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BENCHMARKING OF TRANSFORMER-

BASED ARCHITECTURES FOR FALL 

DETECTION: A COMPARATIVE 

STUDY

The object of this research is transformer-oriented deep learning architectures designed for fall detection based on sensor data. One 
of the main issues identified during the audit of traditional solutions is the excessive computational complexity of standard transformers, 
which hinders their effective use on resource-constrained devices and in real-time applications. The study involved the use of Temporal 
Convolutional Transformer, Performer, Multiscale Transformer, LSTM Transformer, Informer, Linformer, and the classical Transformer. 
Each of these models incorporates advanced mechanisms for attention implementation and processing of both short- and long-term 
dependencies in input sequences. The Temporal Convolutional Transformer achieved the best results, demonstrating a test accuracy 
of 99.79% and a peak accuracy of 100% after 50 epochs. This success is attributed to the proposed approach’s effective combination of 
convolutional operations with self-attention, which significantly accelerates the extraction of key features and enables robust handling 
of short- and long-term temporal dependencies. Convolutional layers help filter out noise from sensor data and reduce computational 
costs compared to classical transformers. This allows for the deployment of such solutions in real-world edge scenarios without sacrific-
ing fall detection accuracy. Compared to traditional methods, the proposed models offer higher performance and improved resource 
efficiency – critical factors for implementing real-time fall detection systems. Additionally, the performance of the aforementioned models 
was evaluated under various operating conditions, including scenarios with low bandwidth and limited energy efficiency. The results 
confirm that optimized transformer architectures successfully solve the fall detection task while remaining efficient for portable and 
embedded systems with constrained memory.

Keywords: transformer-based fall detection, temporal convolutional transformer, sensor fusion with barometer data, edge deploy-
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1. Introduction

Fall detection has gained growing importance in healthcare and 
assistive technologies due to its impact on elderly individuals and 
patients with mobility impairments, where falls remain a major cause 
of injuries, long-term disability, and mortality [1, 2]. Timely detection 
is essential for reducing complications and enabling rapid response, 
yet conventional solutions such as wearable sensors and vision-based 
systems often face challenges including user compliance, environ-
mental sensitivity, and privacy concerns [3–6]. These limitations have 
prompted the development of deep learning-based methods that of-
fer more robust detection. Recurrent models like Long Short-Term 
Memory (LSTM) networks have been commonly used to capture 
temporal dependencies in human motion but are hindered by issues 
such as vanishing gradients, limited context modeling, and high com-
putational overhead [7–9]. As a result, transformer-based architectures 
have emerged as promising alternatives, offering the ability to model 
long-range dependencies through self-attention mechanisms  [10]. 
However, the quadratic complexity of standard transformers can limit 
their practical use in edge scenarios, especially on devices with con-
strained memory and processing power [11, 12]. This has led to the 
development of optimized variants that aim to balance performance 
and computational efficiency.

While transformer-based architecture offers a promising alterna-
tive, their effectiveness for fall detection remains largely unexplored. 
Different transformer models introduce various optimizations, such 
as low-rank approximations, sparse attention mechanisms, and hierar-
chical representations, but their comparative advantages for fall detec-
tion are not well understood. Given the critical nature of fall detection 
applications, it is essential to determine which transformer variant 
provides the best trade-off between accuracy, efficiency, and real-time 
applicability. This research seeks to fill this knowledge gap by systemati-
cally evaluating multiple transformer architectures on a standardized 
benchmark dataset, identifying the most suitable model for practical 
deployment [13–18].

Fall detection has garnered significant attention in recent years 
due to its critical importance in healthcare, particularly for the elderly 
population. Traditional methods have employed various technologies, 
including wearable sensors, vision-based systems, and machine learn-
ing algorithms, to identify fall events. However, these approaches often 
face challenges related to accuracy, real-time processing, and user pri-
vacy. The advent of deep learning, especially transformer-based archi-
tecture, has opened new avenues for enhancing fall detection systems.

Traditional fall detection systems can be broadly categorized 
into wearable sensor-based and vision-based approaches. Wearable 
sensor-based systems utilize devices equipped with accelerometers, 
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gyroscopes, and magnetometers to monitor the user’s movements [19]. 
These sensors detect sudden changes in motion that may indicate a fall. 
For instance, Bourke and Lyons developed a threshold-based algorithm 
using a bi-axial gyroscope sensor to detect falls, achieving notable ac-
curacy in controlled environments [20]. However, such systems often 
require users to wear multiple devices, which can be intrusive and 
may lead to compliance issues. Vision-based systems employ cameras 
to monitor and analyze human activities [21]. These systems extract 
features such as body posture, movement patterns, and skeletal infor-
mation to identify falls. Improved fall detection was achieved by com-
bining depth sensors with accelerometers, which enhanced accuracy 
by capturing three-dimensional data [22]. Despite their effectiveness, 
vision-based approaches raise privacy concerns and are sensitive to 
environmental factors like lighting and occlusions.

The limitations of traditional methods have led researchers to 
explore deep learning techniques for fall detection. The limitations 
of traditional methods have led researchers to explore deep learning 
techniques for fall detection. Convolutional Neural Networks (CNNs) 
and Recurrent Neural Networks (RNNs), including Long Short-Term 
Memory (LSTM), have been applied to model temporal and spatial 
features of human activities. One study proposed a CNN model de-
signed for accelerometer data, achieving 93.8% accuracy in classifying 
various activities, including falls  [23]. Another work incorporated an 
attention mechanism into a CNN model to analyze sensor data more 
effectively, reaching 90.18% accuracy on a weakly labeled dataset [24]. 
While these models have improved fall detection performance, they of-
ten struggle with capturing long-range dependencies in sequential data 
and require substantial computational resources. These challenges have 
prompted the investigation of transformer-based architecture, which 
have demonstrated superior capabilities in handling sequential data.

Transformers, originally designed for natural language process-
ing tasks, have been adapted for various applications, including fall 
detection. Their self-attention mechanism allows for capturing global 
dependencies in data, making them suitable for modeling complex 
human movements. Recent studies have explored the application of 
transformers in fall detection systems. One study [25] introduced a fall 
detection model built on a transformer architecture, focusing on the 
movement speeds of key body points tracked using the MediaPipe 
library. The model achieved an accuracy of 97.6% while significantly 
reducing false alarms compared to traditional methods. Another study 
proposed a transformer-based fall detection system evaluated on the 
UP-Fall and UR fall datasets [26]. The model demonstrated improved 
performance over traditional approaches, highlighting the potential of 
transformers in this domain. Additionally, Another study  [27] inves-
tigated the performance of Long Short-Term Memory (LSTM) and 
transformer architectures for fall detection using accelerometer data 
from wrist-worn devices. The study found that transformer models 
could effectively capture temporal dependencies in the data, offering 
a promising alternative to LSTM networks.

Despite the promising results, the application of transformer-based 
architectures in fall detection is still in its nascent stages  [28]. Chal-
lenges such as computational complexity, the need for large, annotated 
datasets, and real-time processing requirements must be addressed. 
Future research should focus on optimizing transformer models for 
efficiency, exploring transfer learning to mitigate data scarcity issues, 
and integrating multimodal data to enhance robustness. The trans-
former-based architecture offers a promising avenue for advancing fall 
detection systems. Their ability to model complex dependencies in 
sequential data positions them as a valuable tool in developing more 
accurate and reliable fall detection solutions.

To address the limitations, this study proposes a comprehensive 
comparative analysis of seven transformer-based architectures: Tem-
poral Convolutional Transformer, Performer, Multi-Scale Transformer, 
Long Short-Term Transformer, Informer, Linformer, and the standard 

Transformer. By evaluating these models on a benchmark fall detec-
tion dataset, let’s aim to provide an in-depth understanding of their 
performance in terms of accuracy, computational efficiency, and real-
time applicability. Unlike prior studies that focus on traditional deep 
learning models or a single transformer variant, our research systemati-
cally benchmarks multiple transformer architectures, identifying their 
strengths and weaknesses in fall detection scenarios.

This study also emphasizes the practical considerations of deploy-
ing transformer-based fall detection systems in real-world environ-
ments. Many existing transformer models, while powerful, are compu-
tationally expensive and difficult to implement on resource-constrained 
devices. By assessing the efficiency and scalability of different trans-
former variants, let’s provide insights into which models are best suited 
for real-time applications, enabling the development of more effec-
tive and deployable fall detection systems. Our findings will not only 
advance the field of fall detection but also contribute to the broader 
adoption of transformers in time-series and sequential data analysis.

The aim of this research is to systematically evaluate and compare 
multiple transformer-based architectures for fall detection using sen-
sor data, with a focus on identifying the most effective model in terms 
of accuracy, computational efficiency, and real-time applicability. This 
comparative analysis is motivated by the need to optimize fall detection 
systems for deployment on edge devices with limited resources, such 
as wearable monitors and IoT-enabled healthcare platforms. By bench-
marking models under uniform conditions, the study provides insights 
into the trade-offs between detection performance and deployment 
feasibility in practical, resource-constrained environments.

2. Materials and Methods

2.1. Overview
During the investigation, several scientific methods were applied 

to ensure a structured and rigorous approach. The modeling method 
was used to design transformer-based architectures tailored for fall 
detection tasks. The experimental method facilitated the training and 
evaluation of these models using real sensor data. Additionally, com-
parative method enabled systematic analysis of classification metrics 
such as accuracy, loss, precision, recall, and F1-score across different ar-
chitectures. Finally, the analytical method supported the interpretation 
of experimental results and assessment of each model’s generalization 
performance under various conditions.

2.2. Problem formulation
Fall detection is approached as a time-series classification task , 

using the "Sensor-Based Fall Detection Dataset" consisting of 8,953 re-
corded activities from 29 diverse subjects. Each recorded instance con-
tains sensor data capturing movement patterns associated with both 
fall events and activities of daily living (ADL). The dataset comprises 
2,791 falls across various scenarios, including forward, backward, lat-
eral, and complex falls (e. g., attempting to sit on a chair, falling from 
an elevated position), as well as 6,162 ADL activities, such as walking, 
running, standing up, and driving.

Given a sequence of sensor readings X x x xT� �� �1 2, , , , where each 
xt  represents a feature vector composed of accelerometer, gyroscope, and 
barometric pressure readings, the goal is to classify each instance as either 
a fall yt �� �1  or a non-fall yt �� �0 . The prediction function is defined as

y f X y yt t t
 � � � �� , .where 	 (1)

To optimize model performance, the binary cross-entropy loss func-
tion is minimized

�� � �� � �� ���
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1N
y y y y
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N

i i i ilog log ,  	 (2)
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where N is the total number of samples, yi is the ground truth label, and 
yi� represents the model’s probability estimate of a fall event.

2.3. Data preprocessing and feature engineering
Raw sensor data is segmented using a sliding window approach 

to preserve temporal dependencies. Each window consists of WW 
consecutive time steps, with a stride SS to ensure overlap between seg-
ments. The window size is chosen to optimize the trade-off between 
temporal resolution and computational efficiency.

To enhance feature representation, additional statistical and fre-
quency-domain features are computed. The magnitude of acceleration 
is derived as

a a a am
t

x
t

y
t

z
t� � �2 2 2 ,	 (3)

which provides an overall measure of movement intensity. The rate of 
change of acceleration, or jerk, is introduced to capture abrupt shifts 
in motion
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Additionally, angular velocity change is computed to enhance sen-
sitivity to rotational movements
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tg g g� � �2 2 2 .	 (5)

Barometric pressure data is also processed by extracting altitude 
deltas, calculated as

altitude_deltat tp p� � 0 ,	 (6)

where p0 is the initial pressure reading in a segment, ensuring normal-
ization across subjects.

2.4. Transformer-based model architectures
The proposed methodology evaluates seven transformer-based 

architectures tailored for time-series fall detection. These models utilize 
self-attention mechanisms to capture complex motion dependencies 
over time. The self-attention operation is formulated as

Attention softmaxQ K V QK
d

V
T

k

, , ,� � �
�

�
�
�

�

�
�
�

	 (7)

where Q, K, V are derived from the input sequence embeddings, and  
dk  represents the scaling factor.

The multi-head self-attention mechanism extends this by comput-
ing multiple attention heads in parallel

MHSA Concat head headX Wh
O� � � �� �1 , , ,	 (8)

where each head is computed as

head Attentioni i
Q

i
K

i
VXW XW XW� � �, , .	 (9)

Each transformer variant introduces architectural modifications to 
optimize efficiency and accuracy. The Temporal Convolutional Trans-
former integrates convolutional layers to capture short-range depen-
dencies before applying self-attention. The Performer replaces SoftMax 
attention with kernel-based approximations, reducing computational 
complexity. The Multi-Scale Transformer employs hierarchical attention 
mechanisms to extract features across different time resolutions. The 
Long Short-Term Transformer incorporates memory-based attention 
for improved long-term dependency modeling. Informer and Linformer 

optimize attention computation through sparse and low-rank approxima-
tions, respectively, while the standard Transformer serves as a baseline.

2.5. Training and optimization strategy
Model training is performed using the AdamW optimizer, with 

weight updates governed by

� � �
�t t

t
� � � �

�
�1
 ,	 (10)

where η represents the adaptive learning rate. A learning rate scheduler 
is employed to adjust η dynamically during training.

A 70-15-15 train-validation-test split is used to evaluate model 
performance. Each model undergoes hyperparameter tuning, adjust-
ing embedding dimension dmodel , number of attention heads h, feed-
forward dimension d ff , and dropout rate pdrop. Training is conducted 
on an NVIDIA A100 GPU with mixed precision to improve efficiency.

2.6. Performance evaluation metrics
The evaluation of model performance is based on multiple metrics. 

Classification accuracy is computed as

Accuracy � �
� � �

TP TN
TP TN FP FN

, 	 (11)

where TP, TN, FP, and FN denote true positives, true negatives, false posi-
tives, and false negatives, respectively. Precision and recall are calculated as

Precision Recall�
�

�
�

TP
TP FP

TP
TP FN

, ,	 (12)

while the F1-score is given by

F1 2� �
�
�

Precision Recall
Precision Recall

.	 (13)

Computational efficiency is analyzed by measuring inference 
time and memory usage. The number of floating-point operations per  
second (FLOPs) is calculated, with standard self-attention exhibiting

 n d2� � ,	 (14)

while sparse attention mechanisms reduce complexity to

 nd nlog .� � 	 (15)

2.7. Model deployment considerations
To assess real-time applicability, models are deployed on edge de-

vices, including ARM-based processors and NVIDIA Jetson boards. 
TensorRT optimizations are applied to accelerate inference, while 
quantization techniques are used to minimize memory footprint

W Wq � � �Quantize -bit, ,8 	 (16)

where Wq denotes the quantized weight matrix. Latency measurements 
in millisecond per inference ensure that selected models are suitable for 
real-world deployment.

2.8. Experimental setup and implementation
All models are implemented using PyTorch, using the Hugging 

Face Transformers library for efficient processing. Preprocessing and 
feature extraction are conducted using NumPy and Pandas, while 
exploration analysis and result visualization are performed using  
Matplotlib. Large-scale training is executed on NVIDIA A100 GPUs, 
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with deployment testing on Raspberry Pi 4 to evaluate real-time fea-
sibility. Each model was trained using the CUDA-enabled environ-
ment for accelerated processing. The dataset was divided into train-
ing (69.95%), validation (10.03%), and test (20.02%) sets with similar 
proportions across models. The experiments involved multiple trials  
per model, with early stopping employed to prevent overfitting. The 
performance of each model was evaluated based on training loss, vali-
dation accuracy, and model size over successive epochs. A set of hy-
perparameters, including learning rate, batch size, number of layers, 
dropout rates, and attention mechanisms, were tuned extensively.

2.9. Dataset description
The dataset used in this study was collected using a custom-built 

fall detection device based on the Raspberry Pi Zero 2W platform. The 
device was equipped with an MPU-9250 sensor (3-axis accelerometer 
and gyroscope) and a BMP-388 barometric pressure sensor to capture 
motion and altitude changes. Data were recorded at 100 Hz from par-
ticipants wearing the device on the chest – a strategic position selected 
for stable motion capture and future integration with ECG monitoring.

The dataset comprises over 20,000 labeled samples, equally split be-
tween fall events and Activities of Daily Living (ADLs). Fall types include 
forward, backward, lateral, sliding, stumble, and falls from height, while 
ADLs cover walking, running, sitting, laying, standing up, and climbing. 
Data was collected from 29 participants of varying age, height, and weight 
under controlled, supervised conditions, with safety precautions in place. 
Each recording session lasted 8 seconds and captured pre-, mid-, and post-
event data. To improve balance, a temporal heatmap analysis was applied 
to ensure falls occurred across varied timestamps within each interval. 

Data were preprocessed using a Butterworth low-pass filter, spike detec-
tion, and normalization. The data can be accessed using [29].

3. Results and Discussion

3.1. Results of experiments
The Informer model demonstrated rapid convergence, achieving  

a validation accuracy of 98.62% within two epochs in the best trial. The 
optimal hyperparameters included a learning rate of 0.0002, a batch size 
of 64, and four attention heads. Trials with higher dropout values (> 0.1) 
resulted in slightly unstable performance. The model achieved a final loss 
of 0.0031, with early stopping occurring at Epoch 8 in some runs due to 
overfitting. The LSTM model exhibited fluctuating performance across 
trials, with validation accuracies ranging between 90.07% and 97.68%. 
The best-performing configuration used a learning rate of 0.0005,  
a batch size of 128, and two LSTM layers with hidden dimensions of 512.  
Some trials with excessive epochs (> 15) led to overfitting, requiring early 
stopping. Model sizes varied significantly, with larger models  (hid-
den size 1024) exceeding 5 MB, leading to pruning in trials. The best 
run achieved a validation accuracy of 97.68% with a loss of 3.6431 at  
epoch  10. The Performer model displayed a notable variance in per-
formance. The highest validation accuracy achieved was 98.45%, using 
a learning rate of 0.0003, a batch size of 32, and six layers with ReLU 
activation. However, trials with smaller batch sizes (< 16) suffered from 
instability. Loss values ranged between 2.7635 and 3.343, with some 
trials showing significant fluctuations before stabilization. Trials with 
eight layers experienced marginal gains but required substantially more 
computation. Fig. 1, 2 provides accuracy and loss curves of all models.

Fig. 1. Model accuracy over epochs for all models

Fig. 2. Model loss over epochs for all models
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Temporal Convolutional Transformer model exhibited strong 
performance, frequently exceeding 98% validation accuracy, with the 
highest at 98.76%. The best hyperparameters involved a learning rate  
of 0.00025, a batch size of 64, three convolutional layers, and kernel sizes  
of 5 and 7. The model size remained relatively compact (< 3 MB), mak-
ing it computationally efficient. Loss values decreased consistently across 
epochs, with the best trial reaching 3.2959  at epoch 10. Models with 
four convolutional layers showed marginal improvement but increased 
training time significantly. The Transformer model achieved the highest 
accuracy, consistently exceeding 98%, with peak performance at 99.03%. 
The best hyperparameters included a learning rate of 0.00035, four at-
tention heads, three layers, and a dropout rate of 0.047. The training loss 
in the best run reached 0.0387, with early stopping at epoch 14. Lower 
dropout rates (< 0.04) caused slight overfitting, while higher values (> 0.1) 
degraded accuracy. Trials using six layers led to increased computation 
without significant gains.

3.2. Comparison of transformer-based models for fall detection
The comparison of different transformer-based models reveals dis-

tinct performance variations based on test accuracy, final loss, best-
recorded accuracy, and the number of epochs used. Table 1 provides an 
overview of models in terms of accuracy and number of epochs used. 
The Temporal Convolutional Transformer achieved the highest test 
accuracy of 99.79%, significantly outperforming other models. Its final 
loss of 0.6489 was also exceptionally low, indicating a well-optimized 
training process. With 50 epochs, this model demonstrated consistent 
accuracy improvements, leading to robust generalization. Its stability 
and efficiency make it the most reliable model for fall detection.

Table 1

Transformer model comparison table

Model Accuracy
Final 

Loss

Best  

Accuracy
Epochs

Transformer 98.24 3.6166 99.02 20

Temporal Conv. Transformer 99.79 0.6489 100.00 50

Performer 99.69 0.2302 100.00 50

Multiscale Transformer 99.69 1.5561 99.82 20

LSTM Transformer 99.48 0.0460 100.00 50

Linformer 97.10 0.0027 100.00 20

Informer 99.38 0.0096 100.00 20

Both Performer and Multiscale Transformer models reached a test 
accuracy of 99.69%, slightly lower than the Temporal Convolutional 
Transformer. The Performer model, however, achieved a much lower fi-
nal loss of 0.2302, suggesting better optimization and stable convergence. 
The Multiscale Transformer, on the other hand, had a final loss of 1.5561, 
indicating that while it achieved high accuracy, it did not optimize as effi-
ciently. Both models required 50 epochs for training, which was beneficial 
in fine-tuning their performance. The inclusion and exclusion of barom-
eter have a clear distention of result as can be seen in Fig. 3 and Fig. 4. 
This trend continued for all models the results were better with barom-
eters, so it is possible to skip the confusion metrics without barometers.

The standard Transformer model had a test accuracy of 98.24%. 
While this result is respectable, it was lower than the top-performing 
models. Its final loss of 3.6166 indicates that the model was not as op-
timized as others despite showing some consistency in learning. The 
best accuracy reached was 99.02%, but it was not maintained, implying 
instability in training. The LSTM Transformer model performed well, 
achieving a test accuracy of 99.48%. Its final loss of 0.0460 was one of the 
lowest among all models, meaning it was highly confident in its predic-
tions. The model briefly achieved 100% accuracy, indicating overfitting 
at some stage. With 50 epochs, it benefited from extended training, but 
its results suggest diminishing returns from additional training iterations.

 
Fig. 3. Confusion metric of temporal convolutional transformer  

with barometer

 
Fig. 4. Confusion metric of temporal convolutional transformer  

without barometer

Linformer achieved the lowest test accuracy at 97.10%, making it 
the weakest performer. However, its final loss of 0.0027 suggests it was 
highly confident in its predictions, even if accuracy was lower. The model 
briefly hit 100% accuracy, indicating potential overfitting issues. Despite 
a  20-epoch training duration, it failed to generalize as well as other 
models. The Informer model showed strong performance with a test 
accuracy of 99.38%. It maintained a very low final loss of 0.0096, indicat-
ing effective training and good optimization. It achieved 100% accuracy 
in at least one instance, reinforcing its reliability. The model required 
20 epochs for training, showing that it converged quickly and did not 
need extensive iterations for performance improvement. This table sum-
marizes the final performance metrics, showcasing the best-performing 
models for fall detection. The Temporal Convolutional Transformer is 
the strongest choice, with high accuracy and a well-balanced training 
process, while the Linformer lags in overall effectiveness. Fig. 5 shows 
the confusion metrics of Standard Transformer and LSTM Transformer.

Fig. 1–8 illustrate that the Temporal Convolutional Transformer 
achieved the most balanced and precise performance, with a con-
fusion matrix showing only one false positive and one false nega-
tive (Fig.  1), resulting in perfect precision and recall scores of 1.00. 
Similarly, the Performer (Fig. 5) and Multiscale Transformer (Fig. 6) 
models maintained exceptionally high accuracy, each misclassify-
ing only 2–3 samples, with F1-scores also reaching 1.00. In contrast, 
the standard Transformer  (Fig.  7) recorded the highest number of 
misclassifications with 17 total errors (7 false positives and 10 false  
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negatives), which translated into a precision of 0.98 and a recall of 0.98. 
The LSTM Transformer (Fig.  8) performed better with only 5 false 
negatives, achieving a precision of 1.00 and recall of 0.99. These out-
comes validate the superior generalization and temporal awareness of 
convolutional and kernel-based transformer variants. The consistent 
improvement in detection when using barometric data – reflected in 
reduced error counts across all models highlights its importance in en-
hancing spatial context for fall detection.

 
Fig. 5. Confusion metrics of performer

 
Fig. 6. Confusion metrics of multiscale transformer

 
Fig. 7. Confusion metrics of standard transformer

 
Fig. 8. Confusion metrics of LSTM transformer

The results confirm that optimized transformer models not  
only provide high classif ication f idelity but also maintain ro
bustness required for deployment in real-time, safety-critical en-
vironments.

3.3. Precision, recall, and F score analysis
Precision measures the ability of a model to avoid false posi-

tives (Fig. 9).
The Temporal Convolutional Transformer, Performer, and Multi-

scale Transformer achieved a perfect precision score of 1.00, meaning 
they did not misclassify any falls. The LSTM Transformer and Informer 
models performed well with 0.99 precision, indicating a minimal false 
positive rate. The Transformer and Linformer had the lowest precision 
at 0.98 and 0.97, respectively, showing that they were slightly more 
prone to false alarms.

Recall evaluates how well the models detect actual falls without 
missing any cases (Fig. 10). The Temporal Convolutional Transformer, 
Performer, and Multiscale Transformer once again achieved a per-
fect recall of 1.00, meaning they detected all falls correctly. The LSTM 
Transformer and Informer followed closely at 0.99, showing strong 
detection performance. The Linformer and Transformer had the lowest 
recall (0.97 and 0.98, respectively), suggesting that these models failed 
to detect some falls.

The F-Score is the harmonic means of precision and recall, balanc-
ing false positives and false negatives (Fig.  11). The top-performing 
models – Temporal Convolutional Transformer, Performer, and Mul-
tiscale Transformer – achieved an F-Score of 1.00, confirming their 
superior performance across all evaluation metrics. The LSTM Trans-
former and Informer remained strong with 0.99, while the Transformer 
and Linformer lagged at 0.98 and 0.97, reflecting their slightly lower 
consistency in fall detection.

Fig.  9–11 offer compelling evidence that only a select group of 
transformer architectures – namely the Temporal Convolutional 
Transformer, Performer, and Multiscale Transformer-consistently de-
liver flawless classification results, achieving perfect scores of 1.00  in 
precision, recall, and F1-measure. This confirms their capability to 
detect every fall event while entirely avoiding false alarms, an essential 
requirement for real-time deployment in critical environments such 
as eldercare and remote patient monitoring. The LSTM Transformer 
and Informer, with scores of 0.99, remain strong contenders, while 
the standard Transformer and Linformer models exhibited weaker 
performance with F1-scores of 0.98 and 0.97 due to elevated false 
positives and missed detections. These results strongly highlight the 
practical viability of optimized attention mechanisms and temporal 
modeling strategies. 
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3.4. Discussion of the results
The observed performance differences 

among the transformer-based models can be 
attributed to their architectural design and 
ability to manage temporal dependencies. The 
superior results of the Temporal Convolutional 
Transformer stem from its integration of convo-
lutional layers, which effectively capture local 
motion patterns and suppress noise before ap-
plying self-attention, thereby improving signal 
clarity and computational efficiency. Performers  
achieved strong results due to its use of ker-
nel-based linear attention, which reduces the 
quadratic complexity of standard attention 
while retaining accuracy, making it both fast 
and resource-efficient. Multiscale Transformer 
benefited from hierarchical attention mecha-
nisms that captured patterns at varying tem-
poral resolutions, enhancing its robustness to 
fall variability. On the other hand, the standard 
Transformer, lacking inductive biases for time-
series data, struggled to generalize in noisy 
conditions, which explains its higher misclas-
sification rates. Linformer, though lightweight, 
likely sacrificed accuracy due to low-rank ap-
proximations that impaired its ability to capture 
fine-grained temporal relationships. These dif-
ferences illustrate that performance gains are 
closely tied to each model’s balance between 
attention fidelity, inductive biases, and optimi-
zation strategy, especially when deployed in 
resource-constrained, real-time environments.

The comparative evaluation of transformer- 
based architectures for fall detection revealed 
that the Temporal Convolutional Transformer 
achieved the best overall performance, with 
a test accuracy of 99.79%, perfect precision, 
recall, and F1-score (1.00), and low compu-
tational cost, making it ideal for edge deploy-
ment. Performer and Multiscale Transformer 
followed closely with comparable accuracy 
and similar perfect classification metrics, but 
required more training epochs and showed 
slightly higher losses. Informer and LSTM 
Transformer also demonstrated strong results, 
reaching over 99.3% accuracy, though with 
minor fluctuations in precision and recall. In 
contrast, the standard Transformer and Lin-
former lagged behind in accuracy (98.24% and 
97.10%, respectively) and showed higher mis-
classification rates. Models trained with baro-
metric data consistently outperformed those 
without , confirming the value of pressure-
based spatial cues. Overall, the results highlight 
that transformer variants integrating convolu-
tional or kernel-based attention mechanisms 
significantly improve generalization, stability, 
and suitability for real-time fall detection in 
resource-constrained environments.

However, the study’s findings must be con-
sidered within the scope of its controlled con-
ditions. The dataset, while rich and sensor-di-
verse, may not fully represent the complexities 
of real-world variability such as unpredictable  

 
Fig. 9. Precision compression across all models

Fig. 10. Recall compression across all models

 

Fig. 11. F score compression across all models
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user motion, sensor misplacement, or environmental interference. 
Moreover, the reliance on barometric data, while highly beneficial in 
enhancing detection accuracy, limits the framework’s applicability in 
hardware-constrained scenarios where such sensors are absent or un-
reliable. Practitioners aiming to implement these models must ensure 
sensor calibration, consistent data flow, and proper deployment in-
frastructure to replicate these results. Looking ahead, future work will 
focus on expanding the dataset across broader populations, incorporat-
ing additional sensor modalities, and improving adaptability through 
self-supervised learning. Compression techniques and edge-opti-
mized deployment pipelines will also be explored to enable practical 
use of high-performing models on ultra-low-power wearable devices.

The outcomes of this study hold substantial practical value, par-
ticularly in the development and deployment of real-time fall detection 
systems intended for healthcare and safety-critical applications. The pro-
posed transformer-based models, especially the Temporal Convolutional 
Transformer, Performer, and Multiscale Transformer, demonstrated ex-
ceptional classification performance, making them highly suitable for 
integration into wearable devices such as smartwatches, fitness trackers, 
and specialized medical alert systems. By leveraging accelerometer and 
barometer sensor data, these models enhance fall detection accuracy, 
ensuring timely identification of hazardous incidents and enabling im-
mediate alerts to caregivers or medical personnel. This capability is criti-
cal for elderly individuals, patients with neurodegenerative disorders, 
and people undergoing physical rehabilitation who are at an increased 
risk of falling. The ability to detect falls reliably in real-time and with 
minimal false positives ensures that such systems can operate effec-
tively in home-based healthcare, assisted living facilities, and hospitals.

Furthermore, the optimized computational efficiency of the pro-
posed models supports their deployment on edge devices with limited 
processing power, reducing the dependency on continuous internet 
connectivity or centralized cloud servers. This not only enhances data 
privacy and system responsiveness but also lowers operational costs. 
Additionally, integrating these models into smart home ecosystems and 
IoT-based healthcare frameworks can significantly improve the quality 
of remote patient monitoring services. Emergency response systems, 
insurance providers, and elderly care programs may also adopt the pro-
posed approach to minimize risks and associated healthcare expenses.

Despite the promising results, several limitations must be considered 
when interpreting the findings and planning for practical implementa-
tion. Firstly, the models were trained and validated using a specific dataset 
collected under controlled conditions, which may not fully capture the 
variability and complexity of real-world environments. Factors such as dif-
ferent body types, diverse activity patterns, environmental noise, clothing, 
and sensor placement variations were not extensively tested, potentially 
affecting model generalization when deployed in uncontrolled settings.

Additionally, the dependency on barometric data as a key feature 
for enhancing accuracy may pose challenges in scenarios where barom-
eter sensors are either unavailable, inaccurate due to environmental 
conditions, or suffer from calibration issues. Sensor drift, data loss, 
or synchronization errors during continuous monitoring may also 
reduce system reliability. The computational requirements, although 
optimized, may still be high for ultra-low-power wearable devices, ne-
cessitating further model compression and optimization techniques 
for widespread deployment. Moreover, ethical and privacy concerns 
regarding continuous human activity monitoring must be addressed. 
Legal frameworks governing data protection, particularly in healthcare, 
impose strict requirements on data collection, processing, and storage, 
which may complicate large-scale deployments.

The present study, despite its rigorous experimentation and compre-
hensive model benchmarking, is subject to several limitations that must 
be acknowledged for accurate interpretation and potential replication.

First, the dataset used – while sensor-rich and well-labeled – was 
collected under controlled and supervised conditions, which may not 

fully capture the variability of real-world environments. External fac-
tors such as sensor misplacement, environmental noise, user-specific 
activity patterns, or diverse physical characteristics were not thoroughly 
tested. The high reliance on barometric data for enhancing classifica-
tion performance introduces another constraint, as not all edge devices 
may support barometer integration or may suffer from sensor drift and 
calibration errors. Additionally, while all models were optimized for 
inference efficiency, their performance on ultra-low-power devices 
with sub-watt processing budgets remains to be validated.

The research was also affected by the ongoing martial law in 
Ukraine, which limited access to high-performance institutional hard-
ware, physical testing environments, and collaborative infrastructure. 
Consequently, model training and deployment validation were con-
ducted primarily using personal or cloud-based resources, which intro-
duced constraints in terms of processing power, storage capacity, and 
reproducibility. These conditions, while restrictive, also highlighted 
the value of developing decentralized, lightweight AI systems capable 
of functioning in disrupted or resource-limited settings.

To improve generalizability, future research should aim to expand 
the dataset to include diverse demographic profiles, environmental set-
tings, and sensor placements. Incorporating multimodal sensor inputs 
such as gyroscope, magnetometer, vision, or ECG can further enhance 
model robustness. Additionally, self-supervised and transfer learning 
techniques should be explored to reduce the dependence on anno-
tated data. Finally, future efforts will focus on model compression (e. g., 
quantization, pruning, knowledge distillation) and deployment trials 
on embedded medical-grade platforms to ensure seamless integration 
into real-world healthcare monitoring systems.

4. Conclusions

This research systematically evaluated seven transformer-based 
deep learning architectures for fall detection using sensor data. The 
study measured performance across multiple dimensions, including 
accuracy, training loss, precision, recall, and F1-score. Among the tested 
models, the Temporal Convolutional Transformer emerged as the most 
effective, achieving the highest test accuracy of 99.79% and perfect 
classification metrics – 100% precision, recall, and F1-score – across 
multiple trials. Performer and Multiscale Transformer followed closely, 
also attaining perfect F1-scores and high-test accuracy (99.69%), while 
maintaining efficient training convergence and generalization capabili-
ties. These results confirm that transformer variants incorporating con-
volutional or kernel-based mechanisms outperform standard architec-
tures in capturing complex temporal dependencies and filtering noise 
in sensor-based fall detection. In contrast, the standard Transformer 
and Linformer models underperformed slightly, with test accuracies  
of 98.24% and 97.10% respectively, highlighting that not all transformer 
variants are equally optimized for this application without architectural 
refinements.

The practical implications of these findings are substantial. The 
high-performing models – especially the Temporal Convolutional 
Transformer – demonstrated a balance of classification precision and 
computational efficiency suitable for real-world deployment in edge 
devices like smartwatches, fitness bands, and IoT-enabled eldercare 
systems. These results suggest that integrating such models into health-
care monitoring platforms could reduce false alarms, ensure timely fall 
detection, and improve patient safety. Quantitatively, the study offers 
concrete validation of model effectiveness: the top models-maintained 
precision and recall scores of 1.00, showed minimal misclassification 
in confusion matrices (as low as 1 false positive and 1 false negative), 
and achieved consistent convergence with final losses below 1.0. These 
benchmarks establish strong evidence for the reliability, efficiency, and 
adaptability of optimized transformer models in safety-critical, real-
time applications.
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