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Abstract

Unsafe events such as slips and trips occur regularly on construction sites. Efficient
identification of these events can help protect workers from accidents and improve site
safety. However, current detection methods rely on subjective reporting, which has several
limitations. To address these limitations, this study presents a sound-based slip and
trip classification method using wearable sound sensors and machine learning. Audio
signals were recorded using a smartwatch during simulated slip and trip events. Various
1D and 2D features were extracted from the processed audio signals and used to train
several classifiers. Three key findings are as follows: (1) The hybrid CNN-LSTM network
achieved the highest classification accuracy of 0.966 with 2D MFCC features, while GMM-
HMM achieved the highest accuracy of 0.918 with 1D sound features. (2) 1D MFCC
features achieved an accuracy of 0.867, outperforming time- and frequency-domain 1D
features. (3) MFCC images were the best 2D features for slip and trip classification. This
study presents an objective method for detecting slip and trip events, thereby providing
a complementary approach to manual assessments. Practically, the findings serve as
a foundation for developing automated near-miss detection systems, identification of
workers constantly vulnerable to unsafe events, and detection of unsafe and hazardous
areas on construction sites.

Keywords: slip events; trips; sound-based classification; machine learning; deep learning

1. Introduction

Slips and trips are common near-miss events on construction sites, which often trigger
or precede severe fall accidents and injuries [1]. Despite the regular occurrence of these
incidents, they are among the most unreported and undetected events on construction
sites [2]. Studies suggest that approximately 20% of dangerous accidents, such as falls
on construction sites, are triggered by near-miss incidents such as slips and trips [34].
However, research has reported that many slip and trip incidents go unreported due to
factors such as worker reluctance, lack of systematic reporting systems, and low manage-
ment priority, particularly since near-miss events often leave no tangible evidence unless
they result in injury [5,6]. This substantial underreporting limits the accurate assessment
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and prevention of these hazardous events, making it challenging to address their root
causes and prevent recurrence [7]. Effective detection of these incidents is important since
it presents an opportunity to identify constantly vulnerable workers, hazardous areas on
site, and other risk factors that trigger these incidents.

Traditional methods for detecting and documenting construction worker slip and
trip incidents rely on subjective evaluations and manual monitoring by workers and
supervisors [8]. While straightforward, this approach is inherently subjective, prone
to underreporting, and dependent on individual perception and willingness to report
events [9]. Also, near-miss incidents are especially vulnerable to omission during manual
and subjective reporting, as they often leave no visible evidence and are perceived as less
critical than actual accidents [10]. These shortcomings result in incomplete safety records,
delayed hazard identification, and missed opportunities for preventive intervention. To
address these limitations, two advanced methods, which include accelerometer-based
monitoring using wearable inertial measurement units (IMUs) and computer vision-based
techniques, have been explored. Studies have evaluated the potential of using IMUs to
detect near-miss events, falls, and postural instability [4,11,12]. Although these prior studies
have achieved good accuracy, the accelerometer and IMU devices, while portable, require
constant calibration and are sensitive to environmental conditions such as temperature.
These systems also only capture events in binary classification approaches [3]. Computer
vision-based techniques have also been implemented for detecting slip and trip incidents.
This method involves using devices such as closed-circuit televisions (CCTVs) to monitor
construction sites to detect hazards and unsafe events [13]. Computer vision methods
can be highly accurate in controlled conditions, but they are not suitable for continuous
monitoring or specific worker detection and are hampered by occlusions, poor lighting,
and restricted fields of view. This highlights the need for more effective methods [14].

Sound-based classification may present a more effective approach for slip and trip
detection. It involves identifying events by recording and analyzing their associated
sound patterns [15]. The rationale is that activities generate distinct sound patterns, and
machine learning algorithms can leverage these unique patterns for classification. In
contrast to the limitations of vision-based systems and IMU-based methods, the proposed
sound recognition approach addresses these shortcomings by offering a low-cost and non-
intrusive method that can operate effectively in visually obstructed areas and under varying
environmental conditions. This method also offers an objective, automated, and continuous
monitoring method that captures the unique acoustic signatures of slip and trip events
in real time. This eliminates reliance on self-reporting, ensures consistent detection even
in the absence of witnesses, and provides reliable data for proactive safety management.
Several construction studies have explored sound-based classification for tasks such as
estimating cycle times of construction operations, identifying equipment on sites, and
detecting pipelines and scaffold damage [16-18]. However, despite the high accuracies
achieved in various studies, sound signals have not been fully explored for personalized
worker monitoring and the detection of unsafe incidents.

Therefore, this study evaluates the use of sound signals from a wearable sensor for
slip and trip detection. While IMUs and vision-based systems have been widely studied,
these devices come with limitations, including privacy infringement and environmental
constraints such as poor visibility, changing temperatures, and inadequate line of sight.
This study explores an alternative approach using wearable sound sensors, which are
low-cost, non-intrusive, and capable of detecting subtle slip and trip near-miss events
in real time, especially in varying environmental and visual conditions where visual or
IMU data may be insufficient. Additionally, rather than classifying falls directly, this study
focuses on detecting events such as slips and trips. This is because these incidents mostly
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precede fall accidents and are the key triggers of dangerous fall events [19]. To achieve
the aim of this study, slip and trip events are simulated while a wearable sensor records
the unique sound patterns associated with these events. Then, the recorded sound data
are preprocessed, features are extracted, and several machine learning algorithms and
deep learning models are trained. Practically, this study presents an effective method for
detecting slip and trip incidents on construction sites. Construction and safety managers
can leverage this objective detection system to automatically document such events for
safety evaluations, identify workers who are consistently vulnerable to these incidents, and
identify hazardous site conditions where slip and trip events frequently occur.

2. Literature Review
2.1. Acceleration-Based Workers’ Behavior Classification

The limitations of traditional site monitoring and the inefficiency of manual con-
struction worker supervision have led researchers to explore more advanced monitoring
techniques. Notable among these advanced methods is the assessment of physical re-
sponses. These techniques involve the use of devices composed of inertial measurement
units (IMUs) to evaluate workers’ gait parameters and detect abnormal movements [20].
These devices have seen an increase in adoption due to their light weight, high porta-
bility, and affordability. Numerous research studies have been carried out to monitor
human movement and activities using wearable IMU systems [21-23]. Studies have also
demonstrated the potential of utilizing a single and multiple IMU devices to effectively
evaluate human movements and events such as postural sway, gait analysis, and fall risk
assessment [24-27]. These studies have also investigated the effects of factors, such as
sensor placement, number of subjects, subjects’ gender, and signal processing methods,
on the monitoring performance. In the construction industry, laboratory tests have suc-
cessfully validated accelerometers for the detection of near-miss occurrences, fall hazards,
and awkward postures. A study by Dzeng et al. [28] employed a smartphone with an
IMU for falls and portent detection. The study achieved high accuracies ranging from
79% to 89.17%. Yang et al. [4,20] also presented automated methods for identifying and
documenting near-miss falls and actual fall incidents by combining kinematic data obtained
from wearable inertial measurement units (wIMUs) with various algorithms, including a
one-class Support Vector Machine. The studies achieved promising accuracies and revealed
a significant association between gait abnormality scores and fall hazards. Empirical studies
show that the bias instability of MEMS-based IMUs is significantly influenced by ambient
temperature. For instance, low-cost MEMS gyroscopes typically exhibit a bias temperature
sensitivity on the order of ~500°/h per °C [29]. After appropriate calibration, whether
via software modeling or turntable-based characterization, drift can often be suppressed
with an over 70% reduction in RMS error. More recently, Lee et al. [30] presented an
IMU-based method for detecting slip and trip-related fall risk incidents. The study utilized
a graph-based approach where time-series based IMU data were converted into graph
structure to present an opportunity for more generalization of the model across unseen
data. The study achieved a correlation score of 0.95 between IMU features and slip- and
trip-related behaviors. Yuhai et al. [31] also presented a deep learning-based method for
slip—trip fall detection in construction. Simulated slips and trips were conducted, while
body movement data were recorded using a waist-attached wearable device embedded
with a single IMU sensor. By extracting 30 features and transforming them using bicubic
interpolation, a LeNET-5 CNN was trained, and an accuracy of 90.39% was achieved. Park
et al. [32] recently developed a novel miniaturized IMU sensor combined, which can be
simultaneously attached to multiple body parts of workers for effective detection of worker
behavior and near-miss events. The system automatically processes worker data using
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extended Kalman filters, and the experimental results reveal high accuracies of over 90% in
detecting worker behaviors.

While several studies have demonstrated the use and efficiency of physical response
assessments and IMUs for worker monitoring and unsafe behavior detection, these devices
and methods have some limitations. First, workers have varying abilities to control their
physical movements, and not all workers may exhibit abnormal patterns when they en-
counter hazards or conditions such as slips and trips [33]. Therefore, differences in physical
response patterns may compromise the performance and generalizability of IMU-based
methods. Second, devices such as IMUs are sensitive to environmental changes such as
temperature and humidity, which may render them inefficient in construction sites that
possess varying environmental conditions [34].

2.2. Computer Vision-Based Workers” Behavior Classification

Computer vision-based techniques have also been explored for worker monitoring
and detection of unsafe events. These methods involve the use of systems such as CCTV
cameras to monitor construction sites and identify abnormal behaviors [35]. Several studies
have presented vision-based methods due to the advantages these techniques present for
site monitoring. Han et al. [36] proposed an unsafe behavior monitoring system using
a vision-based detection method. The proposed method showed promising results in
identifying predefined unsafe events for workers using ladders. In a follow-up study by
Han et al. [37], the authors proposed an enhanced model that combined a comprehensive
analysis of various fall-related body motion features such as rotation and joint angles,
significantly enhancing performance. Computer vision was also applied for automated
PPE inspection by Fang et al. [38]. A deep learning-based occlusion mitigation method was
presented, and it proved robust under varying lighting conditions, individual differences,
window types, and partial occlusions. Ding et al. [39] developed a deep hybrid model
combining CNN and LSTM to automatically detect unsafe ladder-climbing behaviors. The
model accurately classified worker actions as safe or unsafe, achieving 92% accuracy across
four action categories. Additionally, Lee et al. [40] introduced a computer vision model that
leverages a combination of synthetic and real-world datasets for automated safety monitoring
in construction sites. The validation outcomes revealed a significant enhancement in the
detection rate of small-sized personal protective equipment worn by construction workers,
surpassing a 30% improvement compared to the prior method that relied solely on single-
source data. In a recent study, Bonyani et al. [41] presented an advanced vision-based method
for construction worker unsafe event monitoring and activity detection. The study introduced
an optimized positioning (OP-NET) architecture with an attention-based spatiotemporal
sampling approach to enhance vision-based detection. By evaluating the proposed system
on an existing image dataset including CMA and SODA, high accuracies were achieved,
demonstrating the ability of the proposed system in worker unsafe action detection.

Although computer vision-based methods have proven to be robust in detecting
unsafe behaviors under decent light conditions, these methods may face challenges in
conditions with poor lighting and inadequate line of sight. Also, these techniques only
capture workers within specified visual ranges, making them unsuitable for continuous
worker monitoring and detection of abnormal occurrences such as slips and trips in areas
not covered by the field of view.

2.3. Sound-Based Applications in the Construction Industry

Sound-based assessment may present an effective opportunity to monitor construction
workers’ behavior and identify occurrences such as slips and trips. The sounds and noises
generated from workers’ activity and equipment operations provide critical insights on task
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performance and safety issues [42]. Although the application of sound-based classification
in construction has been explored to some extent, the current sound-based assessment
methods have mainly focused on equipment operations and other dimensions, such as
the assessment of modular construction activities. Several studies have been undertaken
to explore the applicability of sound data in estimating cycle times of construction opera-
tions, recognizing construction equipment activity, and detecting construction damage on
pipelines and scaffolds [17,18,43,44]. For instance, Sabillon et al. [43] proposed a method
for predicting construction cycle times using audio data from cyclic activities. By applying
Bayesian analysis, they developed predictive models linking audio features to specific tasks,
achieving over 90% prediction accuracy in preliminary tests. Cheng et al. [17] developed an
audio-based system for analyzing and tracking heavy equipment activities on construction
sites, achieving accuracies exceeding 80% with SVM. Sherafat et al. [18] introduced a CNN-
based method for identifying activities of different construction equipment. A novel data
augmentation method was implemented to simulate real-world sound mixtures during
simultaneous activities, achieving accuracy above 70%. Rashid and Louis [45] developed
a method to recognize construction workers” manual activities in modular factories by
training models on sounds like hammering, nailing, and sawing. Their approach achieved
93.6% classification accuracy, with cepstral-domain features proving most effective for
sound classification. A study by Mannem et al. [46] also presented a sound-based method
for detecting various construction activities. By utilizing a hybrid CNN-LSTM model and
MFCCs-LSTM architecture, audio data recorded from real-time closed environments were
used to train the models, achieving an overall precision of 89%.

In terms of worker safety monitoring using sound, very limited studies have been
conducted in the construction industry. However, few studies have explored sound data
to monitor individual health and events such as falls in other industries, such as health.
Collado-Villaverde et al. [47] proposed a machine learning method for detecting falls of
elderly people using sound. By simulating fall events and extracting frequency-domain
features such as zero-crossing rate and spectral centroid, machine learning algorithms were
trained, and high accuracies of 87.5% were achieved. In another study, Kaur et al. [48]
developed a transformer-based approach for detecting elderly fall accidents using sound,
which achieved an accuracy of 86.7%. Other studies have also explored other machine
learning and deep learning models, such as decision trees and CNN, in detecting falls in
elderly persons [49], achieving acceptable accuracies above 93%. Despite the potential
utilization of sound and machine learning algorithms for individual safety monitoring,
especially for detecting slips and falls, this method has not been explored for worker safety
monitoring in construction.

2.4. Research Gaps and Hypotheses
From the above review of the literature, two main research gaps were identified.

1.  Current slip and trip methods rely on physical responses and computer vision, which
have limitations.

Existing studies have proposed objective methods for detecting unsafe events such
as slips and trips, primarily relying on inertial measurement units (IMUs) and computer
vision-based techniques. However, these methods face several limitations, including sensor
placement constraints, occlusions with vision-based approaches, and potential inaccuracies in
complex construction environments. Alternative methods are required to enhance detection
capabilities and complement existing techniques. This study investigates sound-based moni-
toring as a novel approach for detecting unsafe events such as slips and trips in construction.

2. No study has explored the use of sound-based classification for construction worker
safety assessment and detection of unsafe events.
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Sound-based classification research in construction has primarily focused on equip-
ment monitoring, manual task identification, and damage detection. While sound-based
monitoring has been explored in healthcare for detecting falls in elderly populations with
promising results, its application in construction safety, particularly for detecting unsafe
events such as slips and trips, remains unexplored. This study addresses this gap by
evaluating the feasibility of utilizing wearable audio sensors for slip and trip detection
among construction workers

To address the above research gaps, this study explores the potential of detecting slip
and trip events using audio recorded from a wearable device. Based on the review of the
sound-based classification literature, the following hypotheses are proposed.

H1. Machine learning models trained on audio features will achieve high accuracies in detecting
slip and trip events.

Previous studies [47,48] in other domains have demonstrated that unusual events
such as falls generate distinct acoustic patterns that differ from patterns associated with
normal walking and movements. Therefore, it is expected that slip and trip events in this
study will generate unique acoustic patterns, which will enable models to learn effectively
and achieve high accuracies in differentiating between slips, trips, and normal events.

H2. Image-based (2D) sound features will outperform 1D features in slip and trip classification.

Features from audio signals can be represented in 1D and 2D formats. However, some
previous studies have found that 2D sound representations, such as MFCC spectrograms,
are more robust in various sound-based classification tasks, including equipment monitor-
ing and manual activity detection [43,50]. This superior performance has been attributed
to the capabilities of 2D features to capture temporal and spectral relationships, thereby
providing a more comprehensive representation of the acoustic patterns of sound [51].
Therefore, 2D features are expected to yield higher detection accuracies for slip and trip
detection compared to 1D features.

3. Methodology

Figure 1 shows the overall process for sound-based slip and trip classification. The
process consists of four key steps: (1) data collection, (2) data processing, (3) machine
learning classification, and (4) deep learning classification. In Step 1, slip and trip events
were simulated, and the corresponding sounds were recorded using a smartwatch. In
Step 2, the recorded data were labeled into 3 categories: normal walking, slips, and trips.
Data augmentation processes were then applied to expand the dataset and increase feature
diversity. In Step 3, relevant time-series features were extracted from the recorded sound
signals, and machine learning models were trained. In Step 4, 2D image features were
extracted from the audio data and used to train various deep learning models.
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Figure 1. Overall process for sound-based slip and trip classification.

3.1. Data Collection and Participants

Figure 2 shows the experimental setup for data collection and the types of simulated
events. Slip and trip events were simulated in a controlled laboratory setting due to the
limited availability of datasets online. The recordings were captured using the built-in digital
microphone of the Apple Watch Series 6, which offers an approximate frequency response of
20 Hz-20 kHz and was configured at a sampling rate of 44.1 kHz and a precision of 16-bit. The
choice of a 44.1 kHz sampling rate and 16-bit precision in most audio research originates from
the Compact Disc (CD) standard, which was developed to balance fidelity, storage efficiency,
and compatibility across devices. The 44.1 kHz rate exceeds the Nyquist-Shannon theorem’s
minimum requirement of twice the highest audible frequency (~20 kHz), providing headroom
for anti-aliasing filtering while fully capturing the human hearing range [52,53]. The 16-bit
depth offers a theoretical dynamic range of approximately 96 dB, sufficient to encompass
the quietest to loudest sounds perceivable by humans while keeping quantization noise
low [54]. The widespread adoption of these parameters in research is attributed to their
compatibility across audio devices, accessibility in existing datasets, and suitability for
diverse applications in speech, music, and psychoacoustic analysis [55]. In addition to
audio recording, videos were recorded to assist in data labeling. The subjects in this study
were 10 health students and staff of PolyU (7 males and 3 females) with ages ranging
from 28 to 42 years (mean 33.4 & 5.4 years). Subjects had heights ranging from 1.66 to
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1.83 m (mean 1.7 &+ 0.1 m), weights ranging between 59 and 85 kg (mean 68.8 & 9.9 kg),
and varying work experience ranging from 2.5 to 13 years (mean 6.9 & 4 years). The
selected subjects had no history of injuries to the upper extremities, lower back, and lower
extremities, as well as neurological disorders, that could impact body balance function. The
experiment was designed safely to prevent injuries, and subjects were well trained based
on representative videos. Necessary safety gear was provided, and all subjects provided
written consent.

‘ Video & audio recording Q__}

A

Hazard location

Normal

U N o
. b TRRAN O -'ngge

~ Average 7 seconds o 1
(#1) Trip hazard (#2) Slip hazard (#3) Sound sensor

Figure 2. Experimental setup for data collection.

To effectively simulate slip and trip events, low-density polyethylene was placed on
the walking paths of subjects to trigger slip events, while a concrete block was also placed
along the subjects’ trajectory to induce trip events. During the testing session, subjects
were required to traverse a designated path at their own pace, while keeping their gaze
straight ahead so as not to anticipate the presence of unsafe surface conditions. Each partic-
ipant performed 25 repeated trials of slips and trips, with each trial averaging 7 seconds
(5.5 seconds for walking plus an additional 1.5 seconds to simulate the slip or trip behavior).
Each subject performed 25 repeated trials, as this dataset quantity provided adequate data
points for model training, as indicated by some studies [45].

3.2. Data Labeling, Augmentation, and Segmentation
3.2.1. Data Labeling

The recorded sound data were manually labeled into three categories (normal walking,
slip, and trip). The labeling was conducted using the recorded videos and by observing the
amplitude of the recorded sounds. Figure 3 shows examples of labeled sound sensor data.
In Figure 3, the vertical axis represents the raw signal amplitude, which was normalized to
the range of —1 to 1 by dividing the waveform by its maximum absolute value, solely for
visualization and labeling purposes. The subsequent analysis is not only based on these
raw amplitudes; instead, the acoustic features (e.g., MFCCs) used for model training are
described in Sections 3.3 and 3.4. Each event category generated unique signal patterns.
For instance, during walking, low-frequency cyclic sound patterns were generated. On the
other hand, distinct abnormal sound patterns were produced for slip and trip events. The
slip events generated a relatively long time-series trend but with low energy (Figure 3a)
because they resulted from the foot slipping forward against the floor. In contrast, during
a trip event, an initial impulsive peak was generated when the subject’s foot struck an
object, followed by another higher peak as the subject fell and collided with the ground
(Figure 3b). Both slip and trip events also had a peak point for recovering body balance
before returning to normal walking.
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Figure 3. Labeled sound sensor data in the time domain: (a) slip; (b) trip.

3.2.2. Data Augmentation

Characteristics such as participants” weights, body orientation, and nature of landing
can influence the impact force against the floor, which results in diverse sound features [56].
Additionally, on-site recorded sounds may possess varying noise interference, which may
affect the recorded slip and trip sounds. To account for this, data augmentation was con-
ducted. Data augmentation of audio signals using time stretching, pitch shifting, and noise
addition is a widely adopted and standard practice in audio and speech processing tasks
(e.g., sound event detection, speech recognition, and music information retrieval) [57,58].
By implementing data augmentation to the dataset, the model is exposed to a wider range
of sound variations. This improves its ability to generalize to unseen conditions and re-
duces overfitting to the limited original recordings. Figure 4 shows five data augmentation
techniques conducted to improve sound diversity and data size. In the first method, the
duration of each sound clip in the dataset was instantly increased by a factor of 1.20. In the
second augmentation method (slowly stretching the time), the time stretching factor was
applied to slow down the recorded sounds by a factor of 0.80. Positive pitch shift involved
increasing the pitch of each audio signal by a positive factor of 1.2, which led to a change in
the pitch of the audio data. Therefore, the representations for pitch shifting were illustrated
using frequency instead of time, as shown in Figure 4c. The negative pitch shift involved
decreasing the pitch of the deformed dataset by a factor of —0.8 after the pitch-shifting pro-
cess. Furthermore, on-site recordings inevitably contain different background noises. For
the noise addition, two different construction background noises with varying equipment
sounds were introduced into the original sound data. After conducting data augmentation,
1500 audio clips, including the 250 original clips and 1250 augmented clips, were utilized
for training. Since the sound sensor’s sensitivity value often influences the sound signal’s
output, the sound data were normalized within a range of —1 to 1 to mitigate the impact of
sound sensitivity [59].
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Figure 4. Data augmentation techniques: (a) quickly stretching the time, (b) slowly stretching the
time, (c) positive pitch shift, (d) negative pitch shift, (e) white noise.

3.2.3. Data Segmentation

Sound data in their raw form often pose challenges for traditional supervised algorithms
due to the inherent sequential nature of the data [60]. Therefore, conducting data segmentation
is crucial to transform sequential supervised learning problems into traditional supervised
learning problems [61]. In this study, the raw sequential audio was segmented into shorter
signals using a sliding window approach. The windowing process treats the typically non-
stationary sound signal as quasi-stationary within each window, facilitating the classification
of segmented data within individual windows using conventional supervised learning [62].
From previous studies [63], it was noted that using frequency-domain features requires the
number of audio samples within each window to be a power of two (2"). In this study, five
different numbers of audio samples within each window were first selected as 2048 (211),
4096 (2'2), 8192 (213), 16,384 (214), and 32,768 (2!°). Then, the corresponding distinctive
window sizes were calculated using the number of audio samples within each window
and the number of audio samples per second, as shown in Equation (1). Here, the number
of audio samples per second is a consistent value of 44,100 since the recording frequency
was set to 44.1 kHz. Therefore, five distinct window sizes of 0.046 s, 0.093 s, 0.186 s, 0.372 s,
and 0.743 s were selected, with an overlap of 0.5 according to the methodologies of some
previous studies [51]. The 50% overlap was chosen because it reduces the risk of missing
transient events at frame boundaries. Furthermore, based on primary tests with different
overlap ratios (25%, 50%, 75%), a 50% overlap provides a good balance between temporal
resolution and computational cost, avoiding excessive redundancy while ensuring that
important signal details are preserved.

No. of audio samples within each window
No. of audio samples per second

Window size (sec) = (1)

Table 1 shows the total number of window segments obtained from the collected
1500 recorded audio clips with varying window sizes. It can be identified that as the
window size doubles, the corresponding number of window segments decreases by around
half. After data segmentation, each window segment was assigned one of three labels
(normal, slip, trip). If the area covered by the window encompassed over 50% of either
‘slip” or ‘trip,” the window segment was labeled as either ‘slip” or ‘trip.” All other window
segments were labeled as ‘walking’. Figure 5 illustrates an example of data labeling for
window segments. The ‘walking’ sound signal is highlighted in a dashed orange box,
while slip or trip events are highlighted in solid green boxes. The left window segment
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highlighted in green is labeled as a ‘trip” behavior since 70% of its area corresponds to the
trip signal. Conversely, the dashed orange window segment located on the right side is
labeled as “‘walking’ because only 24% of the trip sound signal falls within that window.

Table 1. Number of window segments from the 1500 recorded audio clips.

No. of Audio Samples within 2048 (2“) 4096 8192 16,384 32,768
Each Window (212) (213) (214 (21%)
Window size (sec) 0.046 0.093 0.186 0.372 0.743
No. of window segments Walking 86,898 43,026 21,156 10,170 4698
Slip 41,658 20,868 10,404 5208 2580
Trip 46,008 22,998 11,460 5772 2856
Total 174,564 86,892 43,020 21,150 10,134
e ST F—_———— e - | wpe— \Walking sound signal
05: ! ’V | : : : { ; = Trip sound signal
g I |
S o —— . ! ..4....% " ; Walking
H 1 1
o . P! : ! I ! Trip
o t=f=r ! = = _ !
0 05 1 15 2 T‘z‘ hse(s] T 3 35 4 45 5
70% trip 24% trip

Figure 5. Data labeling for window segments.

3.3. One-Dimensional (1D) Feature Extraction and Sound Classification Using Machine Learning

Table 2 shows the 1D features extracted from process audio signals. Features are
defined as the extracted values and dimensions of raw or converted signals that contain
unique and more understandable patterns compared to raw datasets [64]. Raw sound
data often contain redundant or irrelevant information. Therefore, feature extraction is
important to transform the raw audio into a more representative format. Several feature
categories have been used in previous studies [17,18,45,51], and the most predominant
features include the time domain, frequency domain, and Mel-frequency cepstral coefficient
(MFCC) features. Time-domain features are defined as the extracted values based on the
amplitude of the sound signal, which are typically measured in decibels (dB) at regular
intervals over time [18]. Frequency-domain features, which refer to the characteristics of
signals derived from their frequency contents, were also extracted [65]. The third feature
category was the MFCC. MFCC features present spectral characteristics of the audio signal,
which are robust to variations in background noise and other factors that can affect the
acoustic properties of the signal [66]. They are derived from analyzing the frequency
content of sound data. A total of ten time-domain features, five frequency-domain features,
and 13 MFCC features were extracted according to the methodologies of previous sound-
based studies. The first 13 MFCC features were considered because they have been found
to contain most of the relevant information necessary for sound classification [67].

Table 2. One-dimensional (1D) features extracted from the processed audio signals.

Category Features

Mean, standard deviation, maximum, minimum, variance,

Time domain . .
kurtosis, entropy, zero crossing rate, energy, energy entropy

Frequency centroid 1, frequency centroid 2, frequency
entropy, frequency flux, frequency roll-off

MEFCC The first 13 MFCC coefficients

Frequency domain
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After feature extraction, several machine learning algorithms were trained to classify
the 1D sound features into three classes of events. In the current work, no manually assigned
weighting factors were introduced. Instead, a machine learning model was employed to
take all extracted features as input. The relative importance of each feature was learned
automatically during model training, allowing the feature selection and weighting process
to be driven by data rather than predefined heuristics.

According to some prior studies [68], Hidden Markov Models—-Gaussian Mixture
Models (HMM-GMM) and Support Vector Machines (SVMs) are the most robust in sound
classification based on 1D feature types. However, since classifier performance varies based
on recorded data and other experimental features, it is necessary to assess the performance
of various classifiers to determine the most suitable algorithm for the current dataset [42].
Therefore, in this study, 15 machine learning models were trained using an automated
machine learning (AutoML) approach, and an additional HMM-GMM was also trained.
AutoML is a machine learning system that simultaneously automates the machine learning
process by handling tasks such as hyperparameter tuning for several classifiers [69]. The
datasets were split into a 70/30 train—test ratio, and a 10-fold cross-validation technique
with a random search strategy was applied for training and hyperparameter tuning on
the 70% data, while testing was conducted on an independent 30% dataset. The 10-fold
cross-validation technique is a commonly used method for model training and hyperpa-
rameter tuning, and it ensures optimal model performance. A random search strategy was
implemented to find the most effective hyperparameters.

In addition to the 15 AutoML models, a custom GMM-HMM model was also trained.
Despite being old, this model has demonstrated strong robustness in sound-based classifica-
tion in previous studies. Figure 6 shows a schematic layout of the GMM-HMM. The HMM
is designed to predict hidden states based on the sequences of prior hidden states and
observable features by computing transition and emission probabilities [70]. In this study,
the hidden states correspond to the behavior labels—walking, slips, and trips—while the
observable nodes are derived from extracted sound signal characteristics modeled using
the GMM. The use of GMM presents some advantages since it prevents the performance
reduction that can occur when directly using time-series features [71].

Walk
-ing

Observable
07 @i

(from GMM)

Hidden

Slip || Trip States

Transition
probability

Emission
probability

Figure 6. Schematic illustration of the GMM-HMM used in this study.

3.4. Image-Based (2D) Feature Extraction and Sound Classification Using Machine Learning

Three 2D image feature categories, which include (1) spectrogram images, (2) time-
series images, and (3) MFCC images, were extracted to train the deep learning models.
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These features effectively represent sound properties in visual formats [18,43]. Figure 7
shows the feature images extracted from sound data. The time-series images were generated
by plotting the amplitude of segmented raw audio data along the time series (Figure 7a).
Spectrogram images were also extracted because they effectively model the temporal and
spectral characteristics of the sound [72]. The spectrogram images were generated in
128 x 128 pixels because this size presents an opportunity for deep neural networks to learn
the unique patterns of sound [73]. In addition, MFCC images were also extracted due to their
robustness in representing audio signals very distinctively [66]. To extract the MFCC images,
each segmented sound datum was divided into 14 frames with an overlap of 50%. Then, the
first 14 MFCC coefficients were extracted from each frame to create 14 x 14 MFCC images.

Walking Slip Trip
Time Series 1 1 1
@ L] @
(a) Images S = g
128x128px T ° — Z 0] —tm— Z of -
-1 -1 =1
0 0.743 0 0.743 0 0.743
Time (sec) Time (sec) Time (sec)
Spectrogram ¥ §22 2
- 4
(b) Images = > > [
128 x 128 px ¢ 2 2
@ (7] @
3 3 a
o o o
] [ g,
L "o 0.743 - o 0.743 w9 0.743
Time (sec) Time (sec) Time (sec)
MFCC 1 )
Images v v
E £
(c) 14 x 14 px s s
w w
14 14
1 14 1 14 1 14
MFCC Order MFCC Order MFCC Order

Figure 7. Image features extracted from the sound data: (a) time series; (b) spectrograms; (¢) MFCC.

After extracting 2D image features, several deep learning models were trained. Two
custom-trained networks, which include a CNN and a hybrid CNN-LSTM network, were
trained. Figure 8 shows the proposed hybrid CNN-LSTM deep learning architecture. The
reason for using this hybrid model is because of the high robustness of CNN models
in image classification, as well as the capabilities of LSTM networks to learn temporal
dynamics in tasks such as speech recognition and sound analysis [74]. Additionally,
compared to using other models such as LSTM or GRU alone, the CNN-LSTM architecture
offers more efficient feature extraction by employing convolutional layers to reduce the
dimensionality of raw inputs prior to temporal sequence modeling. This integration often
results in improved predictive performance and reduced training complexity, particularly
for high-dimensional time—frequency representations [75,76]. While transformer-based
architecture has demonstrated strong performance in various audio processing tasks [77],
they generally require substantially larger datasets and greater computational resources,
which were beyond the scope of this proof-of-concept study. Traditional machine learning
methods such as Support Vector Machines (SVMs) or Random Forests were also considered;
however, these approaches tend to underperform on high-dimensional time—frequency
data unless supported by extensive handcrafted feature engineering [78,79]. The CNN-
LSTM model comprised three convolutional layers with a kernel size of 3 x 3, followed by
a Long Short-Term Memory (LSTM) layer with 128 units to capture temporal dependencies.
Training was performed for up to 100 epochs with early stopping (patience = 10), using a
batch size of 64. The learning rate was set to 0.001, and optimization was carried out using
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the Adam optimizer. This configuration was selected to balance model complexity with
generalization performance and ensure reproducibility.

Hybrid CNN-LSTM Network

output layer |
(SoftMax
\  Fullyconnected neuralloers Activation) |
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Figure 8. Proposed hybrid CNN-LSTM deep learning architecture.

In addition to the custom-trained CNN and CNN-LSTM, four pre-trained networks,
which include InceptionV3, ResNet50, InceptionResNetV2, and DenseNet169 [80-82], were
also tested using a transfer learning approach. This was done to evaluate their performance

in sound classification and to serve as base comparison models for the custom-trained
CNN and hybrid CNN-LSTM models in this study.

4. Results
4.1. Results of Slip and Trip Classification Based on 1D Features Using Machine Learning

This section presents the classification performance of machine learning algorithms in
slip and trip detection. Additionally, insights related to the impact of window sizes and
feature categories are discussed.

4.1.1. Performance of Machine Learning Algorithms in Slip and Trip Classification Based
on 1D Features

The elected hyperparameters for various classifiers are provided in Appendix A.
Table 3 presents the overall performance of various machine learning classifiers in sound-
based slip and trip classification using the smallest window size. Some key findings can
be noted from the table. First, the results show that the GMM-HMM outperforms all
other models, achieving the highest accuracy (0.918) and F1 score (0.920). This superior
performance is consistent with previous studies where this dual model has been found to
outperform other traditional machine learning classifiers in sound classification tasks [83].
This performance can be attributed to the hybrid nature of the GMM-HMM, which in-
tegrates both temporal and spectral information [84]. Second, most models achieved an
accuracy above 0.86, with only small performance variations among the top performers.
This indicates that slip and trip detection based on sound is well suited to a range of
ML approaches, although sequential models such as GMM-HMM demonstrate greater
robustness. Third, other performance metrics including F1 score, recall, and precision
remained high across most classifiers, suggesting balanced performance with low rates
of misclassification.
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Table 3. Overall performance of machine learning classifiers in sound-based slip and trip classification.

Classifier Accuracy F1 Score Recall Precision
1 GMM-HMM 0.918 0.920 0.912 0.918
3 CatBoost 0.907 0.891 0.891 0.891
5 LightGBM 0.907 0.889 0.890 0.889
4 Extreme Gradient Boosting 0.905 0.890 0.890 0.890
2 Gradient Boosting 0.902 0.891 0.891 0.891
6 Extra trees 0.891 0.883 0.884 0.883
7 SVM 0.883 0.878 0.879 0.878
8 Random Forest 0.879 0.873 0.873 0.873
11 KNN 0.874 0.860 0.862 0.862
10 Logistic regression 0.868 0.864 0.865 0.864
9 ADA boosting 0.866 0.866 0.867 0.866
12 Linear Discriminant analysis 0.865 0.857 0.859 0.858
13 Decision tree 0.860 0.859 0.859 0.859
14 Ridge classifier 0.860 0.850 0.852 0.852
16 Quadratic discriminant analysis 0.791 0.776 0.785 0.800
15 Naive Bayes 0.787 0.785 0.792 0.796
Average 0.86 0.865 0.866 0.866
Table 4 presents the test performance of machine learning classifiers across varying
window sizes. The table shows three key findings. First, although the GMM-HMM
model achieved the highest accuracy of 0.918 in the smallest window, its average accuracy
across the five window sizes was 0.856. This suggests that while the GMM-HMM model
is highly effective in smaller window sizes, its performance declines significantly with
increasing window sizes. According to Dahl et al. [85], although GMM-HMM models can
initially achieve competitive performance, they are susceptible to performance degradation
when large or suboptimal window sizes are selected. Second, tree-based and boosting
algorithms such as CatBoost, LightGBM, and gradient-boosting machines performed better
than traditional classifiers such as decision trees and Random Forests. Notably, CatBoost
and LightGBM both achieved an accuracy of 0.907 in the smallest window. This finding
aligns with previous studies, where these algorithms have consistently outperformed
conventional machine learning classifiers [86]. Gradient-boosting models, such as CatBoost,
incorporate mechanisms such as inbuilt boosting enhancement, which help mitigate data
bias and variance and lead to superior performance [87].
Table 4. Test performance of machine learning classifiers across varying window sizes.
Classifier Window Size
0.046 0.093 0.186 0.372 0.743 Average
1 LightGBM 0.907 0.912 0.904 0.901 0.907 0.906
2 Extreme Gradient Boosting 0.905 0.910 0.904 0.886 0.907 0.902
3 Gradient Boosting 0.902 0.909 0.902 0.889 0.903 0.901
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Table 4. Cont.
Classifier Window Size
0.046 0.093 0.186 0.372 0.743 Average
4 CatBoost 0.907 0.910 0.904 0.882 0.901 0.900
5 Extra trees 0.891 0.895 0.891 0.883 0.893 0.890
6 Random Forest 0.879 0.875 0.869 0.860 0.852 0.867
7 SVM 0.883 0.884 0.868 0.854 0.834 0.865
8 Linear Discriminant Analysis 0.865 0.860 0.862 0.851 0.864 0.860
9 ADA boosting 0.866 0.861 0.867 0.852 0.842 0.858
10 GMM-HMM 0.918 0.873 0.858 0.825 0.806 0.856
11 Ridge classifier 0.860 0.854 0.860 0.847 0.860 0.856
12 Logistic regression 0.868 0.864 0.855 0.843 0.848 0.856
13 Decision tree 0.860 0.857 0.842 0.836 0.856 0.850
14 KNN 0.874 0.865 0.851 0.819 0.789 0.840
15 QDA 0.791 0.795 0.814 0.844 0.860 0.820
16  Naive Bayes 0.787 0.788 0.799 0.800 0.811 0.797
Average 0.873 0.870 0.866 0.855 0.858

4.1.2. Performance of Various 1D Feature Categories in Slip and Trip Classification

Table 5 shows the classification performance of different feature categories in slip
and trip detection. Three key findings can be noted from the table. First, MFCC features
outperformed the other feature categories across all algorithms, achieving an average
accuracy of 0.867, compared to 0.795 and 0.779 for frequency- and time-domain features,
respectively. This finding aligns with previous studies, where MFCC features were more
effective compared to other features [88]. The superior performance of MFCC coefficients
can be attributed to their ability to effectively represent unique sound patterns while
filtering out redundant ones [89]. Second, combining all feature categories resulted in
the highest classification accuracies across most models, with an average accuracy of
0.873. This improvement is likely due to the model’s ability to learn from diverse feature
sources. Previous studies have shown that integrating multiple feature types enhances
machine learning performance since models leverage the strengths of each category [90].
The combination of time-domain, frequency-domain, and MFCC features allowed models
to capture a broader range of temporal, spectral, and cepstral characteristics, leading
to more robust performance. Third, although combining all features generally yielded
higher classification accuracy, some classifiers produced different results. For instance,
in the QDA algorithm, MFCC features achieved an accuracy of 0.849, outperforming the
0.791 accuracy obtained when all three feature categories were combined. The Naive Bayes
algorithm also showed a similar trend. This performance decline may be attributed to the
high-dimensional nature of the data when all feature types were combined. According to
Wibowo et al. [91], algorithms such as Naive Bayes prioritize simplicity and computational
efficiency, which can result in suboptimal performance when dealing with high-dimensional
feature spaces or datasets with many features.
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Table 5. Classification performance of various 1D feature categories.
Classifier Feature Category
Time Domain Frequency Domain MFCC All Features

Gradient Boosting 0.830 0.825 0.883 0.902
XGBoost 0.829 0.860 0.888 0.905
CatBoost 0.831 0.861 0.888 0.907
LightGBM 0.832 0.858 0.886 0.907
Extra trees 0.832 0.860 0.878 0.891
KNN 0.756 0.761 0.873 0.874
SVM 0.809 0.738 0.874 0.883
Random Forest 0.827 0.818 0.872 0.879
Logistic regression 0.793 0.710 0.859 0.868
QDA 0.723 0.710 0.849 0.791
LDA 0.791 0.715 0.854 0.865
Decision tree 0.814 0.800 0.853 0.860
Ridge classifier 0.787 0.686 0.851 0.860
Naive Bayes 0.662 0.701 0.846 0.787
ADA boosting 0.814 0.793 0.851 0.866
Average 0.795 0.779 0.867 0.873

4.2. Results of Slip and Trip Classification Based on 2D Features Using Machine Learning

The three features extracted, which include (1) MFCC images, (2) spectrogram images,
and (3) time-series images, were used to train several models, including CNN, LSTM, and
hybrid CNNLSTM classifiers. In addition, four pre-trained models were also tested using a
transfer learning approach. This section presents the findings of the deep learning networks
in slip and trip classification using image features.

4.2.1. Performance of CNN and CNN-LSTM Models in 2D Image-Based Slip and
Trip Classification

Table 6 shows slip and trip classification accuracies of the deep learning algorithms
using various image features across different windows. From the table, three key findings
can be noted. First, the dual CNN-LSTM algorithm outperformed other models, achieving
the highest average accuracy of 0.949 when the MFCC features were used. Second, all
CNN-LSTM models achieved higher accuracies compared to the traditional CNN models.
The CNN-LSTM trained with time-series images and the CNN-LSTM-trained spectrogram
images performed well, with accuracies of 0.924 and 0.906, respectively. These findings
highlight the effectiveness of integrating convolutional and sequential learning models
for sound-based slip and trip classification. Third, the impact of increasing window size
on model performance varied across models and feature categories. While some models
showed improved performance, others exhibited a slight decline in accuracy. For instance,
the CNN model using spectrogram image features showed a steady increase in accuracy,
rising from 0.807 at the smallest window size (0.046 s) to 0.862 at the largest window size
(0.743 s). However, other models, particularly the CNN-LSTM model using MFCC features
and spectrograms, experienced a slight decline in accuracy as the window size increased.
This finding suggests that while certain models can effectively capture slip and trip patterns
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in sound regardless of window size, others may experience performance degradation. This
underscores the importance of selecting an optimal window size.

Table 6. Slip and trip classification accuracies of CNN and CNN-LSTM models using various
image features.

Algorithm—Feature

Time Frame (Sec.) Avg Std. De
. . V.

0.046 0.093 0.186 0.372 0.743
CNN—Time Series 0.801 0.804 0.771 0.775 0.807 0.792 0.017
CNN—Spectrogram 0.807 0.815 0.837 0.845 0.862 0.833 0.022
CNN—MEFCC 0.764 0.785 0.785 0.866 0.828 0.806 0.041
CNNLSTM—Time Series 0.957 0.943 0.909 0.926 0.887 0.924 0.028
CNNLSTM—Spectrogram 0.928 0.929 0.894 0.893 0.886 0.906 0.021
CNNLSTM—MEFCC 0.966 0.964 0.943 0.952 0.923 0.949 0.018
Average 0.871 0.873 0.857 0.876 0.866
Std. dew. 0.090 0.080 0.070 0.063 0.042

4.2.2. Performance of Various Pre-Trained Models in 2D Image-Based Slip and
Trip Classification

Figure 9 shows the average performance of the pre-trained models across five window
sizes and their classification performance using different image feature types. The figure
presents four key findings. First, spectrogram-based models achieved the highest average
accuracy of 84.1%, outperforming MFCC and time-series-based models. This contrasts
with the findings from the hybrid CNN-LSTM model, where MFCC features outperformed
spectrogram and time-series images. Second, spectrogram-based models exhibited sig-
nificant performance variation across different architectures despite their high average
accuracy. Notably, ResNet50, with spectrogram features, recorded the lowest accuracy
of 75.5%. This suggests that the performance of spectrogram image features is highly
dependent on the neural network, with some models better suited for spectral features
compared to others. Third, DenseNet169 was the best-performing model across all feature
categories, achieving the highest accuracy of 87.9% when spectrogram features were used.
This superior performance can be attributed to its dense connectivity pattern, where each
layer receives inputs from all preceding layers [82]. This enhances the flow of information
and gradients throughout the network, facilitating more effective training [92]. Fourth, time-
series-based models recorded the lowest overall classification performance, with accuracies
of 80.5% in ResNet50 to 84.7% in DenseNet169. The low performance of time-series features,
compared to spectrograms and MFCC features, suggests that raw sound signal images may
not contain sufficiently distinctive patterns to effectively classify slip and trip events. However,
their moderate performance indicates that they remain a viable alternative, particularly in
conditions where computational efficiency is a priority, since these features are easy to extract
and do not require conversions into the frequency domain.

Table 7 shows the performance of pre-trained models using various image features
across different window sizes. Two key findings emerge from the results. First, shorter
window sizes (0.046 s and 0.093 s) generally resulted in higher classification accuracies
across most models, whereas longer window sizes (0.372 s and 0.743 s) led to performance
declines. This trend is particularly evident in the ResNet50 model with MFCC features,
where accuracy dropped significantly from 0.851 in the 0.046 s window to 0.719 in the
0.743 s window, a decrease of over 13%. Similarly, the InceptionV3 model with time-
series images gradually declined in performance, decreasing from 0.844 to 0.821. Similar
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performance reductions were observed in ResNet50 and InceptionV3 when trained with
MEFCC features. These findings suggest that larger window sizes may introduce noise
or redundant information, diminishing classification effectiveness. Second, while most
models exhibited a decline in performance with increasing window size, certain models
demonstrated high stability across different window sizes, indicating their robustness to
window variations. For instance, the DenseNet169 model trained with time-series images
exhibited the lowest standard deviation (0.002), maintaining nearly constant accuracy
across all window sizes. Similarly, the DenseNet169 model with spectrogram images and
the InceptionResNetV2 model trained with MFCC features showed minimal accuracy
fluctuations, suggesting that these models effectively manage variations in window size
without significant performance degradation.
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Figure 9. Average performance of the pre-trained models across five window sizes and their classifi-
cation performance using different image feature representations.

Table 7. Performance of pre-trained models using various image features across various windows.

Time Frame (Sec.)

Algorithm—TFeature 0.046 0.093 0.186 0.372 0.743

Avg. Std. Dew.

InceptionV3—Time Series 0.844 0.847 0.833 0.830 0.821 0.835 0.011
InceptionV3—Spectrogram 0.861 0.862 0.866 0.854 0.860 0.861 0.004
InceptionV3—MFCC 0.854 0.851 0.844 0.837 0.833 0.844 0.009
Resnet50—Time Series 0.830 0.828 0.820 0.804 0.744 0.805 0.036
Resnet50—Spectrogram 0.779 0.774 0.725 0.722 0.773 0.755 0.029
Resnet50—MFCC 0.851 0.839 0.828 0.751 0.719 0.798 0.059
InceptionResNetV2—Time Series 0.824 0.822 0.819 0.825 0.810 0.820 0.006
InceptionresnetV2—Spectrogram 0.888 0.877 0.872 0.859 0.851 0.869 0.015
InceptionresnetV2—MFCC 0.857 0.854 0.851 0.855 0.839 0.851 0.007
Densenet169—Time Series 0.850 0.849 0.845 0.846 0.846 0.847 0.002
Densenet169—Spectrogram 0.881 0.878 0.879 0.874 0.876 0.878 0.003
Densenet169—MFCC 0.869 0.866 0.862 0.869 0.859 0.865 0.004
Average 0.849 0.846 0.837 0.827 0.819

Std. dew. 0.029 0.028 0.040 0.047 0.049
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5. Discussion
5.1. Comparison of Machine and Deep Learning 1D Classification Performance

Deep learning algorithms were implemented in this study mainly to evaluate the
effectiveness of various image-based (2D) features in slip and trip classification. How-
ever, given that deep learning architectures also perform well in 1D classification tasks, it
was necessary to assess their performance in 1D sound-based slip and trip classification
and compare them with machine learning classifiers. To this end, three deep learning
architectures—Bidirectional Long Short-Term Memory (Bi-LSTM), One-Dimensional Con-
volutional Neural Networks (1D-CNNs), and Long Short-Term Memory (LSTM)—were
trained. These models were selected due to their proven effectiveness in previous 1D and
time-series classification studies. To ensure a fair comparison with machine learning mod-
els, the datasets were divided using a 70/30 train—test split, with 70% allocated for training
and 30% for testing. Hyperparameter optimization was also conducted using a 10-fold
cross-validation approach and a random search technique with various hyperparameter
configurations, including epoch, batch size, learning rate, and dropout rate, systematically
tested to determine the optimal combination for each model.

Table 8 shows the classification performance of the three deep learning models. From
the table, two key findings can be noted. First, the Bi-LSTM model demonstrated the
highest performance across the five window sizes, achieving an average accuracy of 0.894,
while the LSTM model exhibited comparable performance with an average accuracy of
0.893. The 1D-CNN model, in contrast, achieved a slightly lower average accuracy of 0.884.
Second, variations in window size had minimal impact on classification accuracy, with
only slight accuracy changes observed in most models. However, a notable decline in
performance was observed across all three models when the largest window size of 0.743 s
was used compared to the 0.372 s window. This decline may be attributed to the reduced
number of available data points, as larger window sizes resulted in smaller datasets for
training and testing.

Table 8. Classification performance of the three deep learning models in 1D classification.

Architecture Window Sizes

0.046 s 0.093 s 0.186 s 0.372s 0.743 s Average
Bi-LSTM 0.896 0.904 0911 0.896 0.863 0.894
LSTM 0.896 0.909 0.912 0.891 0.857 0.893
1D-CNN 0.889 0.901 0.887 0.895 0.852 0.884
Average 0.893 0.904 0.903 0.894 0.857

Figure 10 shows a performance comparison between the average classification ac-
curacies of deep learning and machine learning algorithms used for 1D sound-based
classification. The figure shows the mean performance of each classifier across the five
window sizes considered in this study. Three key findings can be noted from the figure.
First, LightGBM emerged as the highest-performing classifier among both machine learning
and deep learning models across all window sizes, achieving an average accuracy of 90.6%.
Second, the top four best-performing classifiers were ensembled machine learning models,
and they outperformed the three deep learning architectures based on 1D sound features.
Third, although ensemble machine learning models slightly outperformed deep neural
networks, the deep learning models still outperformed several traditional machine learning
classifiers, including Random Forest, Support Vector Machine (SVM), decision trees, and
logistic regression. This suggests that deep learning models exhibit greater robustness than
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conventional machine learning algorithms that do not incorporate ensemble learning or
boosting mechanisms
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Figure 10. Performance comparison between the average classification accuracies of deep learning
and machine learning algorithms used for 1D sound-based classification.

The comparative analysis between machine learning and deep learning models for
1D and time-series classification provides some valuable insights. While deep neural
networks are often considered more robust in classification tasks due to their built-in
feature selection capabilities, the performance of deep learning models in this study was
slightly lower, compared to that of ensemble classifiers, such as LightGBM and CatBoost.
These findings align with some previous studies where ensemble methods demonstrated
superior performance over certain deep neural networks in sound classification [93]. One
potential factor influencing this outcome may be the dataset size. Deep learning models
generally require large datasets for effective training. Although the smallest window
size of 0.046 s provided sufficient data points for training, the larger window sizes may
have contained inadequate data points to robustly train the neural networks [94,95]. This
is reflected in the significant drop in accuracy for all three deep learning models when
using the largest window size of 0.743 s. In contrast, some previous studies indicate that
ensemble and tree-based algorithms, such as CatBoost and LightGBM, incorporate built-in
regularization and boosting mechanisms, enabling them to perform well even with smaller
datasets [96]. This trend is evident in the consistency of ensemble models across different
window sizes, showing only minor changes in accuracy. For instance, the LightGBM
classifier exhibited a slight accuracy change from 90.1% to 90.7% between the 0.372- and
0.743-second windows, whereas the Bi-LSTM model experienced a more substantial decline
in performance from 89.7% to 86.3%, representing a 3.4% drop compared to the 0.6%
change observed in LightGBM. The ability of gradient-boosting algorithms to maintain
stable performance despite smaller dataset sizes may have contributed to their advantage
over deep learning models.
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5.2. Comparison Between Custom-Trained Deep Learning Models and Pre-Trained
Neural Networks

Figure 11 shows a performance comparison between the custom-trained and pre-
trained models using the three different types of image features: (a) time-series images,
(b) spectrogram images, and (c) MFCC images. The figure shows three key findings. First,
the hybrid CNN-LSTM model achieved the highest accuracy across all feature categories,
outperforming all pre-trained models. Specifically, it attained the highest accuracy of 94.9%
when MFCC features were used and performed better than the DenseNet169 model, which
was the best-performing pre-trained model across all feature categories. Second, three of the
pre-trained models—InceptionV3, InceptionResNetV2, and DenseNet169—outperformed
the traditional CNN model. However, when spectrogram and MFCC features were used,
the traditional CNN outperformed the pre-trained ResNet50 model. Third, while the CNN-
LSTM model achieved its highest accuracy with MFCC features, the traditional CNN, along
with InceptionV3, InceptionResNetV2, and DenseNet169, exhibited its best performance
when spectrogram images were utilized.

95
custom models B pretrained models custom models B pretrained models
92.4 90.6
90
7 7 86.9 87.8
= 86.1 .
84.7 s
835 ; z
82.0 g
79.2 = 280
75.5
75
CNN CNNLSTM InceptionV3  ResNet50 InceptionResnet DenseNet 7

CNNLSTM InceptionV3  ResNet50 InceptionResnet DenseNet
Classifier

() (b)

Classifier

custom models B pretrained models
4.9

7z

86.5
84.4 85.1
80.6 I 7i I [

CNN CNNLSTM InceptionV3  ResNet50 InceptionResnet DenseNet
Classifier

©

Accuracy (%)
% o0
(=] W

=
O

=
=]

Figure 11. Performance comparison between custom-trained and pre-trained models using three
image features (a) time-series images; (b) spectrogram images; (¢) MFCC.

These comparative findings provide some important insights. The CNN-LSTM model
outperformed both the pre-trained networks and the traditional CNN. While pre-trained
models such as InceptionV3, DenseNet169, and ResNet50 have been extensively trained on
diverse image datasets and incorporate enhancements to improve performance, they re-
main fundamentally CNN-based architectures. In contrast, the hybrid CNN-LSTM network
integrates the strengths of both CNNs and LSTMs, offering a distinct advantage. CNNs
excel in capturing spatial features and hierarchical feature learning, while LSTMs are par-
ticularly effective at recognizing temporal patterns and dependencies within datasets [97].
By combining these two architectures, the hybrid model leverages both spatial and tem-
poral feature extraction and feature learning techniques, leading to superior classification
performance. This aligns with previous studies that have demonstrated the effectiveness
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of hybrid models in various classification tasks compared to traditional models such as
CNN [98].

6. Conclusions

This study investigated the feasibility of combining audio signals with machine and
deep learning algorithms to detect near-miss events such as slips and trips. To achieve
this, the unique sound patterns associated with slip and trip events were recorded using a
smartwatch. Then, 1D and 2D image features were extracted from the preprocessed audio
signals and used to train several machine learning and deep learning models. This study
provided some key insights. First, the hybrid CNN-LSTM model was the best-performing
algorithm in slip and trip detection, achieving the highest accuracy of 0.966 when MFCC
image features were used. Second, 2D feature-based models outperformed the 1D feature-
based models. The best classifier when 1D features were used was the Light GBM model,
achieving an average accuracy of 0.906 across the five windows considered. On the other
hand, the hybrid CNN-LSTM model achieved an average accuracy of 0.949 across the
five windows when MFCC features were used. Third, 1D MFCC features achieved an
accuracy of 0.867, outperforming other feature categories such as time-domain features and
frequency domain, which had average accuracies of 0.795 and 0.779, respectively.

In comparison to studies that have presented various methods for the detection of
near-miss events, such as slips and trips, this study presents some new knowledge and
academic findings. First, this study highlights the potential of using audio signals combined
with machine and deep learning algorithms to detect slips and trips of construction workers.
This presents a complementary method that addresses the limitations of manual monitoring,
physical assessment techniques, and vision-based methods. Second, this study compares
the performance of various 1D features and that of 2D features in slip and trip classification,
therefore revealing the robustness of various image and time-series sound features in
detecting unsafe events. Finally, this study, by testing various traditional, hybrid, and pre-
trained models, provides a comprehensive understanding of the performance of various
algorithms in sound classification, serving as a reference for future studies.

Practically, the findings of this study provide significant contributions to improving
construction safety. This study introduces a novel sound-based classification approach for
detecting unsafe events and near-miss occurrences such as slips and trips. While vision-
based methods and physical response techniques, such as gait assessment, have been used,
this study presents a complementary method to address the limitations, such as occlusion
challenges with vision-based methods and high misclassifications associated with physical
response methods due to the complex movement of workers arising from construction tasks.
The sound-based method presented in this study overcomes these limitations and presents
a more lightweight and less complex alternative for detecting slips and trips of construction
workers. By utilizing this approach, sound-based algorithms can be developed and attached
to various safety equipment, as well as other wearable sensors, for continuous monitoring
to identify unsafe events such as slips and trips. From a management perspective, this
study offers a proactive approach to identifying workers who are consistently vulnerable to
slip and trip incidents. This enables targeted behavioral training, automatic documentation
of near-miss events for safety management, and the identification of hazardous zones on
construction sites where such incidents frequently occur. Ultimately, this approach has
the potential to significantly enhance worker safety on construction sites. On a standard
desktop computer (Intel Core i7 11700 CPU, 16 GB RAM, Windows 10, MATLAB/Python
implementation), the feature extraction and classification for each event can be completed
within a few hundred milliseconds, which is sufficient to support near-real-time analysis.
Therefore, the proposed approach has the potential to be further optimized and integrated
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into an online framework capable of automatically issuing alarms when unsafe events are
detected. In addition, the proposed approach shows strong potential for real-time on-site
deployment. With integration into wearable devices such as smart helmets, smartwatches,
or safety vests, the sound-based classification model can continuously capture ambient
audio and process it locally or through edge-computing units. This enables instantaneous
detection of slips and trips directly on the construction site, triggering real-time alerts to
both the worker and the safety management team. Such a deployment strategy, relying
on lightweight and low-power hardware, allows seamless operation without interfering
with normal construction tasks. By combining this capability with existing monitoring
systems, the proposed approach can effectively close the loop between detection and timely
intervention, transforming safety management from a reactive process into a proactive and
dynamic real-time protection system.

Although several important insights are presented in this study, it is crucial to high-
light some limitations that may have influenced this study and present some directions for
future research. First, the slip and trip sounds in this study were recorded in controlled
environments, which may deviate slightly from actual construction environments and
may not fully replicate the biomechanical, impact, and acoustic characteristics of natu-
rally occurring slips and trips. Although data augmentation was conducted and white
noise was added to account for this noise, future studies should improve the findings’
generalizability by conducting actual on-site experiments with varying background sound
conditions. Second, this study explored only two behaviors: slips and trips. Future studies
should explore other near-miss occurrences to enhance the applicability of sound-based
monitoring for construction worker safety. Third, the sample size also involved 10 subjects
only, which might not fully capture all diverse sound features for effective generalization.
Future studies should explore larger sample sizes and on-site experiments to provide
more diverse features. Fourth, the data augmentation in this study was limited to some
simple methods including the addition of white noise. Future studies should explore more
complex augmentation methods such as the addition of real construction audio to account
for the varying noise conditions on construction sites. The ratio of augmented to real
datasets should also be studied to evaluate the impact of data augmentation methods on
model performance. Fifth, the data labeling in this study was limited to three classes only,
and windows were assigned a specific class if 50% of its duration corresponded with that
event. As a feasibility study, this labeling was selected to maintain consistency and reduce
complexity. Future studies should explore more nuanced labeling techniques by experi-
menting with higher threshold or probabilistic labeling to handle mixed-state windows,
exploring multi-class labeling when windows overlap, and incorporating event-aligned
windows to ensure the boundaries align more closely with event onset or offset times.
Sixth, to further enhance the interpretability of the proposed CNN-LSTM model, future
research will investigate the use of explainable Al techniques, such as saliency maps and
Grad-CAM. These visualization tools can highlight the regions of the audio spectrogram
that contribute most to the model’s classification of slips and trips, thereby offering valuable
insights into the acoustic patterns associated with unsafe events, supporting both model
validation and practical deployment and providing guidance for further optimization of
deep learning model parameters. Seventh, this study aims to verify the feasibility of the
proposed method in a controlled experimental setup, where uncertainties that may cause
sound variability were kept as consistent. Data collection is necessary to extend to real
construction sites with more diverse conditions, including variations in sensor position
and orientation, the physical and behavioral characteristics of workers, the material of the
workshop floor and footwear, and different movement patterns, to improve the robustness
of the approach under such variability. Eighth, microphones and audio sensors can also be
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affected by humidity and ambient conditions; however, such influences typically manifest
as signal-to-noise ratio degradation rather than persistent bias shifts. These impairments
can often be mitigated through robust filtering, adaptive noise reduction, and model train-
ing under diverse environmental conditions. Future studies will focus on systematically
evaluating these environmental sound effects on audio signals and developing advanced
compensation techniques to ensure reliable slip and trip detection performance in real-
world construction sites. Finally, future research could combine sound-based slip and trip
monitoring techniques with GPS and location-tracking technologies. This will help detect
slip and trip events while also providing insights into hazardous areas on site where these
events occur.
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Appendix A. Selected Hyperparameters for Various Classifiers

Classifier

Selected Hyperparameters

Category and Boosting (CatBoost)

{"eval_metric: ‘Logloss’, ‘subsample”: 0.6, ‘depth”: 8, ‘learning_rate”: 0.1,
‘leaf_estimation_iterations’: 20, ‘bootstrap_type”: ‘"MVS’, ‘max_leaves’: 64}

Light Gradient Boosting Machine (LightGBM)

{'boosting_type”: ‘gbdt’, ‘colsample_bytree”: 0.5, ‘learning_rate”: 0.1, ‘min_child_samples”: 20,
‘min_child_weight”: 0.001, ‘n_estimators”: 150, ‘num_leaves’: 40, ‘max_depth’: 13}

Gradient Boosting Classifier (GBC)

{"ccp_alpha’: 0.0, ‘criterion”: ‘friedman_mse’, ‘learning_rate”: 0.1, ‘loss”: ‘deviance’,
‘max_depth”: 10, ‘min_samples_leaf”: 2, ‘min_samples_split”: 4, ‘n_estimators”: 100,
‘subsample’: 1.0, “tol”: 0.0001}

Random Forest (RF)

{"bootstrap”: True, ‘ccp_alpha’: 0.0, ‘criterion”: ‘gini’, ‘min_samples_leaf”: 1,
‘min_samples_split”: 2, ‘n_estimators”: 250, ‘max_features”: ‘sqrt’}

Extreme Gradient Boosting (XGBoost)

{“objective’: ‘binary:logistic’, ‘base_score”: 0.5, ‘booster”: ‘gbtree’, ‘colsample_bylevel: 1,
‘colsample_bynode”: 1, ‘colsample_bytree”: 1, ‘gamma’: 0, ‘learning_rate”: 0.1, ‘max_depth”: 7,
‘min_child_weight’: 1, ‘n_estimators”: 120, ‘num_parallel_tree”: 1, ‘reg_alpha’”: 0,
‘reg_lambda’: 1, ‘scale_pos_weight’: 1}

Extra Trees (ET)

{'bootstrap’: False, ‘ccp_alpha’: 0.0, ‘criterion”: ‘gini’, ‘max_features”: ‘sqrt’,
‘min_samples_leaf”: 5, ‘min_samples_split: 2, ‘n_estimators’: 100}

Decision Tree (DT)

{‘criterion”: ‘gini’, ‘max_depth’: 14, ‘min_samples_leaf”: 7, ‘min_samples_split: 2}

Quadratic Discriminant Analysis (QDA) {‘priors’: None, ‘reg_param’: 0.0001, ‘tol": 0.0001}

Adaptive Boosting (AdaBoost)

{"algorithm”: ‘'SAMME.R’, ‘n_estimators’: 350, ‘learning_rate”: 0.78}

Ridge Classifier (Ridge)

{“alpha’: 2.0, ‘copy_X": True, ‘fit_intercept”: True, ‘solver’: ‘auto’, ‘tol": 0.001}
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Linear Discriminant Analysis (LDA) {’solver”: ‘eigen’, ‘shrinkage’: ‘auto’, ‘n_components”: 1}

Logistic Regression (LR) {'C": 1.5, “penalty’: ‘12’, ‘solver”: ‘Ibfgs’, ‘tol”: 0.0002, ‘class_weight’: ‘balanced’}

k-Nearest Neighbor (kNN) {"leaf_size’: 50, ‘metric’: ‘manhattan’, ‘n_neighbors”: 3}

Support Vector Machine (SVM)—Polynomial {"tol’: 0.0001, ‘max_iter”: 2000, ‘gamma’: ‘scale’, ‘C": 1000.0}

Naive Bayes {"priors”: None, ‘var_smoothing”: 1 x 1079}

Bidirectional-LSTM (Bi-LSTM) {"dropout_rate’: 0.30970, ‘learning_rate”: 0.002938, ‘batch_size”: 32, ‘epochs’: 35}

Long Short-Term Memory (LSTM) {"dropout_rate’: 0.34889, ‘learning_rate”: 0.002844, ‘batch_size”: 32, ‘epochs’: 43}
One-dimensional Convolutional Neural Network {filters’: 48, ‘kernel_size”: 3, ‘dropout_rate’: 0.17919, ‘learning_rate’: 0.001974, ‘batch_size”:
(1D-CNN) 32, ‘epochs’: 47}
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