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ABSTRACT

Developing fundamental movement skills (FMS) as the building blocks of complex sports skills
and daily physical activity is crucial. The mechanically optimal performance can be determined
by qualitative changes in the sensitive aspects of the skill. Accurate scoring of this process is time-
consuming and requires minimum training and experience. Thus, this study was designed to
evaluate the feasibility of using wearable inertial units (IMUs) based on artificial intelligence
algorithms (AIA) for objective assessment of catching and throwing skills.Thirteen children aged
4 to 10 years (age = 7+1.84) (boys = 53%) were asked to do at least ten repetitions of two hands
ball catch and underhand throw according to the Test of Gross Motor Skills Development- third
edition (TGMD-3). Trials were captured with video recording and three IMUs, simultaneously.
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Dynamic Time Warping (DTW) and K-Nearest Neighbor (KNN) artificial intelligence algorithms
automatically classified IMU signals. The intraclass correlation coefficient (ICC) was calculated
between expert scores and the artificial intelligence algorithm. All tests were done at a 95%
confidence interval. The classification accuracy of the KNN algorithm (k=7) for two hand catch
was 73%, ICC =0.51 (C1=0.25-0.69), and for underhand throw was 70%, ICC= 0.559, (CI=0.314-
0.717). The algorithm accuracy when using lower back sensor data was 72% for the tow-hand
catch and 78% for the underhand throw. The scoring time was reduced from 5 minutes per skill
(in an expert-oriented way) to less than 30 seconds (using artificial intelligence). A close
examination of the artificial intelligence classification revealed several aspects of performance that
did not play an influential role in trials but were artificially consistent with the TGMD-3. Locating
the sensor in the waist area for these two skills will save the cost and time in screening plans.
This instrument assessment provides instant feedback, is portable, economical and easy-to-use,
and is suitable for educational setting. In the future, more research should be conducted on IMUs'
real-world applications by teachers, researchers, clinicians, and coaches.
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INTRODUCTION

According to the metaphor of the Mountain of Motor Development, refining FMS and acquiring motor
competence as a precursor to complex sports skills should happen in childhood [1]. In fact, higher levels of
proficiency in the FMS in mid to late childhood, allow individuals to prepare for participation in sports
events by participating in a variety of motor activities. Further, systematic review studies found a causal
relationship between FMS and an active lifestyle [2, 3].

Catching and underhand throwing as a critical subset of FMS are vital skills for participation in various
sports; softball pitching, bowling ball delivery, field hockey drives and passes, underarm volleyball serve,
badminton underarm clear, basketball, handball, rugby, baseball, and goalkeeping [4, 5]. Catching requires
a precise spatial and temporally coordinated action adjusting to the direction, speed, weight, and size of the
incoming ball [6]. It is necessary to adjust the person's posture before starting the movement of hands [7].
Moreover, underhand throw is a complex skill that requires coordination between four components: hands,
trunk, feet, and wrists [5]. Due to the intricate nature of FMS, it comes as no surprise that these skills are
poorly executed by children [6].

Therefore, they are included in most tests of motor development; such as the Bruininks-Oseretsky Test of
Motor Proficiency, TGMD, the Peabody Developmental Motor Scales, and the Movement Assessment
Battery for Children [7]. Recently, there have been great efforts to assess motor skills using technological
tools. For an effective population screening, researchers have sought to overcome the limitations of process-
oriented tests; video recording, post hoc analysis, and a trained examiner. In fact, by maintaining relative
accuracy, they tried to improve the efficiency of process-oriented tests of motor skills in schools and sports
fields.

The IMU is the practical electronic system for determining the velocity, position, and attitude of a moving
object. In these systems, three axes accelerometer, gyroscope, and magnetometer measure linear
accelerations and angular velocities, and orientation of motion things, respectively. Moreover, the IMU is
inexpensive, small-size, and has high-power batteries [8]. A recent application of the IMU is in diagnosing
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developmental disorders [9] and elderly clinics [10]. This technology, while reaporting accurate and
objective information, do not limit to any disease, gender, or age groups [8].

Many skills such as walking [11], running [12], hopping [13], long jumping [14], and overhand throwing
[15, 16] and the tests like The Dragon Challenge [17], Locomotor subtests of TGMD-2 [18] and TGMD-3
(seven skills) [19] were examined. The results indicated the advancement of the goals achieved by using
IMU.

Non-academics, however, cannot process large volumes of accelerations and angular velocities data.
Therefore, it is necessary to find an automatic scoring algorithm to facilitate evaluation by all types of users;
diagnostic clinics, physical educators, kindergarten teachers, and sports talent coaches. By extracting
patterns and identifying trends from complex and ambiguous data, AIA helps humans to make a decision.
This method eliminates the time-consuming kinematic feature selection phase.

Classification AIA help understand and compare the results of the instrument-based evaluation and current
methods by extracting the essential parameters in the data of the IMU [15, 19]. Recently researchers have
shown that it works even faster and more accurately than human perception during the real-time assessment
of FMS [15, 20].

On the other hand, new approaches seek to reduce the number of IMUs to minimize setup and data upload
time [21, 22]. For example, Lander et al. (2020) initially used 17 sensors to evaluate seven skills of the
TGMD-3 test and then reported the results with high accuracy using just four sensors [19]. Walking
reliability was assessed by placing only one accelerometer on the L5 in seven life periods (young to old age
groups). The multiple entropy analysis determined that the trunk movement changes are the progress
indicator of perfection or decline in walking [9].

Underhand throwing (like pitching motion) involves a series of movements that transfer energy from the
lower body to the upper body and finally to the ball. The most effective throwing occurs when all body
parts work together to produce maximum velocity. The acceleration of the proximal segment is transferred
to the distal and, at the same time, as the distal acceleration reaches the peak, the proximal acceleration
decreases. Energy should be transmitted like a chain from the legs, trunk, shoulder, and elbow to wrist; it
is called a "kinematic chain" [23].

Grimpampi et al. (2016) proposed that the ability to throw overhand is linked to an increase in the speed of
the trunk and pelvis rotation. A greater "yaw" and the maximum forward-backward movement of the trunk
leads up to increase the speed of ball. Consequently, the speed at which the trunk and hips rotate is a right
way to assess a person's level of motor development. A detailed examination determined that the rotation
speed of the pelvis compared to the trunk was a more accurate indicator in distinguishing the stages of
motor development in children [16]. Therefore, these measurements can be used to categorize children
according to their level of proficiency and are useful in assessing fundamental motor skills. Indeed, the
absence of trunk or hip rotation is seen as a sign that someone is at a beginner level of overhand throw [16].
The role of pelvis movements in the skillful execution of motor skills is undeniable but has not been
measured with an IMU until now.

As a result, to evaluate FMS using IMU as efficiently as possible, there are challenges in determining the
minimum number of sensors needed and the best location to install the sensors. Therefore, the current study
aims to determine the optimal number and place for evaluating the development of the two-hand catch and
underhand throw by IMU and using AlA.
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MATERIAL AND METHODS

Participants

This study, In terms of the purpose, is developmental. Because of advancing, and evaluating products that
must meet the criteria of internal consistency and effectiveness [24]; carried out in cross-sectional design
[25]. According to the spread of the coronavirus at the time of data collection and the results of the study
by Grimpumpi et al. (2016), 13 children aged 4 to 10 years (M=7+1.84 y) were asked to perform at least
ten trials of each skill [16]. The researchers made an effort to recruit children from different socio-economic
levels and different regions of Gorgan City in the Golestan province of Iran.

All children present in this study did not have motor or cognitive disabilities. Also, the level of their
developmental coordination disorder was checked using the responses of the children's parents to the
developmental coordination disorder questionnaire (DCDQ) [26]. First of all the purpose and procedures
of the study, the questionnaire, and the consent form for participating in the study, were emailed to the
parents. Unwillingness to continue the tests was the criterion for withdrawing from the study. Due to the
coronavirus, the parents wanted the tests to be conducted at their location of residence, and their children
were not allowed to leave the house.

All ethical principles were followed, including confidentiality. The Ethics Committee of the Research
Institute of Physical Education and Sports Sciences of Iran (blinded) approved this study: ethical code
IR.SSRI.REC.1400.1219. Furthermore, the University of Tehran institutional review board approved the
protocols being used in the study.

Instruments

The inertial sensors used in this study were manufactured by Shokofa Tavan Vira (Tehran University
Science and Technology Park- ID 140084). Row data were captured at a 25 Hz sampling frequency on the
9 DOF, incorporating a three-axis accelerometer (x1.5 g), three-axis gyroscope (£250°/s), and three-axis
magnetometer (+48 Gauss). The sensor weighs 21 g and has dimensions (48 x 41 x 18 mm) including the
plastic frame. The sensor's raw data is downloadable via a USB output [15].

The locations of the sensors were as follows: A sensor between the 4th and 5th lumbar vertebra; to perform
the catching skill: in the proximal area of the wrists and to perform the underhand throw skill: a sensor on
the proximal area of the wrist of preferred hand, and a sensor above the outer ankle of the leg opposite the
throwing hand [27]. All of them were fixed on the child's body via a plastic frame with a 3 cm wide elastic
band and Velcro. The X, Y, and Z axes represent the body's linear acceleration forward/backward, up/down,
and left/right, respectively. The yaw, pitch, and roll angular velocities were evaluated around vertical,
lateral-central, and anterior-posterior axes, respectively.

TheTGMD-3 was used to measure the process of performing the skills of catching with two hands and
underhand throwing. This test is used as a gold standard to check the level of motor proficiency of children
aged 3 to 10 years at the international level [28]. Three criteria for catching with two hands and four criteria
for underhand throwing are evaluated as 0 and 1 by the experienced examiner. The examinerof this study
was well familiar with the procedures of TGMD [29]. Previously the reliability and validity of TGMD-3
were approved in Iran [30].

Data collection

Before starting the data collection process, using the application program of the gross motor skill animation,
both skills were shown to the child several times. Children had the opportunity to perform the skill once or
twice before the official assessment so that the examiner can make sure that the children have a correct
understanding of the performance.

Then according to the skill type, the sensors were placed in their location. In order to comply with ethical
standards, the waist sensor was placed on its location by the parents under the supervision of the examiner.
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Participants were asked to perform each skill at least ten times. At the same time, the examiner's assistant
captured trails from the side view with a mobile camera (p1080 & 30f/s). All the data of IMU were stored
by MATLAB/R2016a software.

Preprocessing

Then, the expert evaluated each performance; one for each successful criterion and zero for failure to
observe the standard of TGMD-3. All the scores were stored in the data bank. The matrix received from the
sensors was also coded and stored in another data bank. For a better intuitive understanding, graphs of IMU
signals' linear acceleration and angular velocity were plotted. In this step, the data recorded asynchronously
with the subject's performance were dropped out.

An infinite impulse response (IIR) low-pass filter was used at a cutoff frequency of 2.5 Hz for the
accelerometer and 50 Hz for the gyroscope to remove the noise signals. The Max Abs Scaler function was
used to normalize each data series to remove the effect of physical fithess and child characteristics.
Considering that each data series was normalized using its maximum absolute value, all data were placed
between -1 and 1.

Extracting data and scoring algorithm

First, the signals were labeled according to the obtained performance score in the TGMD-3 criteria (zero
or one). However, the complete set of recorded data of each throw or catch includes twelve-time series of
the 3-axis signals of the magnetometer, accelerometer, and gyroscope. Even in this study, with a small
sample size and relatively low sampling frequency, there were more than 20000 data. Therefore, the data
were clustered using the K-Medoids and Density-based spatial clustering of applications with noise
(DBSCAN) algorithms. Cluster analysis proved that each criterion could be categorized. As a result, the
correct sequence of peaks in each signal was identified (Figure 1).

It should be noted that the primary goal of the signal analysis was to find the movement pattern for the
FMS. Therefore, the "Dynamic Time Warping" and "k nearest neighbor" (KNN) algorithms were used for
automatic data classification. The KNN algorithm classifies the considered signal in its class based on the
nearest neighbors. First, 20% of the total data was separated for testing. Then, 20% of the remaining data
was allocated for validation. The rest data were used for training. According to the validation phase, k was
chosen between 3 and 7.

Data processing and algorithm evaluation

In this step, the minimum difference between test and training signals was calculated, and then the signals
were classified. Two issues were assessed: false acceptance, in which an “incorrect” performance was
classified as “correct”, and false rejection, in which a “correct” performance was classified as “incorrect”.
The accuracy of the algorithm was measured by using the data that had not been used during the training
of the model. At this stage, the output indicates the score of the TGMD-3 criteria of tow hand catch and
underhand throw.

Statistical analysis

A multi-fitness metric should be used when evaluating machine learning models. To evaluate the model's
performance, training, and prediction times, as well as accuracy, and F1 score, were computed. Essentially,
F1-score is a harmonic mean between precision and recall (equal balances between precision and recall are
desirable). F1 scores are unaffected by class distributions, so it is a good performance metric for unbalanced
datasets [31].

An intraclass correlation coefficient (ICC) was calculated between the expert rater and the automated
algorithm to test the reliability between the raters. In the present study, the two-way mixed effects model
was chosen. An absolute agreement was also used for the definition option [32]. The classification of the
ICC reliability output is done as follows: poor=less than 0.5, average = between 0.5 and 0.75, good=
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between 0.75 and 0.9, and excellent= more than 0.9. An ICC minimum of 0.6 is required for screening
human movements [33].

RESULTS

Demographics

Thirteen typical children aged 4 to 10 years participated in this study (boys = 53%); with the Average of
age=7+1.84y, height=129.46+7.17 cm, weight=28.15+3.53 kg, and DCDQ=63.4+32/6.

Motor skills according to the tgmd-3

Two hand catch: The hands placed in front of the body in 79% of the trials were performed with and the
elbows flexed during the preparation stage. While in only 29% of performances, the elbows were extended
to catch the ball. Also, in 67% of ones, the ball is caught by hands only. In total, there were 28 proficient
performances (successful in all three criteria), 36 semi-proficient trials (successful in just two of the
criteria), and 46 beginner performances (failed in at least two criteria).

Underhand throw: In 67% of the performances, swinging the hand down and back until reaching the back
of the body was preferred. Stepping forward with the foot opposite the throwing hand was followed in 48%
of performances. Regarding the third criterion (ball is tossed forward hitting the wall without a bounce),
because no sensor was placed on the ball, the power of judgment was low; As a result, the classification of
this criterion was not done. The continuation of the hand movement after releasing the ball up to the level
of the chest was seen in 87% of cases. Overlay if the performance gets a score of one in each of the four
criteria, it is marked as "proficient” no. = 55 (45%), and if three criteria are displayed, "semi-proficient” no.
=29 (24.1%) and if less than three criteria are displayed "Beginner" no. =36 (%30) is displayed [19].

Sensor wear

According to the preprocessing, 110 trials out of the 137 of catching skills and 120 tests out of the 131
underhand throw performances entered the data processing stage. Figure 1 shows the sequence of correct
peaks based on the clustering of angular velocity data.

Waist wy (m/s)
Waist wy (m/s)
|
\
|
\

X

Time (ms) Time (ms)

Figure 1: These graphs demonstrate represents a sample of gyroscope data on the x-axis, y-axis, and z-axis
for the low back sensor (right= two-hand catch, left= underhand throw). The sequence of peaks is referenced
as a feature of the skills.

Data distance was calculated using the DTW algorithm, and automatic classification was performed using
the K-NN algorithm. To test the algorithm, a random selection of 20% (tow hand catch=28, underhand
throw=21) of data points were performed before processing. Then 20% (tow hand catch=22, underhand
throw=26) of data points were randomly divided for the K validation stage. The remaining data were used
for algorithm training. This algorithm used K=7 to accomplish the classification task. The results were
classified by considering type one and two errors. In total, the classification accuracy was 73% for tow hand
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catches, and 70% for underhand throws. Based on the results of similar articles, which found that the low
back area sensor was critical in distinguishing the developmental level of FMS in children; table 1 compares
the classification accuracy of using only one sensor with that of three sensors at the same time.

Tablel: Results of the testing of the signals against its model; comparison between all sensors (A) and low
back sensor (L)

TGMD-3 criteria

X Z_ X =Z%.Z%
e» or = = 2> ar
58 s 8§ 8 38 g%
g 8 s & <Q

- Hands placed in front of the body and the elbows flexed 86 79 92 .87 73 72

S < during the preparation stage.

< 2

‘é 3 Arms extend while reaching for the ball as it arrives. 64 61 .16 0

= Arms extend while reaching for the ball as it arrives. 68 75 79 84

S Preferred hand swings down and back reaching behind the 62 67 75 79 70 78

§ > trunk.

s 2 Steps forward with the foot opposite the throwing hand. 62 83 .64 64

2 £ Ball is tossed forward hitting the wall without a bounce. - - - -

> Hand follows through after ball release to chest level. 85 85 92 .92

The scoring time per skill was reduced from 5 minutes (in an expert-oriented way) to less than 30 seconds
(using artificial intelligence). The ICC of tow-hand catch was 0.514, Cl=0.254-0.684 with a 95%
confidence interval (Pvalue <0.001); underhand throw was 0.559, C1=0.314-0.717 with a 95% confidence
interval (Pvalue <0.001). According to the mentioned values, these are average agreement coefficients.

DISCUSSION

In children's FMS, skill refinement is a crucial part of motor development. The mechanically optimal
performance can be determined by qualitative changes in the sensitive aspects of the skills [34]. This
process requires a lot of time and experience to evaluate; consequently, this study aims to determine the
feasibility of assessing FMS quality using commercially available and affordable technologies. The two
hands catch and underhand throw skills were evaluated using IMU and AlA according to the criteria of the
TGMD-3. It takes only three sensors to achieve 73% and 70% accuracy in classifying tow hand catch and
underhand throw criteria, respectively. Signal processing techniques were used to obtain this result without
the intervention of an expert evaluator; therefore, this level of accuracy is promising.

The secondary goal of this study was to investigate the ability of the waist sensor in the measurement in
comparison with the data from three sensors in classification. It is interesting to note that the accuracy of
the classification using low back sensor data not only did not drop significantly But also increased (tow
hand catch=72%, underhand throw=78%). A close examination of the artificial intelligence classification
revealed several aspects of performance that did not play an influential role in trials but were artificially
consistent with the TGMD-3. Locating the sensor in the waist area for these two skills will save the cost
and time in screening plans.

During the preparation stage of catching, the subjects' hands were in front of their bodies in 79% of
performances, and their elbows were flexed. There were 58 runs (48.3%) in which the expert evaluator
observed the elbows being extended to catch the ball. In 67% of trials, the ball was caught with their
palms. In 81 (67.5%) underhand throw performances, "Preferred hand swings down and back reaching
behind the trunk" was observed. Also, stepping forward with the opposite leg of the throwing hand scored
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one in 58 (48.3%) performances. The classification accuracy of them was the same. In 105 (87.5%) trials,
the fourth criterion (continuation of hand movement up to chest level) was skillfully displayed. The
algorithm correctly classified this criterion with 85% accuracy.

The present study follows Lander et al. (2020) in examining the catching pattern with two hands. 30% of
the subjects of that study showed the criterion of the preparation stage correctly while extending the elbows
was seen in 87% of their performances. That study showed 90 and 100 percent classification accuracy for
criteria one and two [19]. This study found that the classification accuracy for criterion one was 86%, which
is very similar to the Lander's; however, for criterion two, it dropped sharply to 64%.

In a similar study, Children with varying levels of motor development showed no difference in three
kinematic synergies that emerged during two-hand catching, according to Balali et al. (2020). Based on the
developmental sequence model and the TGMD-2, participants were grouped. There were no differences in
the number and strength of synergies between their development levels. According to the tasks, the children
demonstrated different kinematic synergies. Three specific synergy groups were formed: reaching-oriented
synergy, catching-oriented synergy, and retaining-oriented synergy [20].

Underhand throwing is a complex skill that requires coordination between four components: hands, trunk,
feet, and wrists [5]. From the motor control or development perspective, understanding the processes such
as trunk rotation, stepping, hand movement, and ball release facilitates understanding developmental
changes in children's motor skills. The previous study investigated the relationship between age and level
of training and skills among girls aged 9-11 years (25 beginners, 14 softball league players, and 9
participants in softball training classes). Data analysis showed that in the specific group, regardless of age,
the performance of underhand throwing was similar. But, the throwing experience differentiated four motor
components of performance among girls. In addition, different experiences (league training or formal
practice) caused significant differences in trunk rotation and ball release technique [5].

In the present study, the beginners threw without taking a step and with still feet. Some semi-skilled children
would throw by taking a step to the side with the foot compatible with the throwing hand. Generally, the
use of the opposite arm and leg pattern was seen when the child was correctly using the weight transfer
process and benefiting from foot placement for better hip and opposite shoulder rotation. Therefore, placing
the foot without the energy transfer process did not help to perform skillfully. As a result, despite the fact
that in the TGMD standards, putting the leg opposite the throwing hand forward has a point, but this action
must be done in harmony with the movement of the hip rotation and its physical aspects.

The current study's strong point is that it could explain why the automatic scoring algorithm's accuracy
decreased noticeably in some criteria. This is probably due to the use of a pattern that is more efficient than
the one intended by TGMD-3.

A similar study discussed the importance of the order in which body parts are activated during the pitching
motion in softball and baseball. In the ball speed (62%); the supporting role of the trunk and lower limb
movement in energy transfer was the cause of such acceleration and finally increased ball release speed in
the skilled group. Energy should be transmitted like a kinematic chain [23].

Their results suggested that energy is transferred from the lower body to the upper body, and then to the
ball, and that maximum velocity is achieved when all body parts work together effectively. The researchers
found a specific sequence of proximal to distal segmental motions among intermediate and advanced
windmill softball pitchers, but not among novice pitchers. That study suggested that larger; more proximal
segments should reach their peak angular velocities first, followed by smaller, more distal segments, with
the wrist/hand stabilizing just before ball release. However, the natural whipping motion of the windmill
pitch means that this sequence may not be evident until just before ball release [23].
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Another advantage of using automated algorithms was reducing time spent on scoring. A typical process
takes at least five minutes (uploading videos of the trials, reviewing the videos several times, and entering
the scores in a computer) per trial. Instead, the automatic processing was done all these stages in less than
30 seconds. This time was only reported in the study by Bisi et al. They reduced the 15-minute evaluation
time of six locomotor subtests of the TGMD?2 to just two minutes (excluding time for downloading sensor
data) (25). Consequently, it provides immediate feedback, in addition to being portable, cost-effective, and
easy to use, making it suitable for educational settings and the FMS screening plans.

The accuracy of criteria-based classification should be viewed cautiously in light of the limited number of
performances. Additionally, there may have been some crucial information that was not collected at a
sufficient rate. As a result of the spread of Coronavirus at the time of data collection, the researcher had to
use the simplest classification algorithms available, given the lack of subjects. In the proposal, deep-
learning algorithms will be used to analyze data in the project. A movement schema can then be created
using artificial neural networks to model raw data according to the criteria specified in TGMD. The field
of pattern recognition has been impacted significantly by deep learning in the last few years (35); in some
cases, these models have also been used to detect human activity [36, 37]. Therefore it is recommended that
more subjects be used in future research, as well as more accurate algorithms.

CONCLUSION

In conclusion, a reliable and practical method of evaluating the fundamental movement skills of tow hand
catch and underhand throw were achieved through the use of artificial intelligence applied to the signal
processing of one sensor. In this way, children's skills can be monitored and evaluated objectively. Locating
the sensor in the waist area for these two skills will save the cost and time in screening plans. Furthermore,
the time required for process-oriented analysis of movement skills for research, clinical, sports, and
educational purposes was significantly reduced while maintaining relative accuracy.

Author Contributions: Conceptualization, methodology, SH, MSH, HV; formal analysis, SH, HV
investigation, SH; resources, SH, MSH, HV ; data curation, SH; writing—original draft preparation, SH,
MGH; writing—review and editing, SH, HV, MGH; supervision, MSH,DH, ; project administration,
MSH,MGH, HV,DH. All authors have read and agreed to the published version of the manuscript.

Funding: This work was supported by the University of Tehran Science and Technology Park under Grant
number 140084; the National Sports Technology Innovation Center of Iran under Grant number
11/25845/10.

Institutional Review Board Statement: The Ethics Committee of the Research Institute of Physical
Education and Sports Sciences of Iran (blinded) approved this study: ethical code IR.SSRI.REC.1400.1219.
Furthermore, the University of Tehran institutional review board approved the protocols being used in the
study.

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.
Data Availability Statement: Data will be available at request.

Acknowledgments: The authors are thankful to all the participants and their families for their
participation in this study.

REFERENCES

1. Clark JE, Metcalfe JS. The mountain of motor development: A metaphor. Motor development:
Research and reviews. 2002;2(163-190):183-202.

2. Holfelder B, Schott N. Relationship of fundamental movement skills and physical activity in children
and adolescents: A systematic review. Psychology of sport and exercise. 2014;15(4):382-91.

Journal of Advanced Sport Technology 7(1) 41



10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Logan SW, Kipling Webster E, Getchell N, Pfeiffer KA, Robinson LE. Relationship between
fundamental motor skill competence and physical activity during childhood and adolescence: A
systematic review. Kinesiology Review. 2015;4(4):416-26.

Williams MD, Hammond AM, Moran J. Youth basketball coaches’ perceptions and implementation of
fundamental movement skills training: toward a realist evaluation. Journal of Teaching in Physical
Education. 2021;1(aop):1-8.

Yan JH, Jevas S. Young girls' developmental skills in underarm throwing. Perceptual and motor skills.
2004;99(1):39-47.

Sekaran SN, Reid SL, Chin AW, Ndiaye S, Licari MK. Catch! Movement kinematics of two-handed
catching in boys with developmental coordination disorder. Gait & posture. 2012;36(1):27-32.
Przysucha EP, Maraj BK. Movement coordination in ball catching: comparison between boys with and
without developmental coordination disorder. Research Quarterly for Exercise and Sport.
2010;81(2):152-61.

Godfrey A, Lara J, Munro C, Wiuff C, Chowdhury S, Del Din S, et al. Instrumented assessment of test
battery for physical capability using an accelerometer: a feasibility study. Physiological measurement.
2015;36(5):N71-N83.

Bisi MC, Stagni R. Complexity of human gait pattern at different ages assessed using multiscale
entropy: From development to decline. Gait & Posture. 2016;47:37-42.

Ricci M, Terribili M, Giannini F, Errico V, Pallotti A, Galasso C, et al. Wearable-based electronics to
objectively support diagnosis of motor impairments in school-aged children. Journal of Biomechanics.
2019;83:243-52.

Bisi MC, Tamburini P, Stagni R. A ‘Fingerprint’ of locomotor maturation: Motor development
descriptors, reference development bands and data-set. Gait and Posture. 2019;68:232-7.

Masci I, Vannozzi G, Bergamini E, Pesce C, Getchell N, Cappozzo A. Assessing locomotor skills
development in childhood using wearable inertial sensor devices: The running paradigm. Gait and
Posture. 2013;37:570-4.

Masci I, Vannozzi G, Getchell N, Cappozzo A. Assessing hopping developmental level in childhood
using wearable inertial sensor devices. Motor Control. 2012;16:317-28.

Sgro F, Mango P, Pignato S, Schembri R, Licari D, Lipoma M. Assessing Standing Long Jump
Developmental Levels Using an Inertial Measurement Unit. Perceptual and Motor Skills. 2017;124:21-
38.

Hajihosseini S, Sheikh M, GHaiur Najafabadi M, Houminiyan Sharif Abadi D, Veisi H, Bagherzadeh
F. Automated Assessment of Developmental Stage of Overhand Throwing Skill. Journal of Advanced
Sport Technology. 2022;6(2):99-111.

Grimpampi E, Masci I, Pesce C, Vannozzi G. Quantitative assessment of developmental levels in
overarm throwing using wearable inertial sensing technology. Journal of Sports Sciences.
2016;34:1759-65.

Barnes CM, Clark CCT, Rees P, Stratton G, Summers HD. Objective profiling of varied human motion
based on normative assessment of magnetometer time series data. Physiological Measurement.
2018;39.

Bisi MC, Pacini Panebianco G, Polman R, Stagni R. Objective assessment of movement competence
in children using wearable sensors: An instrumented version of the TGMD-2 locomotor subtest. Gait
and Posture. 2017;56:42-8.

Lander N, Nahavandi D, Mohamed S, Essiet I, Barnett LM. Bringing objectivity to motor skill
assessment in children. Journal of Sports Sciences. 2020;38:1539-49.

Balali M, Parvinpour S, Shafizadeh M. Effect of motor development levels on kinematic synergies
during two-hand catching in children. Motor Control. 2020;24(4):543-57.

Mousavi Hondori H, Khademi M. A review on technical and clinical impact of microsoft kinect on
physical therapy and rehabilitation. Journal of medical engineering. 2014; VVolume 2014, Article 1D
846514, 1-16.

Journal of Advanced Sport Technology 7(1) 42



22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.
36.

37.

Pirsiavash H, Vondrick C, Torralba A, editors. Assessing the quality of actions. European Conference
on Computer Vision; 2014: Proceedings, Part VI 13 2014 : 556-571.

Oliver GD, Dwelly PM, Kwon Y-H. Kinematic motion of the windmill softball pitch in prepubescent
and pubescent girls. The Journal of Strength & Conditioning Research. 2010;24(9):2400-7.

sarmad z, bazargan a, hejazi e. Research methods in behavioral sciences. tehran: Aghah Publication
Institute; 2004. 405 p.

sharifi hp, sharifi n. research methods in behavioral sciences tehran: sokhan; 2004. 448 p.

Takizade K, Farsi A, Baghernia R, Abdoli B, Asle Mohammadizade M. Validity and reliability of a
Persian version of developmental coordination disorder questionnaire in 3-5 aged children. Journal of
Research in Rehabilitation Sciences. 2013;9(3):502-14.

Camomilla V, Bergamini E, Fantozzi S, Vannozzi G. Trends supporting the in-field use of wearable
inertial sensors for sport performance evaluation: A systematic review. Sensors. 2018;18(3):873-923.
Ulrich DA. The test of gross motor development-3 (TGMD-3): Administration, scoring, and
international norms. Spor Bilimleri Dergisi. 2013;24(2):27-33.

Mostafavi R, Ziaee V, Akbari H, Haji-Hosseini S. The effects of spark physical education program on
fundamental motor skills in 4-6 year-old children. Iranian journal of pediatrics. 2013;23(2):216-219.
Mohammadi F, Bahram A, Khalaji H, Ghadiri F. The Validity and Reliability of Test of Gross Motor
Development — 3rd Edition among 3-10 Years Old Children in Ahvaz. Jundishapur Scientific Medical
Journal. 2017;16(4):379-91.

Worsey MT, Pahl R, Espinosa HG, Shepherd JB, Thiel DV. Is machine learning and automatic
classification of swimming data what unlocks the power of inertial measurement units in swimming?
Journal of Sports Sciences. 2021;39(18):2095-114.

Koo TK, Li MY. A guideline of selecting and reporting intraclass correlation coefficients for reliability
research. Journal of chiropractic medicine. 2016 Jun 1;15(2):155-63.

Griffiths A, Toovey R, Morgan PE, Spittle AJ. Psychometric properties of gross motor assessment tools
for children: A systematic review. BMJ Open. 2018;8. e021734.1-14

Gallahue DL, Ozmun JC, Goodway J. Understanding motor development: Infants, children,
adolescents, adults: Boston; 2006.424p.

LeCun'Y, Bengio Y, Hinton G. Deep learning. nature. 2015;521(7553):436.

Hammerla NY, Halloran S, PI6tz T. Deep, convolutional, and recurrent models for human activity
recognition using wearables. arXiv preprint arXiv:160408880. 2016.1-7

Zeng M, Nguyen LT, Yu B, Mengshoel OJ, Zhu J, Wu P, et al., editors. Convolutional neural networks
for human activity recognition using mobile sensors. 6th International Conference on Mobile
Computing, Applications and Services; 2014: IEEE.1-9

Journal of Advanced Sport Technology 7(1) 43



alo 335l ol 9 90,5 €l o wb)y (gue 2U5)l Gl (PGt @ Sejluil ualg
Tty 6ol Tooll i ph e Sagls T o3LT i 5 drgeme T Sgesme T i (2> allows
ORI QB S OS5 (sl @lie 5. 55,5LiS pole olils (S Zun i 05,5 )
Ol I8 (O8RS (58555 pole 5 (o Sy 0SS ( (S > LS, 09,5 Y
Ol Ol (Ol ol cingh (55 g pole 0aSLails aSel (5 )5k8 5 psle sl ath) G (5,5L8 095

oduS>

e Sl Wl39) (S Slad g ovezmn (23555 sl Sles owiile slo Sk (lyie 4 ol (S5 > e D jles oSS 5 0
3518 ool 385 S 5,5 e Slen ol (sla At 55 AT S b ol o |y A dinge o SLas
s 2] By 5l slial ISl ()| pskiie 4 aalllnn nl il i 00 5 4,5 5 ajgel JBlam 4 5 03 2 o
b (AL ald 5l oby g Caws 93 b 58,5 sl (due (b))l sl (eymas She lapt )il Sls 2 (Sonds
S o ol ) yses] e Lialig b llae 45 0 atulss (O = ol p) (u=VEVAT) Wl Vo b ¥ Sag8 1Y
S 5} ool b lejen JSb 4 a2l isS Lol 1) il ) 5 by 5 o 90 b o &lgo 90 1+ Jilas o
a9k aileon 0 5S35 K g Ly Sloj G (sogmae Gisd lapa; sl wiad Land (65100 whed (90 5 (b (504
92 w5 5 O 2 e (e ICC) Gk (9,8 (Sood o po oS gunaib 1) b S laJiSems 5355
ICC=+10Y 5 7YY (V=K) pi 551 gomaib 8o o pll oo p0 A0 licebl alols b b yg05] woled b Al esiac
S laosls 5l eolatul plfin o0 563! cBs 09 (CI=+ ¥V YY) JCC=+ /0% 7V =ailis s 5 Sb, ¢ (Cl=+/Y0-+/#9)
O)lee o sl 4 aids B 5l pasjletel oy g alld 5 5l Qs lp a3 YA 5 Zews 93 b 055 <80 sl we ) VY S
Eyan (hep Ganaib 385 vy p S8l ol (egrtas (ea l eolitul L) 4SBT 5l S 4 (jerme paatiie (g )
59 5L Y-TGMD L egians jsba Ll atilas la olosT)l5 o (6,138,056 i a5 ol las 1) o Slee 5l > cppous
bisl ol osd (o0 6L 2 Gl b o lej g i ;o sz Ao el O)lee 9 (nl Sl oS AL S Hgein (15 13
@lo Lo glp 1, ()1 5 a2 (oo ) 1 (5558 3,555k (Ll eoliial g (05 480 4y (95h0 (1082 Jo BB 2 odle o3
lolas basgs (ol polee 33 gyl S sloo )5 0550 50 il gt Sk oun] jo 08 oo nlin (5550
9 plwl plope g a5 (lidore

(Forans (h9n slaetysSl (Fardn sl @aSell waly s (S sl Ojlee 0 seil gualS Glels
S a8 byl wssln £S5 2 sl e

Journal of Advanced Sport Technology 7(1) 44



