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Abstract

Channel State Information (CSI) based human activity recognition (HAR) has
gained popularity because of its privacy-protecting, light-insensitive, and
devicefree benefits. The raw WiFi CSI data obtained from commercial WiFi
devices is rich in human activity information and extremely sensitive to changes
in the environment, human behavior, and the subject’s weight and height. The
data additionally consists of random noise from various sources and inter-
personal variations, which may lead to false detection. This research proposes
CSI-based HAR with pattern matching that is robust to noise and inter-personal
adaptation. Human movements at consistent intervals over a set period of time
are converted to pseudocolor images without preprocessing, allowing visual
observation of whole pattern changes. The CSI features depicted in the image are
then retrieved using a convolution neural network (CNN), and the resulting
feature arrays are fed into a stochastic spiking neural network (SSNN) model-
based simple cycle reservoir (SCR) for template matching. The proposed method
demonstrates the ability to perform HAR based on partially captured signals,
whereby the signal pattern of each segment can be observed in a single line of
sight and used for person-to-person template recognition. This enables HAR to
address interpatient variability with minimal computational complexity. The
experimental results demonstrate that the proposed system achieves impressive
performance in recognizing human activities with an overall accuracy of 94.81%.
This approach simplifies the original complex CSI data with only 64 features and
is robust in recognizing incomplete HAR signals and is capable of forecasting
and predicting human activity based on historical data in future.

Keywords: Channel state information, Convolution neural network, Human
activity recognition, Template matching, Time series prediction.
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1.Introduction

HAR based on Wi-Fi signals have recently emerged as a promising approach,
leveraging the reflective properties of WiFi signals. The core principle behind these
systems is that human bodies are largely constituted of water, which may reflect
WiFi signals [1]. The CSI is impacted by human movements via multipath effects,
carries motion features and is more dependable than Received Signal Strength
Indicator (RSSI) as it provides more information and fluctuates often based on the
time and location. This wireless channel information includes information such as
multipath fading, scattering, reflection, and other information is obtained during
signal transmission between the transmitter and the receiver as shown in Fig. 1
without the use of any additional devices.

CSl-based human activity recognition (HAR) is a non-intrusive and privacy-
preserving approach that utilizes Channel State Information (CSI) to detect human
activities. Wireless sensing technologies, including millimeter-wave radar and Wi-
Fi devices, provide distinct benefits, with Wi-Fi systems leveraging existing
infrastructure to enable real-time environmental sensing through CSI analysis [2].
This approach proves advantageous over conventional HAR [3-5] in scenarios like
elder care and intrusion detection. Additionally, it outperforms camera-based
systems in coverage as WiFi signals can penetrate obstacles, overcoming
challenges related to lighting conditions, blind spots, and high energy consumption,
while also reducing the risk of privacy leakage during the detection process [6].

However, Wi-Fi-based Human Activity Recognition (HAR) encounters
challenges in environments with significant signal noise [7]. The raw Channel State
Information (CSI) data acquired from commercial Wi-Fi network interface cards
(NICs) is often contaminated by random noise, particularly surrounding electrical
devices. This noise introduces false edges, thereby compromising the accuracy and
robustness of HAR systems.
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Fig. 1. Three-dimensional distribution of CSI amplitude in
(a)Multipath for (b)Antenna 1 (c)Antenna 2 (d)Antenna.

Related work

Previous researchers have done extensive work on CSI data preprocessing for
denoising, removing outliers, and merging large matrices [8-11]. Many studies
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averaged all 30 subcarriers into one signal, which was subsequently utilized to
perform classification [8-12]. Principal component analysis (PCA) is then
introduced and used in [13-15] to eliminate the influence of the background
environment and perform dimensionality reduction over a small number of
features. However, under such complicated multipath situations, even after
applying a PCA based denoising procedure, commercial WiFi devices are unable
to exhibit significant fluctuations in CSI signals caused by human activity. Support
Vector Machines (SVM) and their advanced variants, such as CNN-SVM
classifiers, have been utilized for identifying Channel State Information (CSI)
signals associated with various human activities [16-19].

However, these methods exhibit notable limitations, including inefficiencies in
handling high-dimensional data and challenges in addressing inter-patient
variability. In comparison, Neural Networks demonstrate superior adaptability
particularly in managing extensive datasets and non-linear relationship, which
well-suited for diverse applications such as image recognition, natural language
processing, and time-series analysis. LSTM-CNN models, despite their ability to
capture temporal dependencies, suffer from high computational costs, prolonged
training times, and significant memory requirements due to their intricate
architecture of gates and memory cells [20]. These limitations hinder their
scalability and real-time applicability. A comprehensive comparison of the
methods, evaluating features, accuracy, computational complexity, and noise
handling, is presented in Table 1.

Table 1. Comparison of methods based on features,
accuracy, computational complexity, and noise handling.

Features Accuracy Comp utatl?nal Noise Handling
Complexity
Dlmgnsmnahty Sensitive to
reduction, extracts Low to . .
PCA L Low noise; requires
principal Moderate .
preprocessing
components
Linear/ Non-linear Moderate  Moderate (scales S.trugglgs s
SVM . . . . high noise and
classification to High with data) .
outliers
CNN- CNN for feature Dependent on
extraction, SVM for High High CNN
SVM . . .
classification architecture
CNN for spatial
LSTM- features; LSTM for . . Handles noisy
CNN temporal Ve 1 g Vi 18t time-series data
dependencies
Proposed e?(i\rIzI;I: t{?,;f%a;l\;; Verv Hich Moderate to Robust to noise
method ; Ty Hig High and variability

for classification

To address these challenges, a robust CSI-based HAR with hybrid framework,
Convolutional Neural Network-Template Matching (CNN-TM), is urged to be
developed due to the lower computational complexity, easier in dealing with inter-
patient variability and supports either fully or partial signals recognition. The 2D-
CNN extracts difficult-to-detect features from pseudocolor images of CSI data,
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enabling visual observation of pattern changes without preprocessing, which avoids
information loss [21].

A simple low pass filter can be added if the data were collected in high
frequency noise environment. The extracted features are then fed into stochastic
spiking neural network (SSNN) model for the implementation of template
matching, which significantly reduces inter-patient variability and enables accurate
recognition even with partially captured signals [22]. By leveraging CNN, template
matching and stochastic computing, the proposed method achieves lower
computational complexity, improved hardware efficiency, and robust noise
handling, making it highly scalable, adaptable to dynamic and unpredictable real-
world conditions and suitable for real-world deployments.

2.Method

This study proposes a recognition system that enables commercial WiFi devices to
detect personal movement based on collected CSI readings. Human activities cause
fluctuations in the signals captured by the Linux 802.11n CSI Tool [23], employed
by the preceding researcher [13] in this study. The receiver is outfitted with a
commercial Intel 5300 NIC with the sampling rate of 1 kHz. The dataset used is based
on the assumption that a person who is not wearing any specific sensor or device
undertakes random activity in a target region during data collection. A total of 59
samples of CSI sequence data, each comprising 30 subcarriers for every human
activity category are collected using three antennas in an office space where the
transmitter and receiver are 3 m apart in line-of-sight conditions.

2.1.Feature extraction using 2D-CNN

The human movements at consistent intervals over a set period are initially
converted into pseudocolor images using the pcolor function. The color variations
within these images, which correspond to the reflected raw CSI signals generated
by human activities, are extracted utilizing a Convolutional Neural Network (CNN)
incorporating a global average pooling layer. This process facilitates the direct
transformation of human movements into pseudocolor images without
preprocessing, while allowing observation of the signal pattern for each segment
during human activity in the target area.

The CSI signal received is pseudocolor displayed along the number of packets
in the order of the amplitude of the first, second, and third antennas as shown in
Fig. 2(b). The pseudocolor plot of different activities differed in terms of motion
duration and overall shape of the pattern. The active region of the CSI signal can
be observed by the change in energy from high amplitudes in the yellow region to
low amplitudes in the blue region.
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Fig. 2. Pseudocolor plot of (a) each segment
during walking activity (b) different human activities.
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2.2. Template matching based on simple cycle reservoir (SCR)

The retrieved feature in preceding section is then divided into 70% as training set
and 30% as testing set and are used as input signals for the SSNN, down to each of
the 20 stochastic neurons arranged based on simple cycle reservoir architecture, as
depicted in Fig. 3. The input signals to a stochastic neuron are converted into pulsed
signals, which are then multiplied and summed with the stochastic bitstream from
the preceding neuron [22], facilitating neural information processing for enhanced
hardware efficiency without compromising accuracy.

The resultant bitstream produced by the weighted sum of the inputs is converted
into a binary integer and also further processing by another neuron. The evaluation
duration has been set to Teval = (28 —1)-Tclk and the clock frequency is 1 kHz
(Tclk = 1 ms). Figure 4 illustrates the output of several reservoir nodes in reaction
to the input signal. Each neuron state oscillates in response to input stimuli, and a
notable alignment becomes evident with an increasing number of trained neurons.
While the 20th stochastic neuron closely resembles the initial input and achieves
satisfactory accuracy, adding more stochastic neuron will increase the difficulty of
computational time and also hardware implementation.
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Fig. 4. The output of three selected neurons
from a reservoir in response to extracted feature.

At the output layer, the training set for each activity group will be used as golden
templates for pattern matching on the test dataset. This involved by calculating
correlations with multiple duplicates of each template and subsequently classifying
based on the highest correlation value. The cross-correlation function in Fig. 5
reveals a significant peak with a value of 0.91 at lag = 0, indicating a flawless match
between the extracted feature and template. Template matching addresses inter-
patient variability by comparing incoming CSI signals directly with patient-specific
templates, instead of relying on a generalized model, ensuring accurate recognition.
This approach successfully addresses concerns related to inter-patient variability
while maintaining high accuracy in time series HAR. Additionally, it allows for
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easy updates to templates for specific patients, making the system adaptable and
robust in real-world scenarios.
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Fig. 5. (a) Cross-correlation between each
template and (b) matches and results with lag index.

3.Results and Discussion
3.1. Performance of the proposed CNN-TM

Human activities have different CSI values, resulting in different recognition
accuracy [24]. The performance of proposed method for each activity is
summarized using a confusion matrix as shown in Fig. 6(b) and benchmarked
against the conventional CNN as shown in Fig. 6(a). From the confusion matrices,
activities involving more significant body movement, such as walking and running,
have a better recognition accuracy due to their greater impact on CSI features. The
pickup activity which has a quite similar body movement compared to the stand
activity, giving that the ending position is identical and only the starting positions
are different, causes to a less comparable effect on CSI values for both activities
and lower classification accuracy in conventional CNN.

By employing pattern matching in time series, the proposed method reduces
confusion between the two activities, resulting in significantly improved accuracy for
both pickup and standing up activities. To further address this, Discrete Wavelet
Transform (DWT) can be employed to decompose the CSI signals into multiple
frequency components, capturing subtle variations in movement patterns. The system
can better differentiate between activities with similar body postures, significantly
improving recognition accuracy while maintaining computational efficiency.

CNN Accuracy : 90.64% TM Accuracy : 94.96%

True Class
True Class

o G”\\?\c‘—‘“" W S e® gt o gt @ S e
Predicted Class Predicted Class

Fig. 6. Confusion matrix of (a) CNN and (b) TM.
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3.2. CNN-TM with partial input signals

Time series recognition pattern matching based on partially captured signals,
through cross-correlation with sliding windows between extracted features and
templates, the accuracy distribution is shown in Fig. 7. The extracted features of
every sample are denoted as Fy, F,, F3, -+, F,, where F,, represents the number of
features. A first reading of the sliding window size W, is included in the first test
signal. The W z windows then slide for another s steps, and the following sample
comprises of readings from s + 1 to s + W, + 1. As a result, every three extracted
feature segments are used as test signals and cross-correlated with the
corresponding templates. The accuracy distribution based on 40 iterations, 30
epoch, 7:3 training ratio demonstrates that the third, fourth, and fifth steps achieves
relatively higher accuracy.
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Fig. 7. (a) Every three segments cross-correlated
with templates and the (b) accuracy distribution.

This is because the pseudocolor variations caused by human movements that
depicted in the images only occurs during the active region; no variation is observed
in the images during the inactive region. As a result, instead of requiring extracted
features of the entire series for template matching, using features from a few
segments that compose the active region is sufficient for categorization. This
concerns is further evaluated by performing classification between various
extracted feature segments and a template as shown in Fig. 8.

Recognizing activities from partial signals in human activity recognition holds
significant practical importance, as it enables the system to function effectively
even when data is incomplete or interrupted. This capability is particularly valuable
in real-world deployments, such as elderly care monitoring, where continuous
activity tracking is essential for fall detection or health assessment. By supporting
partial signal recognition, the system becomes more robust, reliable, and adaptable
to dynamic and unpredictable real-world conditions, enhancing its applicability
across diverse scenarios.

Table 2 demonstrates that the proposed CNN-TM model surpasses previous
methodologies, achieving higher accuracy in recognizing a wider range of human
activities while eliminating preprocessing requirements. The proposed method
allows recognition using either full or partial input signals, significantly enhancing
its feasibility for time series activity recognition. Human movements at consistent
intervals are converted into pseudocolor images without preprocessing and
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employing template matching to compare incoming CSI signals with patient-
specific templates which effectively addresses inter-patient variability, ensuring
adaptability and robustness in real-world scenarios. Collectively, these
advancements improve noise robustness, computational efficiency, and recognition
accuracy, making the system highly effective for diverse applications.
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Fig. 8. (a) Different segments cross-correlated
with templates and the (b) accuracy distribution.

Table 2. Comparison of proposed model and other model results.

Number Average Average Precision Recall  F1-

of accuracy Loss (%) (%) score

activities (%) (%)
SVM [17] 5 91.27 - 84.01 - 85.96
LSTM [25] 5 82.72 0.5081 80.70 79.82 79.95
LSTM-CNN [25] 5 94.14 0.1269 91.03 83.81 87.10
LSTM [13] 6 90.50 - - - -
CNN 7 86.58 - 86.85 86.89 86.72
CNN-TM 7 93.51 - 93.71 93.92 93.81

The proposed CSI-based HAR system is developed using Verilog hardware
description and synthesized on the Xilinx Zynq-7000 FPGA using Vivado,
demonstrating significant hardware efficiency. As shown in Table 3, the proposed
SSNN utilizes the least number of lookup tables (LUTs) and flip-flops (FFs) for
categorizing distinct human activities compared to previous studies. By leveraging
stochastic computing, the system reduces the hardware required for arithmetic
calculations through probabilistic techniques, while the simple cycle reservoir
(SCR) architecture minimizes the number of connections, further simplifying the
network design. Additionally, template matching at the output layer enables
recognition using partial input signals, enhancing the system's robustness and
adaptability to dynamic, real-world conditions compared to previous research. This
capability, combined with hardware-efficient design, ensures reliable performance
in applications such as elderly care monitoring, where data is incomplete or
continuous activity tracking for fall detection.

Table 3. Hardware resource utilization comparison.
Leietal. [26]  Vitaetal.[27] This Approach

FPGA Zynq XC7Z045 Artix-7 Zynq 7000
Classifier Type CNN BNN SSNN

LUT 79637 5988 692 (0.65%)
FF 48972 4299 440 (0.83%)
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4.Conclusions

In this study, we have demonstrated that our proposed method enables robust
sequence matching, which is much simple and capable than conventional
techniques. The pseudocolor variations induced by human movements are retrieved
using 2D-CNN without preprocessing, while allowing visual viewing of entire
pattern alterations and minimize computational complexity. The SC approach
substantially reduces the required hardware, while SCR architecture implemented
in network design further minimizes the number of connections. The template
matching approach significantly mitigates inter-patient variability issues and
enables high-precision HAR even with only a quarter of the input signal, indicating
that the system is effective and robust in time series human activities classification.

In real-world scenarios like multi-room or dynamic environments with higher
interference, CSI-based human activity recognition can face challenges such as
signal attenuation, noise, and overlapping activities and environmental variations
can lead to reduced recognition accuracy. Addressing these limitations will be a
focus of future work, with an emphasis on developing advanced algorithms to
effectively handle multiple users and adapt to diverse environments. Also, the
proposed method demonstrates strong performance in line-of-sight conditions with
the transmitter and receiver placed 3 meters apart, future work will focus on
enhancing its generalizability in non-line-of-sight (NLOS) scenarios. This includes
leveraging advanced signal processing techniques and multipath propagation
analysis to ensure robust activity recognition in environments with obstacles or
dynamic layouts, broadening its applicability in real-world deployments.
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