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Abstract: Efficient classification of body position is crucial for monitoring infants ‘motor development. It may
fast-track the early detection of developmental issues related not only to the acquisition of motor milestones but
also to postural stability and movement patterns. In turn, this may facilitate and enhance opportunities for early
intervention that are crucial for promoting healthy growth and development. Manual classification of human
body position based on video recordings is labour-intensive, leading to the adoption of Inertial Motion Unit
(IMU) sensors. IMUs measure acceleration, angular velocity, and magnetic field intensity, enabling automated
classification of body position. Many research teams are currently employing supervised machine learning
classifiers that utilise hand-crafted features for data segment classification. In this study, we used a longitudinal
dataset of IMU recordings made in the lab in three different play activities of infants aged 4-12 months. The
classification was conducted based on manually annotated video recordings. We found superior performance of
the CatBoost Classifier over the Random Forest Classifier in the task of classifying five positions based on IMU
sensor data from infants, yielding excellent classification accuracy of Supine (97.7%), Sitting (93.5%) and Prone
(89.9%) position. Moreover, using data ablation experiments and analysing the SHAP values, the study assessed
the importance of various groups of features from both time and frequency domains. The results highlight that
both accelerometer and magnetometer data, especially their statistical characteristics, are critical contributors to
improving the accuracy of body position classification.

Keywords: inertial motion sensors; human activity recognition; explainable machine learning

1. Introduction

Recent advances in wearable sensor technology have significantly enhanced our ability to
monitor and analyse infant movement with unprecedented precision in unsupervised environments.
These developments offer valuable insights into physical development and motor skills during
infancy [1] and their potential effects on cognitive development [2]. The integration of accelerometers,
gyroscopes, and magnetometers has enabled a detailed examination of physical activities and motor
skills, providing a better understanding of developmental changes in movement patterns and body
positions.

Pioneering work by Bouten et al. [3] laid the groundwork by developing a device that combined
a triaxial accelerometer with a data processing unit to measure body accelerations. This early work
demonstrated the potential of accelerometers for capturing a broad range of physical activities. Najafi
et al. [4] advanced the field by incorporating gyroscopes to monitor postural transitions, which
facilitated the use of Inertial Motion Units (IMUs) in various applications, including fall detection
[5,6], stair activity monitoring [7,8], and non-invasive physical movement monitoring using magnetic
and inertial measurement units [9]. Additionally, IMUs have been employed for detailed gait analysis
with integrated sensors [10]. Accelerometers are effective in capturing a range of movements, from
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walking and running to more subtle activities, while gyroscopes measure rotational movements
essential for understanding body dynamics. They offer a comprehensive view of body orientation
and movement dynamics when used in conjunction with magnetometers. Recent advancements in
sensor technology and classification algorithms have further improved their application in both adult
and paediatric research. Studies [11,12] have successfully classified different types of movement
using accelerometer and gyroscope data. For instance, research by Franchak et al. [13] demonstrated
the classification of multiple body positions in infants, showing that it is viable to identify and
categorise them based on sensor data.

In recent years, machine learning techniques have been increasingly applied to classify
movement and body positions. Algorithms such as Support Vector Machines (SVMs)[15], Random
Forests [13,15], and Convolutional Neural Networks (CNNs) [16,17] have shown promise in
enhancing classification accuracy. For example, infant studies have used SVMs to achieve
classification accuracies above 90% for activities like walking, running, and sitting [16,18]. However,
these techniques, especially CNNs, often require large datasets and extensive training periods,
which can limit their applicability in real-time or unsupervised environments.

Signal segmentation is a crucial stage in the process of classifying body position. Current
research limitations include reliance on extended activity windows for classification, which may not
accurately reflect real-time changes in body position. The length of activity windows used in position
classification varies significantly, ranging from short intervals of approximately 0.1 seconds [19,20]
to longer windows exceeding 8 seconds [21,22], depending on the number and placement of
accelerometers and the specific activity being monitored. To capture movement dynamics, data can
be partitioned into segments using activity-defined windows [23], event-defined windows [24], or
sliding windows, which is the most commonly applied technique. While overlapping adjacent
windows are sometimes acceptable for specific applications, they are less commonly employed [13].
Additionally, variations in sensor placement and calibration can introduce noise and affect data
consistency.

To address these limitations, our study aimed to develop an automatic system for classifying
infants ’body positions using data collected from accelerometers, magnetometers, and gyroscopes
during three different brief activity windows. Each infant took part in play activities with the
caregiver typical for their age range (book-sharing, playing with toys and rattle-shaking). These
activities allowed us to sample different kinds of movements and spontaneous changes in body
position under semi-naturalistic conditions. This approach was designed to provide more granular
and accurate results than previous studies. Using data from an existing longitudinal study of infants
aged 4-12 months [25], we aimed to offer a more precise and practical method for monitoring and
analysing infants ‘'motor development.

In addition to classifying body position, it is essential to explore the importance of different
features within the IMU data and how each contributes to the accuracy of the classification. By
utilising the established characteristics of the signal, we can designate feature groups through
methods from the time-frequency domain [26,27], statistical analyses [13], or heuristic strategies [28].
By identifying which feature groups—such as signal variability, movement frequency, or the
dependency between sensors—are most influential in distinguishing various positions, we can gain
deeper insight into motor development. For instance, variations in signal frequency may be critical
for differentiating crawling from walking, as each activity exhibits distinct movement patterns and
characteristics. Understanding these differences can help us better interpret the mechanics of motor
development in infants.

This analysis of feature importance not only enhances the interpretability of our model but also
aids in selecting a tailored subset of features specifically designed for the activities we are focusing
on. This optimises both the number and placement of sensors used, thereby improving classification
algorithms. Furthermore, by identifying key features, we can extract them from different datasets to
better understand how these datasets vary —a point we will explore further in the discussion.

In a recent review [29], various machine-learning methods were evaluated for their accuracy in
position classification. For example, Supine shows accuracy rates between 87-97%, while Prone
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ranges from 67-98%, and activities such as pivoting and crawling commando show lower accuracies
of 62-66% and 60%, respectively. Upright positions, including standing, walking, and running,
exhibit a wide accuracy range from 9-100%.

However, these comparisons are problematic due to several factors. Differences in datasets,
including variations in sample size, sensor types, and environmental conditions, significantly affect
results. Additionally, the models used vary, skewing direct performance comparisons. Inconsistent
sets of positions and participant age ranges across studies further complicate the reliability of these
comparisons.

To address these challenges, we will explore the implications of dataset variability and model
differences in our analysis.

2. Materials and Methods
2.1. Experimental Design

Data were collected from a longitudinal study of infant-caregiver dyads at four time points
corresponding to the infants' chronological ages of 4, 6, 9, and 12 months.

Families were briefed and provided informed consent upon arrival at the laboratory, where
interactions were recorded in a carpeted play area. Infants and caregivers were fitted with motion
sensors and head cameras, though their data are not reported here.

Each visit involved 6-7 activities, conducted in randomised order, with toys differing between
younger (4-6 months) and older infants (9-12 months). This analysis focuses on three play activities:
book-sharing, rattles, and an object play task (“manipulative task”), each lasting about 5 minutes (see
Table 1).

Table 1. Toy sets in three activities (tasks) used in this study. The first row shows toys for infants

aged 4 and 6 months, and the second row for infants aged 9 and 12 months. Photos are provided

courtesy of the Neurocognitive Development Lab (Babylab) at the Institute of Psychology, Polish
Academy of Sciences.

Time Point Book-sharing Manipulative Rattles

4-6
months

9-12
months

The toy sets varied between the older and younger age groups to ensure a similar level of interest
and alignment with their cognitive and motor skills. The dyads had full autonomy in their use of the
toys, moved freely around the room and did not receive any specific instructions with respect to how
to structure the activity or which body position to take. Interactions were captured using three
remote-controlled HD CCTV (Axis, Inc.) cameras and a high-grade cardioid microphone (Sennheiser
€914 [30]) for synchronised audio-video recording.

2.1.1. Participants

A total of 104 infant-parent dyads participated in the study. Of these, 48 provided data at all four
time points, while 83 missed one visit, primarily due to COVID-19 restrictions (see Table 2). We
included in the analysis only 301 visits with manually annotated body positions. The mean ages of


https://doi.org/10.20944/preprints202410.1387.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 October 2024

doi:10.20944/preprints202410.1387.v1

each time point were: 4 months (ranges from 3.9 to 5.2 months), 6 months (ranges from 6 to 7.8
months), 9 months (ranges from 8.2 to 10.2 months), and 12 months (ranges from 11 to 14.5 months).
For additional details, refer to Table 2.

Table 2. The number of visits from infants participating at each age point during the selected task.

Each infant could only contribute data once at each specific age and activity. The unique

contribution of each infant at a given age prevents any overlap or duplication in the data.

Rattles Book-sharing Manipulative
M
ea
Me
an a
M SE SE SE
Time azraen No. | ag No. | ge No.
Point [mont [mont V:SSI [fn [mont thsl r£1 [mont VISSI
hs] hs] hs] hs]
ont o
hs] nt
hs
]
4
4.3 4.
month | 4.36 0.29 61 6 0.28 63 35 0.28 65
s
6
6.6 6.
month | 6.59 0.40 74 1 0.39 76 61 0.40 72
s
9
9.0 9.
month |9.06 0.35 71 8 0.35 70 06 0.35 72
s
12 1 12
month |12.14  0.52 73 16‘ 0.51 72 .1 053 69
s 3

2.1.2. Equipment

Infants' and caregivers' body movements were recorded at 60 Hz using wearable motion trackers
(MTw Awinda, Xsens Technologies B.V. [31, 32]), which were wirelessly connected to an MTw
Awinda receiver station (Xsens Technologies B.V.) and synchronised in real-time with MT Manager
software (Xsens Technologies B.V.). These are advanced devices that measure acceleration, angular
velocity, and magnetic field strength. A total of 12 sensors were used, with two sensors placed on
each of the infants' arms, legs, head, and torso, as well as two sensors on the caregivers' arms, head,
and torso. However, this paper focuses solely on data from three pairs of sensors placed on the
infants' legs, torso and arms (see Figure 1). The sensor placed on the head of the infant was removed
often, resulting in its exclusion from the analysis.

A comprehensive description of the sensors' operation can be found in [33].
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Figure 1. Placement of all sensors on the infant and caregiver. The Developmental Neurocognition
Laboratory Babylab provided the photos at the Institute of Psychology, Polish Academy of Sciences,
with written consent from the caregiver for publication.

2.1.3. Coding of Infant Position

The infants ’body positions were manually annotated in ELAN 6.3 based on position protocol.
Each video was viewed at 1x speed to identify episodes of postural changes, with the precise onset
and offset times annotated frame-by-frame. Positions were classified based on the period between
the first and last frames in which the infant was observed in that particular position according to
definitions (see Table 3), adapted from Thurman & Corbetta [34]. Transition periods between
positions were not assigned to any specific positions.

Table 3. Manually annotated static body positions, including their corresponding annotations and
formal definitions.

Static
. Annotated Position Definition
Position
The infant is on their hands and knees or feet with
their stomach lifted off the ground and is not
hands and knees moving. Alternately, the infant is on two knees or
Hands&Kn feet and one hand, with the other hand used to
ees interact with an object.
. The infant moves on their hands and knees with
crawling .
their stomach off the ground.
The infant is lying prone and rotating or turning in
pivoting a small area on the floor without moving forward
Prone or backwards.

prone The infant is lying flat on their stomach.
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side lying

belly crawling

The infant is lying on their side with their torso
oriented sideways.

The infant moves forward by sliding their belly
along the ground.

Sitting

supported sitting
by the caregiver

supported sitting
using own hands as
support

independent sitting

The infant sits upright on their bottom with their
back supported by the caregiver, and their legs
either extended in front or folded beneath them.

The infant is sitting on their bottom, leaning to one
side with the support of their arm, and their legs
extended in front or to the side.

The infant sits Upright on their bottom with their
legs in front or folded beneath them, without
leaning on any external support.

Supine

supine

The infant is lying flat on their back.

Upright

supported stand

standing upright

walking

supported walking

The infant is standing upright with straight legs
and feet on the floor while being supported by the
caregiver and not moving.

The infant is standing upright with straight legs
and feet on the floor but is not moving.

The infant is moving upright with legs straight and
feet on the floor.

The infant walks upright with legs straight and feet
on the floor, supported by the caregivers hands.

In the set of 14 annotated body positions, positions were divided into two categories: dynamic
positions (such as walking or crawling) and static positions (such as lying down or standing). The
dynamic positions were then mapped to their corresponding static positions, resulting in 5 distinct
classes. These five classes were used for training the classifiers. The names of these classes and their
corresponding positions are listed in Table 3. Figure 2 depicts the prevalence of different positions
across time points.

doi:10.20944/preprints202410.1387.v1
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Figure 2. Percentage of total visit duration spent in various positions for each infant at the 4, 6, 9 and
12-month time points. The numbers in brackets at the bottom of each plot indicate the number of
infants that did not show a given position at a given time point. These plots illustrate changes in the
distribution of postural behaviours as infants develop their gross motor skills over time.

2.2. Data Pre-Processing

The IMU sensor data, collected from an infant's arms, torso and ankles, was processed using
custom MATLAB scripts (MathWorks, 2019). Figure 3 illustrates sensor readings and manually
assigned postural positions.

Transition =~ — Sitting Hands&Knees Prone Upright

Annotated positions 7 [ |

Accelerometer data

Gyroscope data

Magnetometer data

150 160 170 180 190 200
Time [s]
Figure 3. Illustration of sensor readings from tri-axial accelerometer, gyroscope, and magnetometer
positioned on the left leg of a 12-month-old infant. The data is displayed across three axes (X, Y, Z)

for each sensor type, showing variations in movement patterns associated with different body
positions.
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The analysis focused on the accelerometer, gyroscope, and magnetometer signals. The IMU
tracking system, which measures user orientation wirelessly via WiFi, occasionally faced connectivity
issues that resulted in data gaps. These gaps were primarily due to the IMU sensors' internal
characteristics and automatic changes in the sampling rate from 60 Hz to 40 Hz. To ensure the time
series data remained consistent, missing values were interpolated using the 'spline’ method with
MATLAB's interp1 function (MathWorks, 2019). Additionally, when a lower sampling rate of 40 Hz
was identified, the signal was resampled to 60 Hz using MATLAB's resample function. To mitigate
artifacts stemming from instances where the infant displaced the sensor and was stationary on the
ground, the acceleration magnitude variance was computed in 0.1-second windows. Data signals
with variance below le—6 m/s? were identified as artifacts and subsequently excluded from the
analysis. The dataset consisted of sensor readings from accelerometers (Acc), gyroscopes (Gyro), and
magnetometers (Mag) (see Table 4). From accelerometers, the data encompassed primary
accelerations for 6 locations and three orthogonal axes. Subsequently, accelerometer data was High-
and Low-Pass filtered (HP and LP). The resulting AC and DC acceleration data groups were
integrated with the original sensor data. Additionally, the magnitudes (euclidean norms) of both the
original and newly derived acceleration sensor data were included in the analysis.

Table 4. List of abbreviations used for signals and features.

Signal Abbr.
Accelerometer Acc
Magnetometer Mag
Gyroscope Gyro
Euclidean Norm Norm
High-Pass Filtered HP
Low-Pass Filtered LP

3 separate signals from the X, Y, and Z axis XY, Z
of the chosen device/modality Mag, Gyro or

Acc

Gyroscopes provided primary angular velocity values, and magnetometers contributed primary
magnetic field strength values to the dataset. Initially, signals were selected for further analysis,
considering using various toys to engage infants. Despite being in the same body position,
movements during play with different toys, both within and across tasks, varied significantly. The
hands emerged as a major source of signal variability across tasks, leading to the exclusion of hand
sensor data in subsequent analyses. For details on all signals, see Appendix A, Section 2.

2.2.1. Synchronisation of Movement and Audio-Video Data

At the beginning of each task, the caregiver was instructed to clap five times to provide an
audible synchronisation cue to align annotations with the IMU sensors. Subsequently, all claps were
manually annotated using both audio and video data, which had been pre-synchronised. Next, the
signal representing the Euclidean norm of the three-dimensional acceleration vector of caregiver’s
arm IMUs was calculated using Equation Al. Then, the delay between the signal and audio
annotations was calculated based on the caregiver ‘claps detected in averaged Acc wearable signals
from both hands and applied to synchronise the signals from IMU sensors to the audio-video stream.

2.3. Class Selection and Parameter Extraction

2.3.1. Identifying Relevant Classes
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In the dataset comprising 14 classes, as determined by annotators coding video recordings from
the study, body positions were categorised into dynamic (e.g., walking, crawling) and static (e.g.,
lying, standing) subsets. A subsequent mapping process combined dynamic positions with their
corresponding static counterparts, resulting in a refined set of 5 classes for classifier training.

2.3.2. Extracting Features and Composition of Feature Groups

To extract parameters, IMU signals were analysed using 2-second sliding windows with a 1-
second overlap between consecutive windows. Each window was examined only if at least 75% of its
samples were consistently assigned the same position label. Figure 4 illustrates the process of
analysing these overlapping windows using a manually annotated data segment.

1s overlap 2s Transition
—_ Upright
. Prone
I supine [
Hands&Knees

. Sitting |

Time [s]

Figure 4. Sliding windows of 2 seconds with a 1-second overlap, showing assigned position
fragments. Blue windows represent the Supine class, and teal windows indicate the Prone class.
Windows, where less than 75% of samples are consistently assigned the same position label, were not

assigned to any class.

The features extracted from IMU sensors are categorised into five main groups (see Table 4 for
abbreviations used in Figure 5), each offering unique insights into the data. Frequency-domain
Features encompass properties: energy, entropy, centroid, bandwidth, and maximal frequency to
capture the fundamental signal properties. The remaining features are calculated in the time domain.
Statistical Features describe the data distribution, including metrics: mean, standard deviation,
median, skewness, kurtosis, and key quantiles, along with minimum and maximum values.
Summary Features provide aggregated information by summing data across axes and locations.
Difference Features highlight variations within the data by calculating mean differences between axes
and locations. Finally, Correlations examine the relationships between different features to reveal
their interactions and dependencies.

To enhance the model's ability to infer orientation, we combined Roll and Pitch features [35,36]
with the low-pass filtered accelerometer signal. These features provide detailed information on the
device's tilt and angular position, significantly influencing position classification. Integrating these
specific features allows the model to capture subtle variations in orientation that may be crucial for
distinguishing between different positions.

These feature groups collectively offer insights into the relationships and significance of various
IMU signal properties in position classification tasks using IMU sensor data. The complete list of
features and their formulas can be found in Appendix A, Section 3.
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Trunk & Legs
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l

HP Norm ||LP Norm Norm I HP (XYZ) HLP (XYZ) ‘ Roll ‘ [ Pitch HHP Norm || LP Norm |

_ Frequency Sums Differences

Mean Energy Means of the sums across Means of the di Cc ions between
Standard Deviation Entropy all locations and all axes between each pair of each pair of locations

Median Centroid (signals with X, Y, Z) locations and axes across and axes (signals
Skew Bandwidth (signals with X, Y, Z) with X, Y, Z)
Kurtosis Maximal frequency

Minimum value
Maximum value
25th Quantile
75th Quantile

Figure 5. Composition of feature groups. Five distinct feature groups were extracted from each type
of signal, including XYZ signals.

2.4. Classifier Selection

In this study, we chose two different types of classifiers for body position classification from
IMU sensor data. The first classifier is Random Forest (RF), commonly used in IMU-based position
studies (e.g., [13,37,38,39]) as a standard model and thus serves as a reference. The Random Forest
algorithm is an ensemble method that constructs multiple decision trees, where the variability of
individual tree predictions is reduced by introducing randomness during the classifier construction.
This randomness is achieved through bootstrapping the training set and selecting a random subset
of features at each split within the trees. The final prediction of the ensemble is obtained by averaging
the predictions of the individual trees. In this work, we utilised the RandomForestClassifier
implementation from the scikit-learn library [40] with the following parameters: [n_estimators=1000,
max_depth=6, class_weight="balanced'].

The second classifier we used is a gradient-boosted model, specifically the CatBoostClassifier
from the CatBoost library [41]. This model constructs multiple shallow decision trees, iteratively
fitting each tree to the residual errors of the preceding trees. To further reduce the risk of overfitting,
the CatBoost algorithm randomly shuffles the features at each tree level. The tree predictions are then
aggregated to enhance classification accuracy and improve the model’s generalisation capabilities.
Gradient-boosted classifiers like CatBoost have shown superior performance in various datasets,
especially in bioinformatics applications, as noted by Olson et al. [42].

2.5. Classifier Performance Evaluation

The models were trained in a 5-fold cross-validation procedure (see Figure 6) to estimate their
average performance and standard error. Folds were constructed so that recordings from a given
infant are only in one fold to prevent data leakage.
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Figure 6. Visual representation of train-test splitting and 5-fold cross-validation techniques for
assessing model performance and optimising hyperparameters.

We evaluated our models utilising the F1 score as it is one of the most popular methods and
considers both precision and recall as a harmonic mean. F1 score reaches its best value at 1 and worst
score at 0. The relative contribution of precision and recall to the F1 score are equal. In the multiclass
problem at hand, we evaluated the F1 score, treating our data as a collection of binary problems, one
for each position vs other positions.

The confusion matrix displays the counts of correct classification (on the diagonal) and miss-
classifications (off-diagonal). Analysing these values allows for a detailed assessment of the model’s
performance, revealing its strengths and weaknesses in classifying instances of various classes. This
breakdown provides additional insight beyond the F1 score, offering a more transparent and more
nuanced understanding of the model’s classification behaviour and biases.

2.6. Importance of Different Features Groups
2.6.1. Ablation Experiments

The importance of feature groups was evaluated using ablation experiments and F1 score
analysis. We performed two types of ablation experiments: in the first, individual feature groups were
removed, and in the second, models were trained using only one specific feature group at a time. For
both experiments, we assessed the impact on model performance by analysing the resulting changes
in the F1 score values.

2.6.2. SHAP Values

To assess feature group importance, we utilised SHAP (SHapley Additive exPlanations) values,
which offer a game-theoretic approach to explain machine learning model outputs. SHAP values
reveal how each feature influences predictions, their relative significance, and the interplay between
features.

We used TreeExplainer from the SHAP library [43] and evaluated feature importance through
mean and sum of ISHAP| values (of absolute values), where the averaging or summation was
performed within feature groups of a given signal (Fig. 1). Mean |ISHAP| values show the average
contribution of each feature across different folds, helping us understand their general impact and
compare their relative importance. This method also highlights feature stability and provides insights
into uncertainty through associated error measurements.

On the other hand, the sum of ISHAP! values captures the total contribution of each feature
group across all folds, reflecting the aggregate impact of features on model predictions. This approach
allows us to assess the cumulative influence of feature groups and compare their overall effects. While
it doesn't directly reveal feature interactions, it highlights which feature groups have the most
significant total impact.
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2.7. Correlation between Annotated and Predicted Time in Position

To assess how accurately the model's predictions align with the true annotated data, we
examined the correlation between annotated and predicted time for a position. For each position, we
calculated the temporal sums of windows labelled and assigned by the classifier to it. Then, they were
divided by the overall time of the respective study and multiplied by 100 to obtain the percentage
share of a given position in the entire study. A high correlation within position indicates that the
model effectively captures the time spent in different positions, which is crucial for tasks such as
position monitoring and assessment.

3. Results
3.1. Classifier Comparison
3.1.1. Sensor Placement and Classifier Comparison

Figure 7 shows the results of a comparison of three CatBoost and Random Forest classifiers, each
trained and evaluated at various combinations of sensor data. CatBoost consistently demonstrated
superior performance compared to Random Forest across all three models: Trunk, Trunk & Legs, and
Trunk, Legs & Arms. The F1 scores, averaged over five folds, clearly indicate that CatBoost
outperforms the Random Forest algorithm in every position analysed. This consistent advantage
suggests that CatBoost's ability to handle categorical features and its robust gradient-boosting
framework contribute significantly to its effectiveness in this context.

Sensor placement is pivotal for effective position classification. Our findings indicate that the
optimal configuration involves using sensors on the trunk and legs, which yields the highest F1
scores. This result may be largely attributed to the engagement of the hands in object-related actions.
As expected, relying solely on trunk sensors results in reduced F1 scores but still gives acceptable
accuracy. Notably, incorporating sensors on the arms does not enhance accuracy when combined
with trunk and leg sensors. As illustrated in Figure 7, the averaged F1 scores across five folds
demonstrate that the Trunk and Legs configuration outperforms others, while the addition of arm
sensors provides no discernible advantage.

Taking the above results into account further, we will focus on analysing the CatBoost models
with Trunk & Legs sensors as input analysis.
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Figure 7. Comparison of F1 values averaged across five folds for pairs of sensors placed on Trunk,
Trunk & Legs, and Trunk, Legs & Arms for CatBoost and Random Forest.

3.2. CatBoost Performance Evaluation: Trunk & Legs
3.2.1. Confusion Matrices

The confusion matrix (Figure 8) reveals that the model excels at predicting Supine and Sitting
positions, with both categories achieving over 90% accuracy—a performance that highlights the

model's reliability. Notably, Sitting is identified accurately most frequently, although it occasionally
gets misclassified as Hands&Knees and Prone.
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Predictions for Upright are also highly accurate, with minimal misclassification into other
categories. However, the model demonstrates less accuracy for the Prone position, which is often
misclassified as Sitting and Supine.

In contrast, the Hands&Knees position shows moderate accuracy, but it is frequently confused
with Sitting and Prone. This trend suggests that the least stable position generates the most errors,
which aligns with expectations, as it tends to transition into movement or shift to a more stable

position.
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Figure 8. A confusion matrix was obtained based on the predictions of CatBoost classifiers trained on
the combined set of parameters for two pairs of sensors: Trunk & Legs. The percentage of actual
classifications is displayed at the top, with average counts across the five folds and their standard
error included in parentheses. The colour scale corresponds to the percentage of the actual position,
providing a visual representation of classification accuracy.

3.2.2. Ablation experiments

The results presented in this section reflect the percentage change in model performance during
two types of ablation experiments using CatBoost to observe the effect on classification accuracy for
various infant positions: Sitting, Upright, Supine, Prone, and Hands&Knees and with different
feature groups, including Statistical, Frequency, Summary, Difference, and Correlation.

One Feature Group at a Time vs All Feature Groups

The results depicted in Figure 9 reveal how the performance of a model, measured through F1
scores, changes when using only one feature group at a time compared to a model using all available
features.

For Statistical features, the differences are relatively small, with the model showing slight
improvements or declines depending on the position. The upright position, in particular, shows a
modest increase, while other positions experience minor decreases or nearly no change.

In contrast, using only Frequency features consistently leads to a drop in F1 scores across all
positions. The model performs significantly worse when only frequency-related features are used,
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particularly for more complex positions like Hands&Knees or Supine. That suggests that frequency
information alone cannot capture the full complexity of these positions.

The Summary features follow a similar trend as Frequency features, with a negative impact on
performance, though the changes are not as drastic as those seen for Frequency features. Positions
like Supine and Prone are particularly affected, where the model struggles to maintain accuracy when
relying solely on summary data.

Restricting the input to Difference features produces some of the most significant declines in
performance, especially for challenging positions like Hands&Knees. That indicates that the
Difference-based features, though valuable in some contexts, may not capture the full scope of the
data needed to classify positions accurately.

Finally, limiting the input solely to the Correlation features shows a consistent negative impact
across all positions, with Upright and Hands&Knees again standing out as the most affected. The
reliance on correlation alone seems insufficient to maintain high performance, suggesting that it plays
a supplementary rather than a primary role in body position classification.
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Figure 9. F1 score change for Catboost models using only one feature group at a time relative to models
using all feature groups for two pairs of sensors: Trunk & Legs.

Excluding a Single Feature Group

For the Sitting position, omitting Statistical features leads to a slight reduction in the F1 score,
while excluding Frequency has minimal impact. Notably, removing the Summary results in a
noticeable decline, whereas omitting the Difference yields a marginal improvement.

In the Upright position, excluding Statistical and Frequency features significantly lowers the F1
score, with Summary causing a considerable drop. Conversely, omitting Difference enhances the
score.

For the Supine position, excluding Statistical features results in a marked reduction, while
removing the Summary leads to an improvement. The impact of omitting other features is minimal.

In the Prone position, excluding Statistical features causes a moderate drop, while the absence
of Frequency provides a slight improvement. The Summary removal results in a small gain.
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Finally, for the Hands & Knees position, excluding Statistical features leads to a significant drop,
with Frequency also causing a considerable decrease. However, omitting Difference slightly enhances

the score.

Opverall, the most notable impacts arise from the exclusion of Statistical and Summary features

across various positions.
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Figure 10. F1 score change for models excluding one feature group at a time relative to the CatBoost
model using all feature groups for two pairs of sensors: Trunk & Legs.

3.2.3. SHAP Values

The analysis of SHAP values reveals a compelling hierarchy in the influence of various feature
groups on the model's predictions. Statistical features emerge as the most important, commanding
the highest total ISHAPI values. This finding underscores their dominant role in shaping model
outcomes. Difference features follow closely, contributing significantly, though to a somewhat lesser
extent.

Alternatively, the Correlation and Summary features exhibit a more subdued influence, while
the Frequency group ranks lowest in impact. When considering sensor contributions, accelerometer
signals are the most critical, playing a pivotal role in enhancing model performance, followed closely
by the magnetometer signals. On the other hand, gyroscope signals contribute the least to the model's
predictive capacity.

The distribution pattern of the most significant sum of ISHAP| values remains consistent across
all examined positions. The most pronounced influence is observed in the low-pass filtered data from
the accelerometer’s Statistical features. For further details, refer to Figure 11.
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Figure 11. The sum of ISHAP| values across five folds illustrates the features with the highest total
impact on the model, categorised by different signals and features. This figure highlights the most
influential features in the model’s predictions, with larger sum ISHAP| values indicating a more
significant impact.

Mean ISHAP| values (see Figure 12) serve as a valuable tool for comparing the typical effects of
features, especially given the varying sizes of feature groups. The signals from Pitch and Roll emerge
as significant, particularly when combined with Difference, Statistical, and Summary features.

Notably, similar to the pattern observed with summed ISHAP| values, the distribution of the
most significant mean |ISHAP| values remains consistent across all examined positions. The
combination of Pitch and Summary features exhibits the strongest influence, underscoring their
critical role in enhancing the model's overall performance.
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Figure 12. Mean |SHAP| values across five folds illustrate the features with the highest impact on the
model, categorised by different signals and features. Presented values are multiplied by 1e5 for clarity.
This figure highlights the most influential features in the model’s predictions, with elevated SHAP
values indicating a more significant impact.

3.2.4. Correlation between Manually Annotated and Predicted Time in a Given Body Position

In Figure 13, we illustrated the correlation between the annotated, actual, and predicted time
spent in five distinct positions across study sessions for five positions. The strongest correlations
occur for Supine (r = .99) and Sitting (r = .93). Prone and Upright also exhibit very high correlations
(both r = .92). The lowest predicted time spent in a single position is for Hands and Knees, with a
correlation of r =.76.

Among the three activities (tasks), the weakest correlation is for the Manipulative task,
followed by the Book-sharing task. In contrast, the Rattles task (r ranges from .89to .99)
demonstrates the most accurate predictions for time spent in each position using CatBoost. Notably,
Rattles is the only task that contributed data from all four time points, providing the most
comprehensive dataset to fit correlations between annotated data and machine learning predictions.
However, it is essential to note that not all tasks and time points are accompanied by corresponding
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Figure 13. Illustration of the correlation between the annotated (actual) and predicted
time spent in five distinct positions across study sessions. The x-axis represents the real
percentage of time spent in each position, while the y-axis shows the corresponding
predicted percentage. Each point in the plot corresponds to a specific infant in a position
during one study session, with a line of best fit illustrating the correlation between the real
and predicted values. The closer the points align with the line, the more accurate the
predictions. Based on the CatBoost model for two pairs of sensors, Trunk & Legs.

4. Discussion

In this study, we developed an automatic system for classifying infants ’body positions during
naturalistic interactions with caregivers across the first year of life using data collected with Inertial
Motion Units consisting of accelerometers, magnetometers, and gyroscopes. The classification was
conducted on the basis of manually annotated video recordings. The body position classification from
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IMU sensor data was conducted using two different types of classifiers: Random Forest Classifier and
CatBoost Classifier.

We adopted an approach that employs 2-second activity windows with a 1-second overlap, as
recommended by Banos et al. [44], which is relatively short compared to other studies [29]. This
methodology enhances the accuracy of our results. We evaluated our classifier using three pairs of
sensors placed on different body parts: Trunk, Legs, and Arms. Initially, we tested these sensor pairs,
and subsequently, we analysed how different configurations of sensor pairs influenced classification
accuracy using the following subsets: Trunk, Trunk & Legs, and Trunk, Legs, & Arms. The most
promising results came from the Trunk & Legs configuration, likely due to the involvement of arms
in task-related activities and object manipulation, regardless of the body position.

Although Random Forest is a well-established classification method, the superior performance
of CatBoost in this study highlights the advantages of leveraging advanced algorithms that can better
capture complex relationships in the data. CatBoost's ability to handle nonlinear interactions between
features made it better suited for this task, especially in capturing subtle distinctions across positions.
This comparison highlights the potential of more sophisticated models to improve classification
accuracy.

One of our key goals was to understand which parameters or feature groups contribute most to
accurate position classification. Our findings indicate that certain feature groups are more effective
at capturing specific positions. However, the model performs best when all feature groups are used
together, highlighting that combining different types of hand-crafted features is essential for
achieving optimal accuracy across various positions. Excluding features such as Difference,
Frequency, and Correlation significantly impacts the classification of Prone and Supine. Interestingly,
although Hands&Knees is a more dynamic position than Prone and Supine, the removal of these
features still negatively affects its classification. Statistical and Summary features have a smaller
impact, primarily influencing stable positions like Sitting and Upright. Exclusions of feature groups
affect F1 scores differently across positions. The Upright position, which requires the most features,
is particularly susceptible to exclusions, showing notable performance drops when omitting
Statistical and Frequency features. Removing the Summary feature generally leads to a significant
decrease in performance, while excluding Difference features often results in modest improvements.
The absence of Correlation features typically causes a slight decline.

The analysis of ISHAP| values reveals a clear hierarchy among feature groups, with statistical
features emerging as the most influential in shaping model predictions. Their high total sum |SHAP|
values indicate a dominant role in model performance, closely followed by Difference features. In
contrast, Correlation and Summary features contribute less, while the Frequency group has the least
impact.

Among sensor contributions, accelerometer signals prove to be the most critical for enhancing
model accuracy, with magnetometer signals also playing a role. Gyroscope signals, however,
contribute minimally to predictive capacity. The distribution pattern of the most significant summed
ISHAP| values remains consistent across all examined positions, particularly highlighting the strong
influence of low-pass filtered data from the accelerometer's statistical features. Focusing on static
position is particularly important in contexts where infants maintain specific positions to manipulate
objects effectively in task-oriented experiments. However, when distinguishing between dynamic
positions, the gyroscope's role becomes essential, as it provides real-time data on rotational
movements and angular velocities, significantly enhancing classification accuracy in various dynamic
scenarios.

Moreover, mean |SHAP| values provide valuable insights into the typical effects of features,
especially given the uneven sizes of feature groups. In this sense, signals from Pitch and Roll are
particularly significant, especially when combined with Difference, Statistical, and Summary
features. The combination of Pitch and Summary features demonstrates the strongest influence,
further emphasising their essential role in enhancing the model's overall performance.

The Hands&Knees position, characterised by a limited number of instances, primarily functions
as a transitional position within infants' movement patterns, resulting in lower classification scores.
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However, the predicted time in this position still shows a good correlation with the actual time spent
in this position. Feature selection plays a crucial role in this process. We incorporated Roll and Pitch
angles from the accelerometer as intuitive parameters, significantly enhancing the accuracy of our
automatic annotations.

Manual annotation offers frame-by-frame precision, achieving an accuracy of 0.04 seconds per
frame at 25 frames per second. In our case, automatic annotation involves analysing signals in
windows of up to 2 seconds with a 1-second shift, which can affect accuracy. The length of the time
window for analysis directly impacts classification quality. Shorter windows may be more sensitive
to positional changes but could result in a loss of contextual information. Conversely, longer
windows might better capture context but are likely less precise regarding dynamic changes.

Determining whether to train the classifier using the entire activity window or a portion, such
as 75%, is essential for optimising performance. Different activities influence accelerometer signals,
leading to varied patterns of acceleration and variability. By adjusting the window length and shift
interval, we can enhance the accuracy of automatic classification, facilitating more detailed analysis
and statistical evaluation.

For static positions, using the longest window length proved most effective, allowing us to
identify Sitting, Prone, and Upright positions with over 90% accuracy.

Our results significantly surpass those reported in a recent review, which indicated wide
variability in accuracy across different positions. This underscores the effectiveness of our
methodology in achieving reliable position classification in a challenging environment.

It is also worth noting that dynamic positions, such as walking or running, tend to exhibit lower
accuracy rates compared to static positions. This variability is expected, given the complexity and
range of movements involved in dynamic actions, making consistent and accurate classification more
challenging. To further refine our system, developing a classifier that distinguishes between static
and dynamic positions would be beneficial. This could improve precision, as different classification
strategies might be required for various positions.

Sensor placement also significantly impacts classifier accuracy. For instance, placing sensors on
the wrists—typically involved in fine motor activities—can provide data specific to small-scale
movements. However, if the classifier does not account for these movements, it may misinterpret the
data, affecting overall position classification.

Furthermore, the fact that the classification was conducted jointly on data collected across a wide
range of ages (4, 6, 9 and 12 months) and types of play facilitates the application of this methodology
to infants with developmental difficulties. By concentrating on more universal patterns of behaviour
regardless of age, researchers can more effectively capture diverse postural behaviours and
movements of infants, who often do not adhere to typical developmental timelines. This flexibility
enhances the relevance of the findings and allows for more tailored interventions that meet individual
needs. Infants with motor delay display less mature positions than typically developing infants,
which may result in fewer learning opportunities [45]. However, whether such differences could also
be observed on longer time scales and during more naturalistic settings is unknown. Previous
research highlighted the potential use of wearable motion tracking in monitoring infants ’physical
activity levels [46], very early assessment of infant neurodevelopmental status in low-resource
settings [47] and developing rehabilitation for infants with cerebral palsy [48]. Automatic
classification of positions based on wearable motion trackers — potentially combined with other types
of sensors as demonstrated for general movement assessment by Kulvicius et al.[49] — can result in
more personalised approaches to early diagnosis and intervention.

Our study focuses on classifying infants' positions using a specific dataset and methodology,
which may introduce certain biases, even under controlled conditions. While maintaining these
conditions is crucial, having clean and well-prepared training datasets may be more advantageous.

Finally, the adequacy and reliability of manual annotation protocol is critical. Different research
aims may require more fine-grained categorisation of infant body position and locomotion.

5. Conclusions
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Our study has significant scientific and practical implications for monitoring infants' motor
development. By employing shorter activity windows and incorporating frequency domain
parameters, we have enhanced the accuracy of position classification. The superior performance of
advanced algorithms, such as CatBoost, underscores the importance of sophisticated techniques in
capturing complex relationships within the data.

Our findings indicate that statistical features, particularly those derived from accelerometer
data, are crucial for differentiating body positions. Additionally, magnetometer data has proven to
be useful in enhancing the accuracy of this differentiation. This capability facilitates the early
detection of developmental delays, enabling timely interventions that can greatly benefit at-risk
infants.

Furthermore, the integration of orientation-related data, including Roll and Pitch signals,
contributes to improved classification accuracy. The insights garnered from this study support the
development of wearable motion-tracking systems, which can enhance monitoring and early
diagnosis in both community and clinical settings.

Future research should focus on validating these findings using different datasets collected
under varied conditions and exploring additional sensor integrations to refine and expand the
capabilities of position classification systems. By doing so, we can further advance our understanding
of infant motor development and improve outcomes for those in need of intervention.
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Appendix A

Feature Extraction Process for Sensor Data

1 Introduction

This document provides a detailed description of the feature extraction process used in the
analysis of sensor data collected during experimental sessions. The focus is on accurately rep-
resenting the mathematical operations and transformations applied to the raw data to generate
features that are used in subsequent analysis. This supplement is intended to be a comprehen-
sive reference for reproducing the feature extraction process.

2 Sensor Data and Preprocessing

2.1 Euclidean Norm of Acceleration

The Euclidean Norm, or the magnitude of acceleration, is computed for each sensor by com-
bining the three axes of acceleration. This represents the overall acceleration experienced by
the sensor.

la@ll = y/aa (02 + ay(t)? + as ()2 o

2.2 Filtering

The sensor data undergoes filtering to isolate relevant components. Two types of filters are
applied: low-pass (LP) and high-pass (HP).

2.21 Low-Pass Filter

The low-pass filter is designed to capture the gravitational component of the acceleration, re-
moving higher-frequency noise. The cutoff frequency is set at 2 Hz.

The low-pass filter was implemented using a butter function from the SciPy library, setting the
order of the filter to 1.

2.2.2 High-Pass Filter

A high-pass filter is applied to the raw acceleration data to remove the low-frequency compo-
nents (e.g., gravity), preserving the dynamic movements of the subject. The cutoff frequency
issetat 2 Hz.

The high-pass filter was implemented using a butter function from the SciPy library, setting
the order of the filter to 1.

Both filters were used on the raw acceleration data as well as the Euclidean Norm of accel-
eration signals.
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2.3 Pitch and Roll Calculation

Pitch and roll angles were computed from the raw and filtered 3-axis accelerometer data, rep-
resenting the orientation of the sensor relative to the Earth’s surface.

231 Pitch

Pitch = arctan | ———te
A /n;‘; +a?
2.3.2 Roll

Roll = arctan (a_u> 3)

Both were implemented using an arctan2 function from the NumPy library.

3 Feature Calculation

3.1 Statistical Features

For each 2-second window of data, the following statistical features were computed:

N
_ 1 .¢
Mean =7 = N Z A

Standard Deviation = o =
1 N
= o — 7)3
Skewness = N3 ;(M —3)
i=

N
; 1 < sl
Kurtosis = Vol E l(Ja -z)"-3
=

Median = middle value of the sorted data
Minimum = min(z;)
Maximum = max(z;)
25th Quantile = Quantile(z, 0.25)
75th Quantile = Quantile(z, 0.75),
where z; are the data points, 7 is the mean, N is the number of data points and o is the standard
deviation.
All of those features were obtained using functions from the NumPy library.

3.2 Frequency Domain Features

3.21 Fourier Transform

The Fourier Transform was used to convert the time-domain signal into the frequency domain,
allowing for the extraction of frequency-related features. The magnitude vector & was defined
as an absolute values vector of Fourier transforms:

i={jfofiee o+3]}. @

2
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where N is the number of data points.
For each vector i the following values were calculated:

Energy E = ) &

p - log, (p) @
Entropy H = — 2= where p = —
P2 o () o
Centroid ¢ = £ - p, where £ = {E €€ [0.+% }

Bandwidthb = ¢ - p, where 6 = ¢ — ¢
Maximal frequency = argmax ( f ({)) .

All of the aforementioned features were computed using the NumPy library.

3.3 Summary Features

To capture the overall motion and coordination of the whole body, sums and sums of abso-
lute values were computed across sensor locations and across axes. Summary features were
calculated by aggregating sensor data:

Sum = Zz;

Absolute Sum = Z ||

1
The mean of each sum was taken as a final feature.
3.3.1 Sums Across Sensors
The mean sums were computed for all axes (or magnitudes in the case of Euclidean Norms) of
the same signal type across all sensor locations, for all types of signals.
3.3.2 Sums Across Axes
For all of the locations, mean sums of all axes of the same signal type were computed, for all
types of signals.
3.4 Difference Features

To capture the relative motion and coordination between different body parts, differences and
differences of absolute values were computed across sensor locations and across axes. The
differences between pairs of sensor readings were computed as:

Difference;;(t) = xi(t) — x;(t)

Absolute Difference;;(t) = |z;(t)| — |z;(t)]

The mean of each difference was taken as a final feature.

3.4.1 Differences Across Sensors

Differences across sensor locations were computed for each unique pair of axes (or magnitudes
in the case of Euclidean Norms) of the same signal type across all sensor locations, for all types
of signals.
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3.4.2 Differences Across Axes

For all of the locations, differences across axes were computed for each unique pair of axes (3
combinations in case of 3-axis signals) of the same signal type, for all types of signals. They
were not computed for signals with just one axis — magnitude signals.

3.5 Correlation Features

To capture the relative motion and coordination between different body parts, correlations
and correlations of absolute values were computed across sensor locations and across axes.
The Pearson correlation coefficient between two sensor signals ;(t) and z;(t) was computed
over a time window with N data points:

o S (i) = Fi) (w5 (#) —
pig = N _ N — 2
VN (s (0) — )2 SN (1) — F5)?

where 7; and 7 are the mean values of the signals over the window 7'.

5)

3.5.1 Correlations Across Sensors

Correlations across sensor locations were computed for each unique pair of axes (or magni-
tudes in the case of Euclidean Norms) of the same signal type across all sensor locations, for
all types of signals.

3.5.2 Correlations Across Axes

For all of the locations, correlations across axes were computed for each unique pair of axes (3
combinations in the case of 3-axis signals) of the same signal type, for all types of signals. They
were not computed for signals with just one axis — magnitude signals.

4 Feature Count and Contribution — for a Trunk & Legs Model

Each step in the feature extraction process contributes to the overall feature set. Below is a
breakdown of the number of features generated at each step:
4.1 Preprocessing Data Streams

We began with the original 36 data streams (3 sensor types x 3 axes x 4 locations), and applied
the following preprocessing steps:

e Computed roll and pitch from the acceleration data, resulting in 8 new streams (2 streams
% 4 locations).

* Applied low-pass and high-pass filtering to the acceleration data, yielding 24 filtered
streams (2 filters x 3 axes x 4 locations).

e Computed the Euclidean Norms of the acceleration data and applied the same filtering
process, generating 12 streams (4 locations x 3 acceleration types).

This resulted in a total of 80 input data strcams, which were then passed to the feature extrac-
tion step.
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4.2 Feature Extraction

When mentioning data types for 3-dimensional signals, we refer to Acc, AccLP, AccHP, Mag,
and Gyro. For 1-dimensional signals, we refer to AccNorm, AccNormLP, AccNormHP, Roll,
and Pitch.

The following features were extracted:

¢ Statistical Features: 9 features, including mean, variance, skewness, kurtosis, maximal
value, minimal value, median, 25th quantile, and 75th quantile (9 features x 80 streams
=720 features).

Frequency Features: 5 features, including energy, entropy, maximal frequency, centroid,
and bandwidth (5 features x 80 streams = 400 features).

¢ Differences and Correlations:

- Across axes: Differences and correlations of original and absolute values for 3-
dimensional data streams (2 measures x 2 types of values x 3 combinations of axes
x 4 locations x 5 data types = 240 features).

- Across locations: Differences and correlations of original and absolute values for all
data streams (2 measures x 2 types of values x 6 combinations of locations x (3 axes
x 5 data types + 1 axis for Norms x 5 data types) = 480 features).

¢ Sums:

- Across axes: Sums of original and absolute values for all data streams (2 types of
values x 4 locations x 5 data types = 40 features).

— Across locations: Sums of original and absolute values for all data streams (2 types
of values x (3 axes x 5 data types + 1 axis for Norms x 5 data types) = 40 features).

In total, 1920 features were extracted.

Appendix B
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Figure 1. Illustration of the correlation between the annotated (actual) and predicted time spent in
five distinct positions across study sessions. The x-axis represents the real percentage of time spent in
each position, while the y-axis shows the corresponding predicted percentage. Each point in the plot
corresponds to a specific infant in a position during one study session, with a line of best fit illustrating
the correlation between the real and predicted values. The closer the points align with the line, the
more accurate the predictions. Based on the model for two pairs of sensors: Trunk & Legs.
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