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Abstract

To address the shortcomings of the particle swarm optimization algorithm, in-
cluding severe late-stage homogeneity, slow convergence speed, and susceptibil-
ity to local minima, the pattern search algorithm is introduced into the particle
swarm optimization algorithm to optimize support vector machine parameters
for fall detection applications. First, wearable devices are employed to collect
fall detection datasets, and the initial data undergo mean filtering to eliminate
noise effects. Then, feature extraction is performed on the filtered data, and
the extracted multidimensional data is dimensionally reduced using the singu-
lar value decomposition algorithm. Finally, the dimensionally reduced data is
used to evaluate the performance of the particle swarm pattern search algorithm.
Through comparison with the support vector machine algorithm and the sup-
port vector machine algorithm combined with particle swarm optimization, the
particle swarm pattern search algorithm demonstrates improved specificity and
sensitivity in fall detection.
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Abstract: To address the shortcomings of particle swarm optimization (PSO),
including severe homogeneity in later stages, slow convergence, and suscepti-
bility to local minima, this paper introduces the pattern search algorithm into
PSO to optimize support vector machine (SVM) parameters for fall detection
applications. First, wearable devices are used to collect fall detection datasets,
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and the raw data undergo mean filtering to eliminate noise. Next, features are
extracted from the filtered data, and the resulting multidimensional data is re-
duced in dimensionality using singular value decomposition (SVD). Finally, the
dimensionality-reduced data is used to evaluate the performance of the PSO
pattern search algorithm. Compared with standalone SVM and SVM combined
with standard PSO, the proposed PSO pattern search algorithm demonstrates
improved specificity and sensitivity in fall detection.

Keywords: fall detection; particle swarm optimization; pattern search; dimen-
sion reduction; support vector machine

0 Introduction

According to World Health Organization statistics, an estimated 646,000 fatal
fall accidents occur worldwide annually, making falls a leading cause of death
from accidental injuries. When a fall occurs, while some elderly individuals who
experience minor falls can self-rescue, those with severe injuries who do not re-
ceive timely assistance may face serious consequences, including life-threatening
situations. Consequently, fall detection has remained a prominent research focus

7).

Current fall detection methods can be broadly categorized into three types: (a)
camera-based video detection [?, ?], which analyzes human contours and pos-
tures in video imagery; (b) dedicated environmental change detection [?, ?],
which employs ultrasonic arrays to analyze ground impact patterns from falls;
and (c) wearable sensor-based detection [?, ?], which installs specific sensors to
extract motion features and performs fall detection through pattern recognition
methods. However, video detection raises privacy concerns, dedicated environ-
ments are heavily influenced by specific conditions and involve complex, costly
processes with limited detection ranges. In contrast, wearable devices offer sig-
nificant advantages including compact size, portability, and privacy protection,
leading to their widespread development. Hu Lisha et al. [?] provided a com-
prehensive review of wearable fall detection technologies, summarizing recent
research achievements in this domain.

Support vector machines exhibit excellent performance in classification tasks,
and fall detection can be naturally formulated as a binary classification problem.
However, SVM performance heavily depends on parameter settings. Particle
swarm optimization is a global parallel optimization algorithm that offers ad-
vantages such as short evolution time and high optimization precision compared
to other methods, making PSO-SVM particularly effective for fall detection. Sun
Xiaowen et al. [?] employed threshold discrimination followed by PSO-SVM for
secondary decision-making. Pei Liran et al. [?] utilized RBF-based SVM with
PSO for parameter optimization. Ma Wengang et al. [?] applied the conjugate
gradient method for data optimization and implemented a two-stage decision
process using threshold determination and PSO-SVM.
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Noise interference from various sources affects classification performance, neces-
sitating data preprocessing. Ma Wengang et al. [?] used the conjugate gradient
method to reduce nonlinear errors. Wang Rong et al. [?] applied Kalman filter-
ing to correct posture angles. He Jian et al. [?] combined Kalman filtering for
posture correction with KNN algorithms, achieving satisfactory fall detection
results.

During feature extraction, more feature vectors provide more detailed behav-
ior descriptions but risk the curse of dimensionality, requiring dimensionality
reduction. Bai Yong et al. [?] improved fall detection sensitivity through SVD
methods. Li Lei [?] achieved excellent results by improving the KPCA algo-
rithm.

Although PSO is widely applied, traditional PSO suffers from slow convergence
and susceptibility to local minima. To address this, Wang Xibin et al. [?] intro-
duced the pattern search algorithm into PSO, yielding promising results. Fol-
lowing the approach in [?], this paper incorporates PSO pattern search for fall
detection. The methodology involves: (1) preprocessing raw data using mean
filtering; (2) performing dimensionality reduction via SVD [?]; (3) optimizing
SVM parameters using PSO pattern search; and (4) conducting fall detection
using the SVM algorithm with the dimensionality-reduced dataset.

1 SVM Basic Principles

Support vector machine (SVM), proposed by Vapnik and colleagues in the 1990s,
has proven highly effective for practical problems. The fundamental concept in-
volves using kernel functions to map input sample space into a high-dimensional
feature space where optimal classification is achieved.

Given a dataset:

T = {(l‘l, yl), (x27y2> tee (xn’yn)}

where z; € R™ represents the i-th feature vector, (z;,y;) denotes sample points,
and y; € {—1, 1} indicates class labels. The classification hyperplane is obtained
by solving;:

N SR
min 5]
subject to:

yilw-z;, +b] >1, i=1,2,..,1
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where w is the normal vector, b is the bias term, z; represents training samples,
and y, denotes sample class labels. Using Lagrange multipliers and satisfying
KKT conditions yields the optimal classification function:

l
f(z) = sign(w* - ¢ + b*) = sign (Z ady;(x, - x) + b*)

=1

where o and b* are hyperplane parameters, and (x; - z) represents the vector
dot product. For linearly inseparable cases, slack variables are introduced into
constraints and penalty functions are added to the objective function, ultimately
transforming into minimizing:

1 l
min g w]* + C > &
i1

where C' is the penalty coefficient controlling error sample punishment. Kernel
functions are introduced into SVM, with the most commonly used being the
radial basis function:

K(xz,’ ‘rj) — 6*7“%‘,*@7‘”2

where parameter v affects the complexity of the SVM classification algorithm.

2.1 PSO Algorithm

Particle swarm optimization (PSO), proposed by Eberhart and Kennedy in 1995,
draws inspiration from simulating bird flock foraging behavior. Bird flocks ad-
just their search paths through individual experience and population communi-
cation to locate areas with maximum food density. Each bird’ s position/path
represents a combination of independent variables, with food density at each
point representing the function value. In PSO, particles update their veloci-
ties and positions based on individual and swarm experience to find optimal
solutions.

In D-dimensional space with N particles, particle ¢ has position z;, fitness
function f(x;), and velocity v;. The best position experienced by particle i
iS Ppest; While the best position experienced by the population is gy .. The
position and velocity variation ranges for dimension d are [x and
[—v

min,d> Imax,d]

max,d> Umax,d)» Tespectively, with boundary value constraints.

The iteration process follows:

A k-1 k-1
Vgg = WU + 171 (Poest,ia — Tig ) + a2 (Ghest,a — Tig )
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ko k=1 ok
Tig = Tig + Vg

where vfd and xfd represent the d-th dimensional components of particle ¢’ s
velocity and position vectors at iteration k; ¢; and cy are constants regulating
learning steps; r; and r, are random numbers in [0, 1] adding search randomness;
and w adjusts the solution space search range.

A threshold ¢ and maximum iteration count are set. If the threshold or maxi-
mum iterations are satisfied, the process terminates, with g .. as the optimal
solution and the current particle position representing the optimal SVM param-
eters.

2.2 PSO Pattern Search Algorithm

Pattern search, also known as the Hooke-Jeeves method, alternates between
axial searches and pattern searches starting from an initial base point. Axial
searches determine new base points and function descent directions along coordi-
nate axes, while pattern searches along lines between two base points accelerate
function descent. Pattern search exhibits strong local search capability but suf-
fers from numerous iterations, heavy computational load, and susceptibility to
local minima with poor global search ability. PSO offers shorter evolution time
and higher precision. Combining pattern search with particle swarm optimiza-
tion leverages the advantages of both algorithms, resulting in the PSO pattern
search algorithm.

3.1 Data Preprocessing

Sensors placed at the waist collect signals from human activities for processing
to determine whether a fall has occurred. Since acceleration and angular velocity
changes are continuous and real-time, data stream processing is challenging. Ac-
celeration data collected by the accelerometer are denoted as a,(t),a,(t),a,(t),
while gyroscope data are recorded as w,(t),w, (t),w,(t). The raw collected data
is:

well) (1) w.(])
we(2) w,(®) w
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As sensor data is subject to noise interference, effective denoising methods must
be applied before analysis to improve fall detection accuracy. Mean filtering
is employed here to eliminate spikes in sensor data while preserving original
information and removing noise interference.

3.2 Feature Extraction and Dimensionality Reduction

During feature extraction, more feature vectors provide more detailed behavior
descriptions but risk the curse of dimensionality. To ensure accurate behavior
representation while maintaining computational feasibility, feature vectors must
be appropriately processed. In wearable fall detection, since wearable devices
provide signal sources that cannot directly form effective training datasets, ex-
tracting reasonable fall feature vector sets [?] is essential. Common time-domain
feature statistics are shown in Table 1 .

Based on singular value decomposition (SVD), useful feature information can
be effectively separated, and dimensionality reduction via SVD retains most
valuable information while reducing dimensions. For a dataset:

Amxn = UmeZanVTg;n
where A, ., represents m samples with n features each; U and V' are orthogonal
matrices; and ¥ is a non-negative diagonal matrix. According to SVD principles,
the first [ principal components contain the maximum information. Therefore,
the first [ principal components are extracted as new dimensionality-reduced
data:

;nxl = Umxlzlxl
where A/, is the new feature space; ¥;,; is the diagonal matrix correspond-
ing to the first [ eigenvalues; and U,,,; is the matrix comprising the first [
columns. Since SVD is fundamentally similar to PCA, where larger singular
values contain more information, SVD-based dimensionality reduction maxi-
mally preserves original information while significantly reducing computational
complexity. Thus, the new feature set contains only useful feature information.

3.3 PSO Pattern Search Algorithm for SVM Parameter Op-
timization
The PSO pattern search algorithm proceeds as follows:

a) Read fall detection data samples and randomly generate initial positions
(¢, 7).
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b) Calculate each particle’ s fitness value using classification error as the
fitness evaluation function:

Error = ———
ITOT T—|—F

where T and F represent correctly and incorrectly classified sample counts, re-
spectively.

¢) Update particle positions and velocities according to equations (5) and
(6).

d) Set the result from equation (3) as the initial value, assign unit vectors
e;, initial step size v, > 0, acceleration coefficient A € (0,1), contraction
coeflicient, precision ¢, and set £ = 0, y = ppegt-

e) Starting from y, perform axial probing moves parallel to unit vectors e;:

If f(y +7e;) < f(y), then y = y + ve;; otherwise, if f(y —7e;) < f(y), then
y=y-—e;

) If y # ppest, Perform pattern move: let p{f;}; = y; otherwise return to step

b).

g) If Hp’“r1 — p’geStH < e, terminate iteration and output results; otherwise,

best
when f(pFtly < f(pf...), set y = pitl 4+ (pFdl —pk ) and return to step

e); when f(pfil) > f(pF...), set y = piil and return to step e). If v < e,
set v = Ay and k = k + 1; otherwise, if maximum iterations are reached,
return to step b).

The final optimization result (¢,7) is output and incorporated into the SVM
algorithm. The training dataset produces a trained model, and the test dataset
serves as input to the classification model for prediction, distinguishing between
falls and daily activities.

3.4 Algorithm Flow

The fall detection process is illustrated in Figure 1 [Figure 1: see original paper].

4.1 Experimental Scheme

Experimental data were collected from six subjects (three male, three female)
with devices placed at the waist, totaling 1,000 data groups: 400 fall groups
(100 each for forward, backward, left, and right falls) and 600 normal activity
groups (100 each for forward walking, backward walking, jogging, squatting then
standing, bending, and lying flat). The sampling frequency was 25 Hz. Three
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hundred fall samples and 500 normal activity samples served as the training set,
with the remainder used for SVM testing. Taking normal walking and forward
falling as examples, acceleration and posture angles exhibit dramatic changes
during falls. To eliminate noise effects, mean filtering is applied, which removes
spikes and smoothes the data curves.

Filtered data is used to extract multidimensional features according to the table
format, and SVD-based dimensionality reduction extracts principal components
for subsequent algorithm processing. To validate the effectiveness and correct-
ness of the PSO pattern search algorithm, SVM classification performance is
compared between initial PSO and PSO pattern search algorithms.

The experimental schemes are: - Scheme 1: Feature set + SVM algorithm -
Scheme 2: Feature set + Initial PSO algorithm + SVM - Scheme 3: Feature
set + PSO pattern search algorithm + SVM

4.2 Experimental Results

Accuracy (Ac), specificity (Sp), and sensitivity (Se) are selected as evaluation
metrics for algorithm performance, with parameter descriptions provided in
Table 2 .

Table 2 : Parameter Specification - Accuracy: Probability of correct clas-
sification in samples - Specificity: Probability of detecting falls in fall samples
- Sensitivity: Probability of identifying non-falls in non-fall data - True Pos-
itive: Fall samples correctly detected as falls - False Negative: Fall samples
detected as non-falls - True Negative: Non-fall data correctly identified as
non-falls - False Positive: Non-fall samples detected as falls

Table 3 : Comparison of Three Schemes | Scheme | Accuracy | Sensitivity
| Specificity | Computation Time (s) | |—-| | | | || 1.
Feature set + SVM | | | | | | 2. Feature set + Initial PSO + SVM | | | | | | 3.
Feature set + PSO pattern search + SVM | | | | |

Based on equations (12)-(14), experimental data is calculated and presented
in Table 3. Scheme 1, using standalone SVM, shows the lowest performance.
Schemes 2 and 3 both incorporate PSO for SVM parameter optimization. Com-
pared to Scheme 1, Scheme 2 improves accuracy by 0.07 (4% improvement),
while Scheme 3 improves accuracy by 0.09 (11% improvement) over Scheme 1
and by 0.06 (7% improvement) over Scheme 2. Improvements in sensitivity and
specificity are also observed.

Regarding computational time, Scheme 1 requires grid search for SVM param-
eters, resulting in the longest time. Scheme 2 significantly reduces SVM pa-
rameter optimization time through PSO. Scheme 3 further incorporates pattern
search to avoid local optima, achieving the highest accuracy while consuming
the least time.
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5 Conclusion

This paper introduces the PSO pattern search algorithm for fall detection classi-
fication. Using wearable devices for data collection, mean filtering for denoising,
SVD for dimensionality reduction, and pattern search-enhanced PSO for SVM
parameter optimization, the proposed method improves fall detection accuracy
and reduces algorithm runtime.
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