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Abstract: Human gait motions differ depending on the age of the person. Previous
studies have estimated age categories of walkers or have used age analysis for security or
commercial surveillance purposes using images. However, few studies have estimated
age from gait parameters alone. We estimated the age of people using kernel regression
analysis based on their height, weight, and representative gait parameters, i.e., walking
features that are interpretable with relative ease. Samples were obtained from 75 Japanese
women aged 20–70 in a database. Through a variable selection based on sensitivity analysis,
the established model estimated the ages of the women with a correlation coefficient of
0.78 with their actual ages, and the mean absolute error was 9.99 years. The sensitive
variables included the minimum foot clearance, body weight, walking velocity, step width,
and stride length. Estimation errors were significantly greater for elderly adults than for
young people. Specifically, the mean absolute error for people in their 20s was 7.4 years,
whereas that for those over 60 was 13.1 years. The proposed method uses gait parameters
that can be measured with wearable devices, such as inertial measurement units; therefore,
it offers an accessible approach to estimating a walker’s age with moderate certainty and
promoting healthcare awareness in daily life.

Keywords: kernel regression; gait analysis; variable selection; walking age

1. Introduction
Human gait patterns vary with age [1–16]. For example, Ko et al. [1] demonstrated

that several gait parameters change with age: step width increases, while gait speed and
stride length decrease. DeVita and Hortobagyi [2] reported that the ratios of joint torques
and power at the hip, knee, and ankle differed between young and elderly participants,
even when walking at the same speed. Aboutorabi et al. [3] reviewed prior studies and
summarized age-related changes in gait, including step width, stride length, and walking
speed. Moreover, strategies for maintaining gait stability during normal walking differ
between young and older adults [13,15].

These findings suggest that a person’s age can be estimated based on a combination of
gait parameters, similarly to how gait or motion patterns are recognized using combinations
of low-level kinematic features [17–20]. For example, Xu et al. [17] classified the level of
proficiency of runners based on multivariate biomechanical variables. Estimating age
from observable walking characteristics—referred to as “walking age”—has potential
applications in healthcare and public services, such as assistive systems for older adults.
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For instance, knowing the approximate age of pedestrians could inform the planning
and deployment of support systems in public facilities, including guidance robots and
assistive carts [21,22]. Additionally, understanding which age group one’s gait resembles
may help individuals maintain or improve their physical health through self-awareness
and lifestyle adjustments.

The majority of previous studies can be classified into two categories: classification
into age groups and estimation of specific numerical age. Thus far, many studies have
addressed age-classification problems [23–28]. For example, Begg et al. [23] used a support
vector machine to classify young and old adults based on gait features extracted from
images. Nabila et al. [24] proposed a method to separate young and elderly people using
their silhouette images. Davis [25] classified the gait characteristics of children and adults.
These studies aimed to classify the age of walkers into a few categories and did not estimate
the actual age of the walkers.

In contrast, the study by Makihara et al. [29] estimated the ages of individuals rang-
ing from 2 to 94 years using Gaussian process regression applied to frequency spectra
derived from video frames or sequential images. Li et al. [30] combined classification and
regression analyses to estimate the age of walkers. Sakata et al. [31] used convolutional
neural networks to estimate the gender and age of people based on walking. In some of
these studies [23,24,29,30], walking people were monitored using cameras. In contrast,
a competition was held to estimate the age and gender of walkers by analyzing their motion
data measured by a set of inertial measurement units (IMUs) [32]. Various algorithms were
adopted in this competition by different teams; however, methods based on gait parameters
were rarely used, and details regarding these methods were not clearly described.

Few studies have attempted to predict a person’s actual age as a numeric value from
their gait characteristics. For example, Davis [25] used step length, stride width, and stride
frequency to classify the ages of children (3–5 years) and adults (30–52 years). Begg et al. [23]
used minimum foot clearance to classify younger and elderly adults. Chuen et al. [27]
classified the ages of children and adults using stride length, stride frequency, head length,
body length, head-to-body ratio, leg length, and stature. As shown in these studies, gait
parameters have been used to classify ages; however, few studies estimate chronological
age from gait parameters alone. In other words, while previous studies have shown that it is
possible to classify individuals into broadly separated age groups, they have not addressed
how accurately age differences can be quantified—such as the extent to which a 5- or
10-year age gap can be distinguished. There has been little effort to explore the limits of
resolution or precision in age estimation from gait characteristics. This lack of investigation
into the upper bounds of estimation accuracy forms one of the core motivations of the
present study. Understanding how accurately human age can be estimated from gait
parameters would offer valuable insights as part of the literature on gait analysis.

As illustrated in Figure 1, we apply kernel regression analysis to predict the age of
individuals using gait-related variables—such as mediolateral and anterior velocities, stride
length, step width, swing duration, and minimum foot clearance—in combination with
self-reported height and weight. The gait parameters are semantically well-defined and
can lead to explainable age estimators. Furthermore, many of them can be measured using
a wearable device equipped with an IMU.
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Figure 1. Study scheme. We estimated age based on the height, weight, and gait parameters of
walkers using kernel regression analysis. Adapted from [33].

In many previous studies, camera images have been utilized for applications such
as customer surveys in supermarkets and security surveillance. However, IMUs, such
as those used in smartphones and smartwatches, are suitable for collecting information
on an individual’s daily life over a long period of time [34–39]. Methods for the accurate
estimation of gait parameters using IMUs have been studied [40–42], but these methods
are beyond the scope of this paper. Most of the representative gait parameters can be
accurately estimated using a set of IMUs worn on the human body [42]. This study aims to
evaluate how effectively an ensemble of gait parameters can be used to assess chronological
age. We also used parameters that were self-reported by people, such as their height and
weight, because the potential applications of this method, such as a monitoring system
for daily activities, operate with the consent of users. Such a system may help people
monitor their physical health in their daily lives, as opposed to being utilized for security
or commercial-surveillance purposes.

This study is an extension of our previous work [33], where the ages of walkers
were estimated using a kernel regression model with gait parameters and the height and
weight of walkers as explanatory variables. In this study, we select effective explanatory
variables based on a sensitivity analysis [43] and refine the model. The refined model is
then compared with the model in [33] and a multiple linear-regression model to discuss
the efficacy of our approach.

2. Methods
2.1. Gait Data

We utilized a gait database [44] that contains time-series three-dimensional coordinates
of skeletal landmarks, recorded by a motion-capture system during straight-line walking
under normal gait conditions. This database provides ten non-successive gait cycles
for individual participants. Participants walked on a straight 10 m path barefoot at a
comfortable speed. We used five gait cycles starting with left-heel contact for 30 women
aged over 60 years, 30 women aged 20–30 years, and 15 women aged 35–50 years. In total,
we used 375 samples collected from 75 healthy women. Note that the database does not
include an equal number of participants for each age category. Furthermore, it comprises
a larger number of female participants; hence, we only adopted the data of women. Gait
parameters may have a different association with age between men and women [45].

We conducted a multiple linear regression analysis to establish a baseline performance.
According to a power analysis using G*Power [46], the required sample size for testing
individual regression coefficients in a two-tailed t-test, with α = 0.05, 1 − β = 0.80, and a
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medium effect size ( f 2 = 0.15), is 55. The number of samples in our dataset exceeds
this requirement.

2.2. Parameters to Estimate Chronological Age

We employed height, weight, and seven widely examined gait features: peak medi-
olateral and anterior velocities of the center of mass (CoM), step width, stride length,
cadence, swing phase duration, and minimum foot clearance observed during typical
walking. Many of these parameters have been shown to distinguish between different age
groups [23,25,27], and are thus expected to serve as predictors of age. Table 1 presents the
means and standard deviations of these parameters.

Table 1. Means and standard deviations of participant height, weight, and gait parameters.

Parameters Means ± S.D.

Height (cm) 157.53 ± 5.81
Weight (kg) 54.32 ± 7.94

Minimum foot clearance (m) 0.020 ± 0.006
Maximal mediolateral CoM speed (m/s) 0.11 ± 0.029

Maximal anterior CoM speed (m/s) 1.48 ± 0.17
Step width (m) 0.12 ± 0.031

Stride length (m) 1.29 ± 0.11
Cadence (steps/min) 58.56 ± 3.80
Swing duration (%) 85.50 ± 5.02

As shown in Figure 2, step width refers to the mediolateral distance separating the
right and left toes. Stride length is defined as the forward distance covered between two
consecutive placements of the left foot. Cadence represents the number of steps taken per
minute.

Figure 2. Step width and stride length.

As shown in Figure 3, swing duration is the proportion of the gait cycle that accounts
for the swing phase. The gait cycle presents the normalization of two successive steps. In
this study, it starts (0%) and ends (100%) at the moments of left heel contact.

Left heel

contact (0%)

Right heel

contact (~50%)

Left heel

contact (100%)

Double support

phase

Double support

phase

Right legLeft leg

Swing phase Swing phase

Swing duration: The proportion of the swing phase during a gait cycle

Figure 3. Proportion of swing phase and double-support phase periods during the gait cycle.
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As shown in Figure 4, minimum foot clearance is the distance between the foot and
the ground when the foot is parallel to the ground in the swing phase. Minimum foot
clearance is considered an important indicator of tripping risk, and its association with age
has been reported in previous studies [23,47,48]. While these studies suggest that minimum
foot clearance does not change monotonically with age, it remains a relevant parameter
because it reflects key biomechanical aspects of gait. Specifically, minimum foot clearance
is influenced by knee and hip joint flexion/extension as well as muscle strength and gait
speed [49,50], making it a meaningful descriptor of gait characteristics related to age.

Figure 4. Minimum foot clearance. Distance between the sole and ground when the swinging foot is
parallel to the ground.

The step widths, stride lengths, and velocities were normalized to the body height of
each participant. Furthermore, the height, weight, and gait parameters were normalized to
be z-scores across all the participants.

2.3. Kernel Regression Analysis

Kernel regression analysis, a type of nonlinear regression, is employed to estimate age.
Given that the explanatory variables (gait parameters) and the target variable (age) are not
expected to have a simple linear correlation, a nonlinear approach was selected. Among
nonlinear machine learning methods, kernel regression is particularly well-suited to our
objectives and constraints; it can be applied to datasets of moderate size and is designed for
continuous value estimation rather than classification. That said, the aim of this study is
not to compare various machine learning algorithms, and kernel regression is not intended
to be the exclusive solution.

In kernel regression analysis, the objective variable is expressed as a linear combination
of kernel functions. The regression coefficients are determined by minimizing the squared
error between the observed and estimated values of the objective variable. In this study,
we estimated the ages of individuals in the database using Gaussian kernels, with height,
weight, and gait parameters as explanatory variables. The Gaussian kernel is one of the
most commonly used kernel functions and is generally employed unless there is a specific
reason to choose an alternative.

The kernel function expresses the similarity between two explanatory vectors, x and
x′, and is computed as follows:

k(x, x′) = exp (−β∥x − x′∥2), (1)

where || • || is L2 norm. Here, x and x′ denote the gait parameters and the weight and height
of participants for two specific samples. This function measures the similarity between two
ensembles of explanatory variables, which leads to a substantial difference from multiple
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linear-regression analyses that can examine the effect of each variable independently. Let n
be the number of samples in the training dataset; the Gram matrix is computed by

K =


k(x(1), x(1)) . . . k(x(n), x(1))

...
. . .

...
k(x(1), x(n)) . . . k(x(n), x(n))

, (2)

where x(j) is the vector of explanatory variables for sample j. The value of the objective
variable y corresponding to any sample x in the training dataset is estimated by

ŷ =
n

∑
j=1

αjk(x(j), x), (3)

where y is represented by a linear sum of kernel functions and αj is their weight. The
squared error between the observed and estimated values for a sample (x, y) is

rk(y, x; α) = (y − ŷ)2

= (y −
n

∑
j=1

αjk(x(j), x))2. (4)

α = (α1, . . . , αn)T is determined to minimize the sum of squared errors among all samples
in the training dataset. When y = (y1, . . . , yn)T, the sum of squared errors is

Rk(α) = (y − Kα)T(y − Kα). (5)

The least-squares solution of α is
α = K−1y. (6)

Typically, kernel regression analysis regularizes the Gram matrix to improve its gen-
eralization ability for untrained data. The sum of squared errors after regularization is
computed as follows:

Rk,λ(α) = (y − Kα)T(y − Kα) + λαTKα, (7)

where λ (λ > 0) is a hyperparameter. For the minimization problem, the derivatives of this
function related to α must be zero:

−K(y − Kα) + λKα = 0. (8)

Let In be a unit matrix with an order of n × n. α is obtained as follows:

α = (K + λIn)
−1y. (9)

The regularization parameter (λ) in the kernel regression analysis was determined
via cross-validation from the candidate values {0.001, 0.01, 0.1, 1}. To achieve this, the
375 samples were divided into five subsets, ensuring that each subset contained only one
sample from each participant. One subset was designated as the test set, while the other
four were used for training. A model was created using the training data, and we estimated
the participant ages using the test data. The correlation between the actual ages in the test
data and the corresponding ages estimated via kernel regression analysis was calculated.
This procedure was repeated five times, rotating each of the five groups to serve as the test
dataset once. We then determined the λ value, such that the mean correlation coefficient
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among the five groups was maximized. Note that the optimal λ value differs among models
with different sets of explanatory variables.

2.4. Variable Selection Based on Sensitivity Analysis

Once the regression model (M0) is established, the sensitivity of each explanatory
variable is computed for variable selection [43]. We denote e0 as the mean absolute esti-
mation error for M0. To compute the sensitivity of each explanatory variable, the age of
each individual is estimated using M0 by averaging the values of variables other than the
explanatory variable that is being examined. A simple regression analysis is performed on
the observed and estimated values of the participant ages, and the slope of the regression
line is computed. This slope represents the sensitivity of the explanatory variable. The same
estimation is repeated for all explanatory variables to obtain their respective sensitivities.

The explanatory variable with the lowest sensitivity is removed from M0. A new
kernel regression model M1 is then created using the remaining explanatory variables. If
the mean absolute error e1 for M1 is smaller than e0, M1 is accepted and M0 is discarded.
Otherwise, M0 is accepted. The process of variable selection is also performed on M1,
and this continues until the best model Mj is determined, where j is smaller than the
number of explanatory variables for M0.

3. Results
Herein, we compare the results of the estimation obtained from four models: (1) mul-

tiple linear-regression model using a step-wise variable selection method, (2) a kernell
regression model using all explanatory variables, (3) kernell regression model established
after variable selection, and (4) kernell regression model established after variable selec-
tion without self-declared height and weight. The multiple linear-regression model was
computed using the stepwise function of MATLAB (2022b, MathWorks Inc., Natick, MA,
USA). Training and testing for these models was conducted using five-fold cross validation.
The age of each sample was estimated by the model trained on the dataset excluding itself.
Table 2 summarizes the correlation coefficients and mean absolute errors of estimation for
the four types of models. Mean absolute error was also used in earlier studies to evaluate
the accuracy of age estimation [29–32].

Table 2. Correlation coefficient and mean absolute error between the actual and estimated ages
of the walkers. S.D. is the standard deviation among the five trials obtained through five-fold
cross validation.

Method Correlation Coefficient Absolute Error (Year)
Mean ± S.D. Mean ± S.D.

Multiple regression analysis 0.65 ± 0.014 12.9 ± 0.40
Kernel regression analysis (before variable selection) 0.65 ± 0.039 17.7 ± 0.63
Kernel regression analysis (after variable selection) 0.78 ± 0.059 9.99 ± 1.09
Kernel regression analysis (without height and weight) 0.67 ± 0.056 13.0 ± 0.97

3.1. Results of Multiple Regression Analysis

Figure 5a shows the relationship between the ages estimated by multiple regression
analysis and the actual ages of the walkers. The adjusted R2 value was 0.415. Table 3
presents the partial regression coefficients of the significant explanatory variables with
p < 0.05. Since all explanatory variables were standardized as z-scores, the coefficients
reflect their relative contributions to age estimation. The selected variables included height,
weight, mediolateral velocity of the CoM, step width, and stride length. The estimated ages
were moderately correlated with the actual ages in the dataset, with a correlation coefficient
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of 0.65. The mean absolute error was 12.9 ± 0.40 years. Estimated ages ranged from 12 to
93 years, whereas the actual ages ranged from 20 to 75 years. The maximum absolute error
was 38.3 years.
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(a) Multiple regression analysis
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(b) Kernel regression analysis with all variables
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(c) Kernel regression analysis with variable selection
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(d) Kernel regression analysis without height and weight

Figure 5. Scatter plot of actual and estimated ages of walkers by different estimation models.
(a) Multiple regression analysis. (b) Kernel regression analysis involving all the explanatory variables.
(c) Kernel regression analysis with selected variables. (d) Kernel regression analysis without height
and weight.

Table 3. Partial regression coefficients of multiple regression model.

Explanatory Height Weight Maximum Mediolateral Step Width Stride Length InterceptVariables Velocity of CoM

Coefficient −7.65 4.68 −5.61 10.87 −2.94 44.36
t-value −8.48 5.31 −4.97 9.21 −3.61 25.10
p-value <0.001 <0.001 <0.001 <0.001 <0.001 <0.001

3.2. Results of Kernel Regression Model Including All the Explanatory Variables

Figure 5b shows the scatter plot of the actual ages and those estimated by the kernel
regression model using all the gait parameters as well as height and weight as explanatory
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variables. The correlation coefficient between the estimated and actual ages was 0.65,
and the mean absolute error of age was 17.7 ± 0.63 years.

Estimated ages were between 0–77 years, whereas the actual ages of the walkers
ranged between 20–75 years. The maximum absolute error was 66.7 years.

3.3. Results of Kernel Regression Model with Selected Variables

Ages estimated via kernel regression analysis using selected variables are shown in
Figure 5c. The selected explanatory variables include weight, minimum foot clearance,
anterior velocity of the CoM, step width, and stride length, as listed in Table 4. The
estimated ages exhibited a correlation coefficient of 0.78 with the biological ages of the
people in the data set. The mean absolute error of age ± S.D. was 9.99 ± 1.09 years,
the maximum absolute error was 53.7 years, and the minimum was 0.04 years. Estimated
ages ranged between 1.5–84 years.

Table 4. Sensitivity of explanatory variables. Gradients of regression lines between the actual and
estimated ages.

Parameters Weight Minimum Foot Clearance Anterior Velocity of CoM Step Width Stride Length

Sensitivity 0.95 0.96 0.91 0.87 0.83

Estimation errors were strongly influenced by the actual ages of the participants,
with errors increasing with age. The mean absolute error for young adults (aged 20–30
years) was 7.41 years. For the middle-aged (35–50 years) and elderly (60–75 years) groups,
these values were 9.01 years and 13.06 years, respectively. An F-test revealed that the
error variance for the elderly group was significantly greater than that for the young group
(F(149, 149) = 2.19, p < 0.001). Similarly, the error variance for the elderly group exceeded
that of the middle-aged group (F(149, 74) = 2.29, p < 0.001).

3.4. Results of Kernel Regression Model Without Height and Weight

We also estimated the ages of walkers using kernel regression analysis with only the
gait parameters, excluding self-reported height and weight. As mentioned in Section 1,
our method is intended for monitoring the physical fitness of users; hence, it is reasonable
that some information is provided by the users to estimate their walking age. However,
to widen the potential applications of the age-estimation method, knowing the accuracy of
the age estimation only by gait parameters is important. As listed in Table 5, after variable
selection, six gait parameters remained as explanatory variables. The mean correlation
coefficient between the estimated and actual ages was 0.67. The mean absolute error
± S.D. was 12.97 ± 0.97 years. The lowest estimated age was below zero, −12.42 years old,
and the highest estimated age was 87.69 years old. Without the self-declared information,
the estimation accuracy of the kernel regression analysis was comparable to that of the
multiple-regression analysis with the self-declared information, as in Table 2.
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Table 5. Differences in explanatory variables by the estimation method.

Model Explanatory Variables

Kernel regression analysis Height
(before variable selection) Weight

Minimum foot clearance
Mediolateral velocity of CoM

Anterior velocity of CoM
Step width

Stride length
Cadence

Swing duration

Kernel regression analysis Weight
(after variable selection) Minimum foot clearance

Anterior velocity of CoM
Step width

Stride length

Multiple regression analysis Height
Weight

Mediolateral velocity of CoM
Step width

Stride length

Kernel regression analysis Minimum foot clearance
(excluding weight and height) Mediolateral velocity of CoM

Anterior velocity of CoM
Step width

Stride length
Swing duration

4. Discussion
As shown in Section 3, the kernel regression analysis with selected variables exhibited

an average correlation coefficient between the estimated and actual ages of 0.78, with an
absolute mean error of 9.99 years. These values were better than those of the multiple-
regression model. This suggests that nonlinear relationships between the age and gait
parameters [41] were captured by the kernel regression model.

The selected variables differed between multiple-regression analysis and kernel re-
gression analysis, as listed in Table 5. In the multiple regression analysis, the mediolateral
velocity of the CoM was included in the explanatory variables, whereas in the kernel re-
gression, anterior velocity of the CoM was included in the explanatory variables. As many
earlier studies indicated [1,3,7–9,41,51], the anterior velocity or walking speed exhibits
a negative correlation with age. In contrast, the mediolateral velocity appears to not be
correlated with age [13]. Hence, the variables selected for multiple-regression analysis are
partly not in agreement with the literature.

In the multiple-regression analysis, both height and weight are explanatory variables,
but in the kernel regression, only weight is selected as an explanatory variable. In our
dataset, the correlation coefficient between age and height was −0.38 (p < 0.001) and that
between age and weight was 0.17 (p = 0.15). Height exhibited a stronger linear relationship
with age than that of weight. However, in the kernel regression analysis, weight remained
in the explanatory variables instead of height. This suggests that weight allows us to
estimate the age in combination with other explanatory variables in a nonlinear manner.
Step width and stride length are explanatory variables in both the kernel regression and
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multiple-regression models. The stride length decreased and the step width increased
with age [1–13,41,51]; hence, both the step width and stride length can be good predictors
of age. The minimum foot clearance is used only in the kernel regression model. The
age-dependence of the minimum foot clearance appears minimal in terms of the mean
value; however, its variability depends on age [52]. Hence, the use of the minimum foot
clearance as a general parameter to estimate the age of walkers is uncertain. In summary,
the variables selected for the kernel regression model are mostly reasonable, whereas the
validity of the weight and minimum foot clearance should be studied in the future.

Cadence was not included in the explanatory variables selected for the multiple-
regression and kernel regression analyses. The relationship between cadence and age has
not been agreed upon in earlier studies [3], with some studies claiming an increase with
age [2,4] and others claiming no correlation between age and cadence [7]. Kim et al. [40]
reported that the cadence is predicted by a nonlinear function of the age, and its model
function differs between men and women. Hence, the contribution of cadence to the
estimation of the age of walkers is still debated.

When the kernel regression analysis was used to estimate the age using only the seven
gait parameters, excluding height and weight, the mean correlation coefficient between
the estimated and actual ages was 0.67. However, when weight was added to the model,
the mean correlation coefficient increased to 0.78, as listed in Table 2. This indicates that
even a minimal amount of self-declared information, such as weight, helps improve the
model accuracy. In practice, the use of such information is recommended.

As described in Section 3.3, the results indicate that age estimation errors tend to
increase with age. Interestingly, similar age-related trends in estimation accuracy have been
reported in studies employing different estimation methods [32]. We speculate that this is
largely due to greater inter-individual variability in physical abilities among older adults.
For example, Schrager et al. [51] reported increased fluctuations in walking velocity and
step length with age. Additionally, Barrett et al. [52] found that the variability in minimum
foot clearance also increases in older populations.

The age-estimation error in this study was 9.99 years on average. This value is greater
than those of other studies using camera images [29] and motion data for a sustained time
of measurement [32]. For the latter approach, the least average estimation error reached
5–7 years, utilizing outputs from multiple IMUs worn by walkers. Hence, a method
to improve estimation accuracy is the introduction of the time-series variation of gait
parameters into the model. However, in this study, each sample contained a set of gait
parameters for a single gait cycle because of the specifications of the database that we used.
The temporal variation of gait patterns are also known to pertain to fall risks (e.g., [52,53]),
and we plan to expand our study to include continuous multiple gait cycles. Another
promising approach is the use of age-class information. Li et al. [30] classified age into
five groups and used an estimation model specified to each group. The same regression
model was used for all ages in this study; thus, using different models depending on the
age reported by the individual may be beneficial.

Some earlier studies classified individuals into broad age groups—such as children,
young or middle-aged adults, and older adults [23–27]—suggesting that a two- or three-
level classification may be sufficient for certain applications, such as adaptively planning
the deployment of service resources in public facilities. For the purpose of estimating ap-
proximate age in large spaces, a mean absolute error of around 10 years may be considered
acceptable. In the context of individual healthcare awareness, it could be more meaningful
to observe how one’s walking age changes over time, such as through continuous physical
training or lifestyle improvements. In such cases, precise age estimation may be less critical
than tracking relative changes.
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The limitations and future prospects of this study are as follows. In this study, age
was estimated only for healthy women. Gender differences in gait have been reported in
previous studies [4,41,54–56]; therefore, when estimating age from gait parameters, different
models should be established for men and women. As long as the sexes are treated as
distinct groups, the framework proposed in this study is expected to remain applicable.

Furthermore, relationships between the walking age considered in this study and
physical strength are unclear. If the age of a person is estimated to be lower than their
actual age, this does not directly mean that they are in a better fitness condition than others.
Future work can investigate the correlation between the walking age of a person and their
physical strength.

Age estimation based on walking characteristics in this study is generally limited to
healthy individuals. Individuals with neuromuscular disorders or arthrosis exhibit gait
patterns that differ significantly from those of healthy individuals [57–60]. Previous studies
on walking age estimation have also excluded individuals with such conditions. Estimating
the age of people with physical impairments is particularly challenging, as the variations
in their gait are primarily driven by the specific nature of their disorders. Therefore,
the approach proposed in this study is unlikely to generalize to pathological gait patterns
without substantial modification, as such patterns are shaped more by the underlying
condition than by chronological age.

Another challenge in applying the proposed method to practical, everyday use is
accounting for footwear conditions. Footwear has been shown to influence gait patterns [61],
and it remains uncertain whether a single model can adequately handle gait data collected
under both barefoot and shod conditions.

The samples in the database were imbalanced across age groups, with a greater number
of younger and older participants compared to those in middle age. As a result, the model
may have been biased toward achieving higher accuracy in the younger and older age
groups than in the middle-aged group. Furthermore, this study did not involve protocol
pre-registration, as it was based on a secondary analysis of an existing dataset. This limits
the transparency of the research process and may increase the risk of post hoc decisions,
such as selective reporting or outcome switching.

Since the proposed method is trained on a large number of straight-line walking
samples, it can be applied in daily life by extracting segments that involve straight-line
walking. In real-world scenarios, age estimation would likely be most practical using an en-
semble of available sensor data, including both camera-based and IMU-based information.
Several earlier studies have proposed placing IMUs in shoe soles for practical implementa-
tion [62,63], making this a promising first option. Notably, image-based motion sensing has
often demonstrated superior accuracy compared to IMU-based approaches [42]; therefore,
a complementary use of both modalities may offer enhanced performance and robustness.

5. Conclusions
This study demonstrated that a person’s chronological age can be estimated using

a set of representative gait parameters—such as step width, stride length, and anterior
CoM velocity—along with self-reported height and weight. In contrast to prior studies
that relied on temporally successive gait images or full time-series signals from IMUs, our
approach focused on interpretable biomechanical features, allowing us to draw on a wide
range of existing gait research for feature selection and interpretation.

Using kernel regression combined with a sensitivity-based variable selection method,
we achieved a correlation coefficient of 0.78 and a mean absolute error of 9.99 years between
the estimated and actual ages. This result may represent an upper bound on the achievable
accuracy of age estimation using the proposed approach, especially considering that many
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previous studies have focused only on classifying individuals into broad age groups. These
findings suggest that gait parameters contain sufficient information to enable practical age
estimation and may offer a valuable means for long-term monitoring of functional aging.

The selected explanatory variables included step width, stride length, and anterior ve-
locity, as they differ between different age groups [1–13,41]. Many of these gait parameters
can be estimated using inertial measurement units (IMUs) worn on the body, making the
proposed estimation model potentially useful for assessing an individual’s health status
based on their gait in daily life. However, accurately capturing certain parameters, such
as minimum foot clearance, may require multiple IMUs, which could limit the practical-
ity and convenience of the approach. Moreover, the model was trained exclusively on
healthy female participants, and its generalizability to other populations—including males,
individuals with gait impairments, and diverse ethnic groups—remains to be explored.

Future work will aim to improve the model’s estimation accuracy and test its applica-
bility to broader demographic groups. We also plan to investigate the relationship between
the estimated walking age and other indicators of physical function or frailty, to assess the
clinical or practical relevance of the proposed method.
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