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Abstract. The fall-detection equipment is critical for addressing accidental falls among the aging
population, which has a huge health effect. The traditional wearable devices and monitors were not
widely developed due to limitations in convenience and privacy. Therefore, non-invasive detection
equipment leveraging Wi-Fi Channel State Information has become increasingly popular as a
promising alternative to protect older adults efficiently. However, the practical deployment proved to
be more challenging, including the generalization problem across different environments, users, and
actions. This review provides an integrative analysis of wireless falling detection methods leveraging
deep-learning models, information modelling, and cross-modal learning to study their core
mechanisms in signal processing and data augmentation. Moreover, for challenges such as studying
similar behaviors, data scarcity, and computational processes, this work also provides future study
directions like lightweight architecture and cross-modal systems. This review aims to offer critical
insights to support the development of more robust fall detection systems.

Keywords: Wi-Fi Channel State Information (CSl); Wireless Sensing; Fall Detection.

1. Introduction

An aging population places a significant strain on healthcare systems and also calls for more
attention on their daily life. Accidental falls among them have become the second most dangerous
health concern, causing severe physical problems such as head injuries and fractures. Therefore,
timely and accurate fall detection is essential for protecting older adults and improving their quality
of life. The traditional fall detection equipment includes bands and monitors [1]. Bands need to be
worn and charged every day, which is inconvenient and uncomfortable for them. When charging the
band, it means they are not in the detection procedure, like going to the bathroom at night, which is a
dangerous time for older adults. The monitor, which is more accurate and comfortable, raises more
privacy concerns in bedrooms and bathrooms though. In this context, wireless sensing technology,
using Wi-Fi Channel State Information (CSI), has been recognized as a revolution alternative due to
its non-intrusive and wide coverage [2].

However, many limitations still prevent the CSI system from practical deployment, including poor
generalization capability when facing environmental variability, action diversity, and user diversity.
Firstly, the different arrangements of furniture in rooms would alter the CSI signatures, which affect
the performance of the model. What is more, certain daily activities, such as sitting down, are
associated with falls, leading to false alarms. Besides, the differences in body shape will also affect
captured signals.

DeFall, FallDar, XFall, and DapFall are at the forefront of introducing innovative solutions,
including deep learning models, attention mechanisms, and physical modeling [3-6]. However, most
relevant research articles focus on a single technology, concentrating on vertical analysis of core
technology. Moreover, current literature reviews focus more on a summary of methods and
performance, lacking deep analysis and horizontal analysis comparison among their robustness and
applicable environments. It is crucial to provide guidance on evaluating performance in different
environments and conditions.

This review aims to address this gap, providing a more integrative analysis of wireless fall
detection methods. In the first place, this review shows the evolution from traditional processing
technologies such as filtering and feature extraction to deep learning models, the typical recognition
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procedure, and fundamental theories such as CSI physics and speed estimation. In addition, it will
introduce representative models in the detection area and show multidimensional comparison among
core mechanisms and generalization strategies. Ultimately, this article will identify common
challenges, such as similar activities and model complexity, while exploring positive directions, such
as lightweight architecture and cross-model learning.

2. Method

This review analyzes representative wireless sensing-based fall detection methods. By researching
their framework, core technologies, and innovations, this work would help you understand their
innovative approaches to addressing three core challenges: environmental variation, similar actions,
and user diversity.

2.1. Indoor Human Fall Detection Algorithm Based on Wireless Sensing

Wang et al. introduced the wireless sensing detection methodology, based on the Channel State
Information (CSI), to realize non-invasive and low-cost indoor fall detection [7]. There are three
important procedures in this system. Firstly, the system applies Butterworth low-pass filtering to
eliminate high-frequency noise, as the signals from human motion are always low-frequency in the
data processing part. Then, due to the outlier data being quite different, the system adopts the Local
Outlier Factor (LOF) algorithm to identify the abnormal part, which could be recognized as a Falling
part. Finally, the Support Vector Machine (SVM) or Extreme Gradient Boosting (XGBoost) is used
to recognize the falling behavior based on median absolute deviation, interquartile range, maximum
value, mean value, and variance.

2.2. FallDar: Core/Residual Speed and More Data

Yang et al. introduced FallDar to address data scarcity in fall detection [3]. The system defined the
fall body motion as core-speed, and the limb motion as residual-speed. The Variational Autoencoder
(VAE) generates more kinds of fall samples by studying the distribution of these two kinds of speed,
combining them for user and action diversity, such as falling with protection. FallDar also introduced
an adversarial network, consisting of a fall detection classifier and a user identity discriminator, to
improve the generalization across different people. In summary, FallDar provides more kinds of fall
data and extracts user-agnostic features.

2.3. XFall: Cross-Model Supervision Detection

According to Chi et al., they introduced XFall with innovations in both Wi-Fi character and
learning model [5]. Firstly, they introduced Speed Distribution Profiles (SDP). The SDP, which is
derived from the statistical electromagnetic field model and the autocorrelation function of CSlI,
focuses on the speed distribution of the human body during falling to filter out environmental noise.
Moreover, Cross-Modal Unified Learning (CURL) leverages video materials to help the wireless
model learn the falling pattern with labeled video materials. The Spatial-Temporal-Attention-based
Transformer Encoder (STATE) improves accuracy through studying features across spatial and
temporal dimensions. Therefore, when facing more kinds of falling, STATE could better find and
identify key motion features.

2.4. DeFall: Detecting Falls with Template Matching

Hu et al. proposed DeFall, which estimates motion velocity and acceleration from CSI data streams
to detect falls in a more lightweight way [4]. DeFall includes two stages. In the offline part, it first
processes the original CSI data to estimate the velocity and acceleration, effectively filtering out
environmental influences. Further, Dynamic Time Warping Barycenter Averaging (DBA) was
introduced as an averaging algorithm to study multiple fall data and produce a representative motion
template for falling, characterized by common sharp acceleration and abrupt deceleration. In the
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online part, the system will monitor the real-time velocity data and match it with the template before
with Dynamic Time Warping (DTW) algorithm. In conclusion, DeFall concentrates on the basic
motion template, extremely reducing the impact of environmental factors.

2.5. DapFall: Vision Characters of Fall Detection

Chen et al. introduced DapFall, which transformed the signal processing into a vision recognition
problem [6]. The core innovation is Dynamic Amplitude Probability Density Profile (DAPD), a 3D
visual representation which could emphasize dynamic variations. To tackle the scarcity of fall data,
DapFall leverages frame insertion and deletion. Specifically, it removes the noise and inserts frames
to simulate many kinds fall samples which include quick and slow fall samples without collecting
more real fall data. Additionally, successful conversion allows the application of powerful video
recognition models such R2+1-D deep learning models with efficient knowledge, avoiding much
training process. In conclusion, DapFall addresses the limitation of CSl-based fall detections such as
the signal feature processing and poor adaptability to environmental changes.

3. Discussion

Although the analysis of representative methodologies shows relevant progress, several challenges
still prevent sensing equipment from being widely deployed in more families.

3.1. Challenges

3.1.1 Distinguishing Falls from Similar Activities

One important and continuous challenge is the signal similarity between fall and non-fall activities,
such as sitting down quickly and bending over, which could also cause fluctuations in the CSI signal,
leading to a high rate of false alarms. However, slow slips, stumbles and slow falls may not be similar
with the standard fall modal, resulting in no alarms and affect public trust. Consequently, separating
similar activities is still attracting the attention.

3.1.2 Generalization Across Diversities

Firstly, because of the sensitivity of CSI signals, furniture and walls may cause multipath
reflections and alter the CSI signatures. When rooms are quite different from the training one, the
system may fail due to the noise. Moreover, User diversity, including mass and height, would alter
the signal differently, causing different data changing charts. Besides, action diversity, including
unnecessary movements when a fall happens, may cause more noise and affect the detection result.

3.1.3 Computational Load and Model Complexity

For higher-performance models, higher efficiency usually means greater difficulty in deployment
for home users. Such as deep-learning models in DapFall and XFall provide high accuracy but
demand more processing power and better equipment, which could not be applied on low-cost devices
like home Wi-Fi equipment. Moreover, collecting enough kinds of falling samples calls for more time
and energy, as there are numerous kinds of actions and figures which could alter CSI data differently.
Therefore, it is crucial to balance high efficiency and computational complexity for more deployment
in more families.

3.2. Future Prospects

To enhance the robustness and efficiency of fall detection equipment, future research should focus
on challenges above.
3.2.1 Tackling Computational Complexity Challenge with Lightweight Models

Lightweight models shoulder the responsibility of broader deployment, providing high efficiency
for more families. LFD-YOLO from Wang et al. introduced new directions and research to reduce
the parameter count by replacing the heavy standard convolutions with Ghost convolutions [8]. This
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kind of convolution could filter the impact of furniture and walls by extracting features related to
human posture, avoiding the waste of computing resources in the background. Furthermore, they
introduced the Efficient Multi-scale Attention (EMA) mechanism, a lightweight attention mechanism,
which could help focus only on human posture by grouping feature channels to balance the
information about the human body. In this way, LFD-YOLO reduces parameters and computations
by 19.2% and 21.3%, while the accuracy remains higher. For future direction, it is highly
recommended to explore more attention mechanisms and innovate with GhostNet to study more
features from cheap operations.

3.2.2 Overcoming Similar Behaviors

To distinguish falls from similar activities accurately, understanding the environment when they
occur would be helpful than only concentrating on the isolated signal pattern. Xiao et al. proposed
the Fall-Attention framework, which transformed the 1D CSI signal into a 2D time-frequency chart
to better understand the falling characters through Short-Time Fourier Transform (STFT), which
emphasizes the high-frequency features caused by body falling [9]. Moreover, two important
mechanisms help realize the falling process. Firstly, the attention mechanism learns to focus on the
high-energy signatures during falling and filter noise caused by other activities. Meanwhile, the multi-
task learning system will study more about the hobbies of old people and recognize different activities.
The success of Fall-Attention inspired more frameworks to study hobbies and classify events to
reduce false alarms.

3.2.3 Tackling Data Scarcity and Diversities

User diversity, action diversity, and environmental diversity represent fundamental dimensions for
data collection, meaning it needs to collect data that covers every individual [10]. So, it is crucial to
explore more approaches for more data. Although the VAE system in FallDar and the CURL system
in XFall have introduced cross-modal approaches to provide more data, it is still necessary to integrate
CSI with cross-modal data. In the future, the Cross-Modal learning model should be regarded as the
main breakthrough to address the data scarcity challenge and enhance the generalization of detection
systems. Through a more dimensional model, it is capable of generating more data that fits more
people and more environments.

4. Conclusion

In conclusion, addressing the challenge of accidental falls among the elderly still demands further
approaches, as the practical deployment still faces generalization and reliability problems. Through
studying these new systems, this review analyzes their achievements from foundational signal
processing to cross-modal monitoring, demonstrating innovations in noise filtering and data
augmentation. However, challenges like how to overcome similar behavior interference and data
scarcity still cause false alarms. Looking forward, future study should concentrate on how to tackle
these limitations by balancing high performance with computational complexity, developing cross-
modal learning and exploring multi-task learning architecture for improving robustness. By solving
these problems, the CSI detection systems would achieve broader deployment and improve quality
of life.
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