler information. This information is combined
across channels to produce a Range-Doppler map. To locate
objects in three-dimensional (3D) space, both range and angle
must be determined. Multipath propagation can distort the
range profile by introducing multiple reflection paths [8].
The Capon algorithm is applied to the Range-Doppler data,
enabling the generation of precise Range-Azimuth (RA) and
Range-Elevation (RE) maps [23].

The Capon algorithm estimates the Angle of Arrival (AoA)
by solving an optimization problem that minimizes the output
power P, while ensuring a distortionless response in the
desired target direction:

T filt = |7"i,max

wha(9) =1

1
min (Pout = wHRmW> s.t. 3)

2
where R, is the correlation matrix, w is the weight vector,
and a(0) represents the steering vector at angle 6. The angular
power spectrum is then computed as:

1
Pep(0) = ————
cr(6) af (9)R;2a(0)
Here, Pop(6) represents the power output at angle 6, with
peaks in the spectrum corresponding to target directions, and
the peak magnitudes indicating signal strength. The Capon
algorithm acts as a spatial filter, enhancing signals from

“



desired directions while suppressing interference from others.
By combining angular data from the Capon beamformer with
range data from the Range-FFT, we construct RA and RE
feature maps. Fig. 3 illustrates an example of a participant
performing each specified scenarios with corresponding fea-
ture maps.

Elevation

Azimuth

Lay on Sofa (Non-fall)
-

Sit on Sofa (Non-fall)

—

Azimuth Elevation

Azimuth

Lay on Floor (Fall) Elevation

Fig. 3: Examples of a participant performing the activities with
corresponding feature maps.

Following the calculation of RA and RE feature vectors, we
concatenate these vectors to form a 3D data structure, referred
to as a data cube. Subsequently, each set of ten consecutive
data cubes is merged. This feature vector integrates range,
azimuth, and elevation information, along with temporal data,
effectively capturing spatial and temporal characteristics in a
compact representation.

C. Proposed Deep Learning Model Architecture

Given the data’s 3D structure, we used a 3D CNN to process
spatial and temporal features within the data cubes. The 3D
CNN is particularly suited for this task, as it captures both
spatial and temporal dimensions across three axes, whereas
traditional 2D CNNs are limited to spatial information only.
This capability is crucial for our application, where accurately
classifying activities like sitting and lying requires capturing
temporal dynamics and spatial patterns within RA and RE
maps. Moreover, due to the inherent similarities between radar-
based RA and RE maps, it is challenging to distinguish subtle
patterns and extract meaningful features solely through con-
ventional methods. Deep learning models, such as CNNs, help
reveal hidden information within these feature maps, allowing
the model to generalize more effectively and perform robustly
in real-world applications. This robustness is essential, as it
allows the model to adapt to small environmental changes
that may otherwise alter the feature maps, ensuring consistent
performance across different settings. Our approach aligns
with prior studies that have demonstrated the effectiveness
of 3D CNNs in applications like continuous hand gesture
recognition [24], fall detection [25] and human action recog-
nition [26].

For training, a learning rate of 0.0001, a batch size of 8§,
and a maximum of 200 epochs were set as hyperparameters.
An early stopping criterion with patience set to 20 epochs
was employed to prevent overfitting, allowing training to halt
if performance ceased to improve. The Stochastic Gradient
Descent (SGD) optimizer with a momentum of 0.9 and weight

decay of /e-4 was selected to optimize the learning process,
along with the Binary Cross-Entropy loss function, chosen for
its suitability in binary classification tasks. These hyperparam-
eters were determined through a grid search method, allowing
for systematic tuning to identify the optimal configuration for
the model’s performance.

1) Data Normalization: Prior to training, data normaliza-
tion was applied to ensure consistency across the dataset and to
facilitate model convergence. The mean and standard deviation
for each channel were computed from the training-validation
set and then used to normalize both the training-validation and
test sets.

2) Data Augmentation: Several data augmentation tech-
niques were applied during training to enhance the model’s
robustness and generalization. These augmentations include
Gaussian noise with a mean of 0 and a standard deviation
of 0.1, added with a probability of 0.5. Additionally, a time-
warping (scaling) augmentation was applied, in which data
samples were scaled by a factor randomly chosen between
0.9 and 1.1, with a probability of 0.5.

III. EXPERIMENTAL RESULTS AND ANALYSIS
A. Setup

The experiments were conducted on a system equipped with
an AMD Ryzen 7 6800H processor, 32 GB of RAM, and
an NVIDIA GeForce RTX 3060 GPU, running Windows /1.
Python version 3.8.19 and TensorFlow version 2.70 were used
to implement and execute the deep learning model. The model
was trained and validated on data collected from 10 subjects,
with 80% of the data used for training and the remaining 20%
for validation. An evaluation is conducted on data from an
additional, unseen subject to assess the model’s generalization
capability. The total number of samples considered for fall and
non-fall scenario is presented in Table II.

TABLE II: Total sample count for each scenario

Scenario Train  Validation Test
Fall 96,870 24,220 12,500
Non-fall 196,920 49,240 25,000
Total 293,790 73,460 37,500

B. Experimental Results

The experimental methodology was designed to compre-
hensively evaluate both the performance metrics and compu-
tational efficiency of our proposed fall detection system across
multiple configurations and input modalities. Specifically, our
investigation focused on two primary aspects: (1) the impact of
varying the number of 3D CNN blocks and (2) a comparative
analysis of three distinct input configurations—RE, RA, and
the combined as RE+RA approach.

Table III provides a comprehensive comparison of the
model’s performance across different configurations. The
RE+RA input consistently exhibited superior performance,
achieving the highest accuracy across various 3D CNN block
arrangements. The model reached a peak accuracy of 94.33%
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Fig. 4: Normalized confusion matrices for different proposed model configurations and the RE+RA feature input.

TABLE II: Comparison of proposed 3D CNN model perfor-
mance for various configurations.

| | Features
3%%1512%?22& | Metries (%) "RE | RA | RE+RA
| Accuracy | 89.04 | 81.38 | 94.33
1 ‘ Precision ‘ 88.98 ‘ 81.03 ‘ 94.36
| Recall | 89.04 | 8138 | 9433
| Fl-score | 8759 | 7842 | 935
| Accuracy | 87.9 | 82.74 | 9345
2 | Precision | 87.78 | 8245 | 93.61
| Recall | 879 | 8274 | 9345
| Fl-score | 86.19 | 79.69 | 92.38
| Accuracy | 87.39 | 83.01 | 93.61
3 | Precision | 87.26 | 82.89 | 93.58
| Recall | 87.39 | 8301 | 936l
| Fl-score | 8543 | 79.59 | 92.75

with one 3D CNN block. Although adding additional 3D CNN
blocks resulted in slight variations in performance, the RE+RA
input maintained the highest accuracy levels, significantly
outperforming models with either RE or RA inputs alone.
Fig. 4a, 4b, and 4c illustrate the normalized confusion matrices
for the RE+RA input configuration with one, two, and three
3D CNN blocks, respectively.

The training progression, illustrated by loss plots for differ-
ent proposed 3D CNN block configurations in Fig. 5, showed
that increasing the number of 3D CNN blocks enhanced
convergence characteristics, indicating greater model stability
during training, particularly in configurations with multiple
blocks.

C. Computational Efficiency

A comprehensive analysis of computational requirements
is presented in Table IV. The relationship between 3D CNN
block quantity and computational demands revealed notable
trends: (1) increasing the number of 3D CNN blocks led
to higher floating-point operations per second (FLOPs) and
increased memory consumption, and (2) the parameter count
decreased with additional 3D CNN blocks due to architectural
adjustments, such as the introduction of pooling layers. Across
all configurations, the RE+RA input required the most memory
allocation and processing time. In this paper, FLOPs is mea-

TABLE IV: Comparison of proposed 3D CNN model com-
plexity and computational resource for various configurations.

# of Proposed ‘ Metrics ‘ Features
3D CNN Blocks | | RE | RA | RE+RA
|  #Parameter M) | 838 | 838 | 8338
| Inference Time (ms) | 7.82 | 7.78 | 1036
1 | #Flops (MFLOPS) | 312 | 311 | 4535
| Model Size MB) | 640 | 640 | 640
| Memory Usage (MB) | 424.11 | 42592 | 561.78
|  #Parameter M) | 168 | 168 | 168
| Inference Time (ms) | 9.84 | 8.04 | 950
2 | #Flops (GFLOPS) | 13 | 13 | 14
‘ Model Size (MB) ‘ 128 ‘ 128 ‘ 128
‘ Memory Usage (MB) ‘ 432.77 ‘ 436.41 ‘ 573.14
|  #Parameter M) | 44 | 44 | 44
| Inference Time (ms) | 10.09 | 9.17 | 9.28
3 | #Flops (GFLOPS) | 17 | 17 | 18
| Model Size MB) | 342 | 342 | 342
| Memory Usage (MB) | 433.25 | 43398 | 570.39

sured in GigaFLOPS (GFLOPS) and MegaFLOPS (MFLOPS),
model size is expressed in Megabytes (MB), the number of
parameters is represented in Millions (M), and inference time
is measured in milliseconds (ms).

Our experimental results lead to several key findings:

« The integration of elevation and azimuth data is crucial
for achieving robust fall detection performance. While
increasing the number of 3D CNN blocks does not
substantially enhance accuracy, it improves training con-
vergence and reduces the total parameter count.

o System designers must carefully balance the trade-offs
between model complexity and computational efficiency,
considering specific deployment constraints and accuracy
requirements.

These insights provide valuable guidance for optimizing
fall detection systems across various operational scenarios and
resource constraints.

IV. CONCLUSION AND FUTURE WORK

This study introduces a system optimized for AAL environ-
ments, combining FMCW radar technology with deep learning
for effective, reliable, and cost-effective fall detection. By
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Fig. 5: Training loss for different proposed model configurations and RE+RA feature input.

utilizing two wall-mounted mmWave radars, the system cap-
tures human motion data across various positions in the room,
transforming it into RA and RE maps, which serve as feature
vectors for a 3D CNN model. The proposed model achieved
high accuracy, with a rate of 94.33% and a macro Fl-score
of 93.5%, thereby balancing reliability and generalizability.
Our findings underscore the advantages of integrating range,
azimuth, and elevation data, demonstrating the effectiveness of
3D CNN architecture in capturing both temporal and spatial
features for an enhanced fall detection system.

Future research could build upon this work by exploring
additional environmental configurations and optimizing real-
time processing capabilities for deployment in varied AAL
contexts. With robust detection performance under diverse
lighting conditions and a strong commitment to user privacy,
this system offers a scalable solution for elderly care, with
significant potential to enhance safety and quality of life.
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