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Abstract— The isolation of gait cycles from underfoot pres-
sure data is a critical step in human movement analysis,
yet existing methods require either expensive equipment or
substantial manual effort. We present a generalizable, low-
resource algorithm for parsing gait cycles from wearable
underfoot pressure sensor data across multiple walking terrains.
Compared to a ground-truth dataset manually marked and
verified by an expert, our algorithm achieved similar accuracy
with significantly reduced processing time. For a dataset of 577
steps, our algorithm parsed gait cycles in 41 seconds with only
one false negative, whereas three naive manual parsers required
an average of 29 minutes, with total errors ranging from 6 to 33
gait cycles. The algorithm also outperformed threshold-based
parsing, which produced 49-362 false positives, depending on
the threshold value. By improving computational efficiency with
accuracy, this method enables scalable gait cycle detection in
real-world applications, expanding the feasibility of automated
gait analysis beyond controlled laboratory environments.

Index Terms— Gait Analysis, Walking, Underfoot Pressure,
Ground Reaction Force, Rehabilitation

I. INTRODUCTION

Advances in gait analysis and rehabilitation technology,
such as wireless sensors, motion capture, exoskeletons, and
gait assistance devices, have created a growing demand
for efficient, high-quality data analysis methods. A critical
component of gait analysis is isolating complete individual
gait cycles. Historically, gait analysis has relied on mo-
tion capture systems in controlled laboratory settings, but
the field is rapidly shifting toward wearable sensors that
enable data collection in real-world environments [1]-[3].
This shift presents new challenges, particularly the need for
generalizable data reduction and analysis techniques to parse
individual gait cycles effectively. The ability to automatically
parse gait cycles is particularly challenging when gait data
are collected in variable walking environments or with pop-
ulations that have motor impairments [4].

Gait data from wearable underfoot pressure sensors ex-
hibit substantial variability due to changing walking speeds,
terrains, and patient footwear in both healthy individuals
and those with motor deficits from musculoskeletal or neu-
rological conditions [5], [6]. These factors complicate the
development of standardized analysis pipelines to identify
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key events, such as the transition from swing to stance phase
(i.e., heel strike, marked by the onset of loading), which is
critical for parsing gait cycles. Existing pipelines to parse gait
cycles, including manual labeling, thresholding, and neural
networks [7]-[9], are resource-intensive and have notable
limitations. Access to gait experts who can dedicate the time
necessary to manually mark large datasets is often limited,
leaving the task to naive parsers. Manual labeling is prone
to human bias, time-consuming, and difficult to generalize
across datasets and applications [10]. Thresholding entails
setting a minimum value to indicate the onset of limb loading
[9]. It is prone to false positives with variable pressure,
shuffling, or bumping of the foot, requiring the use of catch
statements to exclude missteps. Neural networks require
large pre-labeled training datasets, extensive computational
power, and expertise in machine learning [7]. Previous work
has applied a template-based approach to angular velocity
signals, but the template was made for waveforms across the
entire gait cycle, limiting its generalizability [4].

This work introduces a novel template-matching frame-
work forefficient, generalizable, low-resource gait cycle pars-
ing. A semi-automated approach allows users to mark the
onset of limb loading in a subset of data via an intuitive
graphical user interface (GUI). After the parser marks the
onset of loading, a shape template is generated, capturing the
characteristic pressure pattern at the transition from the swing
to stance phase. This allows the algorithm to identify similar
events across the dataset. This template-matching method
was compared to standard methods of parsing gait cycles,
including manual labeling by experts and naive researchers,
and thresholding. By overcoming the limitations of existing
gait cycle parsing methods, this template-matching frame-
work offers a simple yet scalable and transferable solution
for isolating gait cycles, which supports the growing needs
of locomotor and rehabilitation research and real-world gait
applications.

II. METHODS
A. Participants and Data Acquisition

Four male participants with no known neuromuscular
deficits were recruited for this study after providing written
informed consent following the University of Utah Institu-
tional Review Board (IRB00171076). Participants were 31,
19, 27, and 25 years of age (mean weight = 182.25 + 17.90
Ibs).

A wireless pressure insole containing 235 embedded pres-
sure sensors (XSensor High-Resolution Intelligent Insoles
Pro, Calgary, AB, Canada) was placed in each shoe and
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Fig. 1. Walking track containing different types of terrains (7.3m long).

sampled at 33 Hz. A custom GUI built in Python (version
3.8.1, Python Software Foundation, Wilmington, DE) and
ran on a desktop computer with an Intel Core i7 CPU and
32 GB of RAM. The GUI controlled the hardware and
data collection and data were saved for subsequent offline
analysis.

B. Data Collection Experimental Protocol

To evaluate our framework on a dataset reflecting the
complexity of real-world walking, participants navigated a
mixed-terrain track at a self-selected pace. The mixed-terrain
track consisted of even ground, uneven ground, up and down
ramps, upstairs, downstairs, and left and right turns (Fig. 1).
Each participant completed seven trials: four mixed-terrain
trials traversing all types of terrain arranged in the track
and three terrain-specific trials on stairs, ramps, and uneven
ground to increase the number of steps for each of these
terrains. Transitions between types of terrain were manually
marked. A mixed-terrain dataset was constructed from all
participant data. Manually marked terrain transitions were
used to generate five datasets per participant: two datasets
combining even ground, turns, and uneven ground; one
combining even and uneven ground; one combining even
ground and stairs; and one combining even ground and
ramps. Of the 20 datasets (five datasets from each of the
four participants), two were excluded from analysis due to
technical issues, leaving 18 datasets for testing the manual
and automatic parsing methods. Pressure values from each
insole were normalized to the participant’s weight and the
area of the individual sensor cell.

C. Establishing the Ground Truth of Gait Cycle Parsing

Underfoot pressure data were upsampled by a factor of
60 from 33 Hz to 1980 Hz to increase the resolution for
selecting the onset of limb loading and smoothed using a
Savitzky-Golay filter (3rd order, window size = 93, derivative

979-8-3503-8068-2/25/$31.00 ©2025 IEEE

Fig. 2. Three different thresholds were applied to remove low-level
noise between gait cycles. Higher thresholds removed more noise but also
truncated the signal, affecting the accuracy of loading onset detection.

order = 1, rate = 1). This onset of limb loading is an
inflection point in the pressure data and defined as the
lowest point before a sharp positive increase in slope due to
initial ground contact at the transition from swing to stance
phase. Pressure profiles from each dataset were visualized
for manual marking of the inflection points using a custom
GUI (Python, PyQTS5 library). At typical walking speeds,
each gait cycle is approximately 60% stance phase and 40%
swing phase [11]-[13]. The stance phase is characterized
by a single or double peak, whereas during swing phase,
the underfoot pressure is zero. Gait cycles with noisy or
incomplete steps from shuffling, sharp turns, or tripping were
excluded if they visually lacked: distinct single or double
peaks, a roughly 60/40 stance-to-swing ratios, and/or near-
zero pressure values during swing. All 18 datasets were
manually marked, based on the above rules, by an individual
with 3+ years of experience with underfoot pressure data.
The experienced individual’s work was validated by a gait
researcher with over 6 years of experience analyzing un-
derfoot pressure data. These cross-checked inflection points
served as the ground truth for gait cycle parsing. The total
number of complete gait cycles was 577.

D. Naive Manual Gait Cycle Parsing

To simulate naive junior researchers manually parsing
gait data, three independent researchers with no prior ex-
perience in gait analysis were recruited. Each naive parser
received instructions for using the GUI, the three criteria
defining a complete gait cycle, and a reference of marked
inflection points on a set of 10 gait cycles. Each researcher
independently marked the same 18 datasets using the GUI.
All marked points were saved in a Python dictionary and
categorized by dataset for later analysis.

E. Thresholding Algorithm

Thresholding is a widely used automated method for
identifying inflection points in gait data [4]. Thresholds are
typically set as a multiple of the standard deviation of the
background (noise) signal, or manually selected by leverag-
ing knowledge of the particular data, making this method
subjective. Thresholding often results in false positives and
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Fig. 3. Template matching algorithm flow chart. A) Iterating the template
across the underfoot pressure signal to obtain the sum of the absolute
difference between the raw signals and the template. B) The result of the
sum of the absolute difference between the raw signals and the template.
The sharp troughs indicate the point where the template best overlaps with
the raw signal at the inflection point. C) Reflected signal from B about the
horizontal axis, isolating the region near the peak overlap between the raw
signal and the template, for each step. The peak represents the timepoint
of maximum overlap (i.e., the inflection point) and is marked by a red X.
D) Found inflection points mapped back onto the underfoot pressure signal,
indicated by a red X.

inaccurate marking of the time of loading onset. To eval-
uate these limitations on parsing gait cycles, three different
thresholds were tested. As gait data were normalized between
0 and 1, a low threshold of 0.01, a medium threshold of 0.04,
and a high threshold of 0.1 [4] were used (Fig. 2). For each
of the three thresholds, underfoot pressure values below the
thresholds were set to zero, and time points where transitions
from O to a value greater than zero were marked as inflection
points. No additional programming statements were added
to remove false positives or adjust positioning of the marked
inflection points.

979-8-3503-8068-2/25/$31.00 ©2025 IEEE

F. Template-Matching Algorithm

A total of 577 manually marked inflection points from
ground truth parsing were grouped into their respective
datasets (18 total). For each marked inflection point, a 200-
point array was created by extracting 100 points before
(including the inflection point) and 100 points after from the
underfoot pressure data. These 200-point arrays were aver-
aged within each dataset to generate a template representing
the inflection point for that dataset. The final template was
created by taking the average of all template arrays across
all 18 datasets. The template was matched to the underfoot
pressure signal by iterating the 200-point window across the
signal (Fig. 3A). At each window position, the similarity
between the template and the signal was quantified using
the sum of absolute differences (Equation 1), producing a
waveform of these differences (Fig. 3B).

>~ |(200 points underfoot pressure) - template| (1)

Regions where the template best matched the signal ap-
peared as pronounced troughs in the difference waveform,
corresponding to the points of minimum difference (Fig. 3B).
To identify these troughs, the difference signal was inverted
and shifted upward by 10% of its maximum value (Fig.
3C). This transformation ensured that regions far from an
inflection point remained below zero. As the transformed
signal rose above zero, values were stored in a buffer until it
returned below zero. The index of the maximum value within
each buffer was identified as the location of the template
match. Identified maxima were then mapped back onto the
underfoot pressure signal to mark the inflection points (Fig.
3D). Access the full open-source pipeline on GitHub [14].

G. Template-Matching Algorithm Using Subsets of the
Ground Truth Inflection Points

Given the impracticality of manually parsing all inflection
points, we investigated whether fewer inflection points could
still yield reliable template-based parsing. Templates using
50% (282) and 25% (112) of the total ground truth inflection
points were created. A 10-fold validation was performed
by randomly selecting a subset of inflections points from
the full dataset, building a template from these subsets, and
evaluating that template’s performance relative to the 100%
template for each of the 10 iterations.

H. Comparing Performance of the Template-Matching Algo-
rithm, Thresholding, and Naive Manual Parsers

The performance of the template-matching algorithm,
thresholding, and naive researcher manual parsing were eval-
vated by calculating their proximity of the marked inflection
points to the ground truth, as well as the number of false posi-
tives and negatives in relation to the ground truth. Comparing
the location of the inflection points relative to the expert gait
data (ground truth) allows for the assessment of error related
to the loss of loading data at the onset and the subsequent
addition of that loading data to the end of the following
step. A closest-pair algorithm was used to calculate the
proximity of each method’s inflection points to the ground
truth. The closest-pair algorithm iterated through all ground
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Fig. 4. Box and whisker plots of differences in inflection point location relative to the ground truth for all non-ground truth methods. Zero on the y-axis
represents a perfect match with the location of the ground-truth dataset. A positive value indicates the detected inflection point occurred before the point
in the ground truth. A negative value indicates the detected inflection point was after the point in the ground truth. The orange line represents the median,
the box represents the first and third quartiles, and the whiskers represent the maximum and minimum for each. *p < 0.05; **p < 0.01; ***p < 0.001.

truth inflections points, identifying the non-ground inflection
point from either the template, thresholding, or naive parsers.
For each closest-pair value, the index difference between
the ground truth and non-ground truth inflection point was
determined. The closest-pair algorithm was also used to
determine the number of false positives and false negatives
of the non-ground truth methods. For example, if the naive
researcher identified 17 inflection points, and the ground
truth parser identified 19, the closest pairs algorithm matched
17 points, indicating two false negatives. False positives were
calculated as the total number of additional steps from the
ground truth.

1. Performance of a Mean Template Built from 18 Different
Templates

Building a separate template for each of the 18 datasets is
not the most efficient way to parse the data. A more efficient
method is to build a template that can capture the inflection
points from all 18 datasets that have different cadences, step
lengths, and types of terrains. To assess the performance of
this mean template, all 577 inflection points were used to
construct 577 templates which were then averaged to create
one mean template. This mean template was then iterated
across all 18 datasets identical to the methods described in
section G.

979-8-3503-8068-2/25/$31.00 ©2025 IEEE

J. Statistical Analysis

Normality was assessed using the Anderson-Darling test
(Python’s anderson function from the scipy.stats library).
The data were nonparametric; therefore, a Kruskal-Wallis
multi-group test was performed using the scipy.stats li-
brary’s kruskal function to compare the time difference in
the detection of the inflection point between all detection
methods. Multiple comparisons with a Bonferroni correction
were performed using Python’s statsmodels.stats. multicomp
function. The performance of the 50% and 25% templates
were compared to the 100% template. For each iteration of
the 10-fold validation, the Kruskal-Wallis test was performed
to compare the difference in inflection point location from
the ground truth for all templates. For all comparisons, a
significance level less than or equal to 0.05 was considered
significant.

III. RESULTS

A. Number of Marked Inflection Points Compared to Ground
Truth

Table I summarizes the total number of marked inflection
points, false positives, false negatives, and the mean and
standard deviation of the time between the marked inflection
points and the ground truth.
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TABLE I
PERFORMANCE STATISTICS FOR EACH NON-GROUND TRUTH DATASET IN
RELATION TO THE GROUND TRUTH

Mean — std Inflection
Inflection -
Marked . Point
y False False Point "
Inflection o 3 . Difference
N Positives Negatives Difference
Points # from Ground
from Ground | " L (ms)
Truth (ms)
18 Templates 606 28 1 18 75
10x Random
50% Template 606 28 1 18 736
10x Random
25% Template 60 2 1 04 762
Average 605 . : P 12
Template
Threshold = —
0.01 939 362 0 23 217.8
Threshold =
0.04 633 56 0 208 80
Thres°h1old = 626 49 A 06 o
Naive
Researcher 1 D44 N 33 0.4 81.3
Naive
Researcher 2 560 0 7 33 72
Naive =
Researcher 3 o7t 0 6 53 345

B. Time of Marked Inflection Points Compared to Ground
Truth

All methods differed significantly from the higher thresh-
old (p < 0.001). The lower and medium thresholds were each
different from all other methods (p < 0.030), except each
other. Additionally, the template made of the 18 individual
datasets differed from the naive researcher 3 (p = 0.040).
See Fig. 4. The naive researchers marked inflection points
approximately 5 ms or less before the actual onset from the
ground truth (Fig. 4; Table I). For the thresholding method,
all thresholds resulted in delayed detection of the inflection
point, with the highest threshold resulting the largest de-
lay (60.6 ms). The template-matching method detected the
inflection point with a delay of less than 2 ms from the
ground truth, accounting for less than 0.2% of a typical gait
cycle duration (which is typically 1 second) [11]-[13]. The
template-matching algorithm required on average 41 seconds
to analyze all 18 datasets, the thresholding method required
on average 22 seconds, and the manual parsers required 29
+ 2 minutes.

C. Performance of the Template-Matching Algorithm Built
Using Subsets of Steps

Templates were built using a subset of steps: 50% and
25% of the total dataset containing 577 steps. The subsets of
steps used for the reduced templates were randomly extracted
from the full dataset 10 different times. For each 10-fold
validation, the time difference of the detected inflection point
between the reduced templates and the template from the full
data set were compared.

The time differences ranged from -2.3 ms to 0.59 ms and
-10.7 to 7.7 ms for the 50% and 25% templates, respectively.
The p-values from the Kruskal-Wallis test ranged from 0.12
to 0.96, meaning that the difference in the detected time of
the inflection points for the 50% template was not statistically
different from the full template. However, the p-values for
the 25% template ranged from 0.012 to 0.46, meaning that
the time differences were sometimes statistically different.

979-8-3503-8068-2/25/$31.00 ©2025 IEEE

Template Form Across 18 Ground-Truth Datasets
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Fig. 5. Mean (+ standard deviation) template shape of all templates across
the 18 datasets.

IV. DISCUSSION

This work presents a novel template-matching framework
that provides a low-resource, efficient, and accurate solution
for gait cycle parsing across multiple terrains. Our approach
is more efficient than manual parsing and more accurate
than thresholding techniques, making it a practical tool for
parsing large-scale gait datasets. By testing the algorithm
on varying walking terrains, we demonstrated its potential
for real-world applications, where traditional gait parsing
methods struggle. This novel template-matching approach
overcomes key limitations of existing methods and offers
a transferable and accessible solution for parsing gait data in
both controlled and uncontrolled settings.

Thresholding identifies the onset of loading when pressure
surpasses a predefined minimum value. While computation-
ally efficient, thresholding techniques inherently involve a
trade-off between false positives and timing accuracy. This
was evident in our study, as shown in Table I and Fig.
2. A lower threshold (0.01, or 1% of full scale) detected
loading onset more accurately than higher thresholds (-23 ms
mean difference from ground truth) but resulted in 362 false
positives. In contrast, a higher threshold (0.1, or 10% of full
scale) reduced false positives to 49 but introduced greater
timing errors, delaying loading onset detection by -60.6
ms. This trade-off demonstrates that while increasing the
threshold reduces false positives, it also shifts the detected
inflection point later in the gait cycle, leading to loss of early
loading pressure information. However, even at the lowest
threshold, the timing of the onset of loading was significantly
different compared to the template matching algorithm (Fig.
4). To mitigate false positives, researchers often implement
dataset-specific catch statements to exclude misclassified
steps. However, these custom rules limit generalizability
across datasets which include shuffling, foot bumps, or
other transient pressure fluctuations as steps. In contrast,
the template-matching algorithm automatically differentiated
true gait cycles from transient fluctuations, reducing false
positives without custom rules.

In contrast to thresholding, which is prone to false posi-
tives, manual parsing effectively eliminates this issue but is
more susceptible to false negatives. In our study, all three
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naive manual parsers exhibited fewer total errors (6-33)
compared to thresholding (49-362 false positives; Table
I, highlighting the relative accuracy of human annotation.
The template-matching algorithm performed similarly to the
naive manual parsers, with total errors ranging from 27 to
28. Additionally, the timing of the marked inflection point,
as measured by the mean difference from the ground truth
in milliseconds, was statistically different between only 1
of the 3 naive parsers when compared to the 18 template-
matching algorithm and showed no statistical difference
when compared to the average template algorithm (see Fig.
4). The inconsistencies among the naive researchers highlight
the limitations associated with human non-experts, which is
problematic with these large-scale datasets.

The template-matching algorithm retains the strengths of
manual parsing while maintaining speed (29 minutes for
manual parsing compared to 41 seconds for the template-
matching algorithm). With the template-matching approach,
a user selects a subset of data to generate a template, which
is then used to automatically identify the onset of gait cycles.
This method also benefits from the low-resource nature of
thresholding techniques but with improved accuracy. Ad-
ditional fine-tuning of the template matching algorithm is
possible using a shift parameter that enables adjustment of
the height of the inverted sum absolute value signal (Fig. 3).

A limitation of the template-matching approach is the
reliance on a high-quality and consistent dataset. Parsing
the 577 steps with an average template constructed from
all18 datasets was not significantly different in performance
compared to the template made from the average of the
18 templates specific to each dataset. This demonstrates the
feasibility of a generalizable template for parsing multiple
datasets. There are key are some key considerations to keep
in mind before using building a generalizable template. Fig.
5 displays the mean and standard deviation from the 18
different templates. There is little variability in the template
values before the inflection point, and large variability in
the template slope after the inflection point. Care should be
taken during template construction to capture the variability
in slope data after the inflection point. Cross validation, as
performed here, helps to avoid biases from data sampling
when constructing the template.

To further refine the template-matching algorithm, future
work will involve performance testing on a larger and more
diverse population, including variability in age and sex, and
test its generalizability on data collected from people with
gait impairments. We plan to investigate the feasibility of
using the template matching algorithm for other applications
and signals, specifically live or real-time parsing of data,
angular velocity, reflex responses, or electrocardiography.

V. CONCLUSION

With this novel template-matching algorithm, large vol-
umes of gait data can be efficiently and accurately parsed to
meet the demand of modern gait analysis and rehabilitation
technology development. This method successfully detected
individual gait cycles from underfoot pressure data collected

979-8-3503-8068-2/25/$31.00 ©2025 IEEE

from participants walking across varying types of terrain.
This will enable researchers to expand their gait analysis
capabilities to a larger scale and beyond highly controlled
laboratory settings to more variable real-world settings.
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