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ABSTRACT

The trade-off between speed and accuracy in scoring process-oriented tests for fundamental
movement skills (FMS) has always been challenging for a screening project. The aim of this study
was the feasibility of using wearable inertial measurement units (IMU) and artificial intelligence
algorithms to automatically assessment of FMS. 123 overhand throwings were performed by
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children aged 4 to 10 years (age = 7+1.84) (53% = boys). Three IMU (Shokofa Tavan Vira) sent
signals of angular velocity, linear acceleration of the preferred hand, non-predominant ankle, and
lumbar region of the children. Each performance was scored according to the criteria of the third
edition test of The Gross Motor Development (TGMD-3) by reviewing the video of the performed
skills. The "k nearest neighbor" algorithm was used for automatic data classification. The
minimum difference between test signals and training signals was calculated and classified. Two
issues were assessed: false acceptance, in which an “incorrect” performance was classified as
“correct”; and false rejection where a “correct” performance was classified as “incorrect”. The
classification accuracy of the K-nearest neighbor (KNN) algorithm was 85%. The automatic
scoring algorithm also correctly classified 93%, 78%, 93%, and 76% in criteria 1 to 4, respectively.
Low-back IMU data analysis shows the model's accuracy of 75%. Further, the total scoring time
was reduced from 5 minutes to less than 30 seconds. The use of artificial intelligence in the signal
processing of only three IMU was a reliable and practical method for the assessment of FMS. This
approach means the monitoring and evaluation of children's movement skills can be objective. In
addition, while maintaining relative accuracy, the time involved in the process-oriented analysis
of FMS for research, clinical, sports, and educational purposes was reduced entirely.
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INTRODUCTION

In the last decade, the motor competence (MC) of children and adolescents has been recognized as the
infrastructure of the most critical public health factors; such as the amount of physical activity, body
composition (1-4). Therefore, to design an effective intervention, evaluation is crucial (5).

Two approaches, process or product-oriented, are standard methods of MC measurement (6). It is
recommended to use the process-oriented approach to overcome the overlapping results of product-oriented
tests with the level of physical fitness of the children (7). However, the reliability of scoring threatens the
results of process-oriented tests, even when assessors are highly experienced (8, 9). Therefore, one of the
most significant limitations of these tools is the complete dependence on human observations, which can
lead to doubts about the accuracy of the results (6). Previously, to overcome this challenge, video recording
of the subject's performance was on the agenda of experts (10, 11). Despite all these finesses, the accuracy
of this time-consuming process is unclear (12).

Parallax error is always present in all 2D setups with a single camera, when filming a 3D motion (13). In
addition, the time costs of video assessment and the limitation in physical educators' experience make this
approach almost impossible (12, 14).

Recently, Wearable IMUs have achieved a unique advantage in the implementation of field research and
sports situations by overcoming the limitation of the measuring space of electro-optical devices (15). The
position and direction of movement of the body can be easily calculated (16). The review of previous studies
shows that this technology even though still under development has sufficient validity, objectivity and
reliability in the fundamental movements and sports skill processed-oriented assessment (17).

In this regard, Clark et al. (2021) studied the use of new technologies in the assessment of fine and gross
motor skills systematically (18). Children aged 3 to 12 years were categorized according to the
developmental level of a skill/s. The sample sizes were between 14-80 children with typical developmental
characteristics. The most common assessment approach was to measure the correlation of quantitative
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indicators with age or developmental level. Various tasks were used to evaluate gross motor skills. Some
studies were focused on specific tasks such as walking (19), running (20), hopping (21), long jumping (22)
and overhand throwing (23). The Dragon Challenge (24), Locomotor subtests of TGMD-2 (14) and TGMD-
3 (seven skills) (25) were also examined as a group of skills.

Most of the studies focused on locomotor and only three of them included object control skills (23-25). Just
one study reported information on data processing time and the benefit of reducing the scoring time from
15 minutes to 2 minutes on the TGMD-2 per participant (14).

In the mentioned studies, two methods have been proposed for the analysis of FMS, which provided
information equivalent to current process-oriented evaluations. The first method is based on the manual
fitting of algorithms in temporal and kinematic thresholds that show the performance of skill criteria; it
provides the possibility of quantifying the presence or absence of criteria (14). Certainly, this is more
complex than could be applied by physical educators. The second approach is using artificial intelligence
to automatically determine kinematic information that indicates the professional performance of FMS. The
ability of Artificial intelligence to extract patterns and identify different trends of complex and ambiguous
data helps humans to make a decision. With this method, the time-consuming kinematics future selection
phase is omitted

It should be noted that although there is an agreement between different evaluators in the overall score of
FMS, there is disagreement in some sub-scales, such as throwing (26, 27). Overhand throwing is a precursor
to the effective execution of many complex sports skills such as handball shot (28), badminton toss and
javelin throw (29). Therefore, this study has evaluated the feasibility of automatic assessment of overhand
throwing skills using wearable IMU and artificial intelligence. Based on hypothesis, has artificial
intelligence the accuracy to classify signals of angular velocity and linear acceleration of overhand
throwing?

MATERIAL AND METHODS

Study method and participants

The present study, In terms of the purpose, is developmental (30), carried out in cross-sectional design (31).
Based on the results of Grimpumpi et al.(2016) minimum of ten trials determined for the sample size in
each age group of 4 to 10 years (23). Because of the coronavirus pandemic at the time of data gathering, by
convenient sampling method, children were recruited from the city of Gorgan in the Golestan province of
Iran. We tried to enroll participants from different socio-economic levels, as much as possible. Methods
and aim of the study, along with the official consent form emailed to the interested parents/guardians.
Furthermore, the developmental coordination disorder questionnaire(32) was completed online by the
parents/guardians of the children. Participants had no developmental delay or musculoskeletal injury.
Parents/guardians provided basic demographic details (date of birth and so on) in the consent form.
Unwillingness to continue the test at any time of the study was the criterion for leaving the research. The
evaluation process was carried out for each child individually and preferably in his home environment
according to the conditions of the coronavirus pandemic. 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.

Step 1: wearing inertial measurement units

Three wearable IMUs (Shkofatavan Vira-Technology Park, University of Tehran-Iran), including a three-
axis accelerometer, gyroscope and magnetometer (sampling frequency, 25 Hz), were installed on the
locations determined based on previous studies: No. 1 Distal region of the preferred wrist, No. 2 above the
outer ankle of the opposite foot and No.3 between the fourth and fifth lumbar vertebra (low back) (33). The
IMU could slip on the clothes or skin, so all of them were fixed on the child's body by a 3 cm wide elastic
band and Velcro. For better adjustment, IMU was placed in a small pocket on the strap.

The for/backward linear acceleration of the body was recorded on the x-axis. As the same way, the up/down
and left/right linear accelerations were recorded on the y-axis and z-axis, respectivelty. In addition, the
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angular velocity of yaw, pitch, and roll was evaluated around the vertical, lateral-central, and anterior-
posterior axes, respectively. To comply with ethical standards during the installation of IMU (due to the
presence of a sensor in the waist area), female testers for girls and male testers for boys did the job. It should
be noted that the parents of the children were present in all stages of the test.

Step 2: Data Collection

Participants (n=13, girls=6) performed at least ten overhand throwings according to the third edition Test
of Gross Motor Development (TGMD-3) criteria. This is a well-known international MC test that scoring
1 or 0 depending on observing the process-oriented criteria of the FMS or not, respectively (34)
(https://www.proedinc.com/Products/14805/tgmd3-test-of-gross-motor-development-third-edition.aspx).
The reliability and validity of TGMD-3 approved in children aged 3-10 years in Iran (35). Before
performing the test, the correct execution of the skill was shown to the children by the application program
of the gross motor skill animation
(https://play.google.com/store/apps/details?id=com.motorskill.gms&hl=en_US&gI=US), several times.
The children were allowed to practice once or twice to ensure they understood what they had to do before
starting the testing process. If a participant did not understand the skill the examiner performed one trial.

4
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Figure 1: Executlon of overhand throwing by a skillfull part|C|pant
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The researchers of this study are completely familiar with TGMD-3 and have enough performing and
scoring experience in previous studies (36). At the same time, the examiner's assistant filmed this process
from the side view with a mobile camera (p1080 & 30 f/s). Before starting the data collection process, the
assistant had received the necessary training. All the data of IMU were received and stored by
MATLAB/R2016a software. An infinite impulse response (IIR) low-pass filter was used at a cutoff
frequency of 25 Hz to remove the noise signals.

Step 3: Video scoring and data preprocessing

Reviewing the videos, one score was recorded for each successful criterion and stored in Excel. For a better
intuitive understanding, the linear acceleration and angular velocity graphs of the IMU signals were drawn
in different planes of the human body. Then, each matrix received by MATLAB was coded and entered
into the database. The asynchronous signals recording of the subject's performance dropped out; nine out
of 132 ones. To eliminate the effect of children's physical fitness and features, each data series was
normalized by the Max Abs Scaler function. Therefore, the data range between -1 and 1. It should be noted
that each data series is normalized compared to the absolute value of its maximum.

Step 4: Extracting data and scoring algorithm

First, the signals were labeled according to the obtained performance score in the TGMD-3 criteria (zero
and one). However, the complete set of recorded data of each throw 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 are more than 20000 data. Therefore, the data were
clustered using the KMedoids and DBSCAN algorithms. Cluster analysis proved that each criterion could
be categorized. As a result, the dimension of movement (e.g., anterior-posterior) was selected and the
correct sequence of peaks in each signal was identified.

It should be noted that the main goal of the signal analysis was to find the movement pattern for the
overhand throwing skill. Therefore, the "k nearest neighbor" algorithm was used for automatic data
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classification. This algorithm classifies the considered signal in its class based on the nearest neighbors.
First of all, 20% of the total data were separated for testing. Then, 20% of the remaining data was allwocated
for validation. The rest data were used for training. According to the validation phase, k was chosen between

3and 7.
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Figure 2: Identification of effective peaks in the scoring algorithm based on a: wrist angular velocity (pitch),
b: ankle angular velocity (pitch), c: trunk angular velocity (yaw) in overhand throwing skill

Step 5: Data processing and algorithm evaluation

In this step, the minimum difference between test signals and training signals is calculated and classified.
Two issues were assessed: false acceptance, in which an “incorrect” performance was classified as
“correct”; and false rejection where 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 algorithm’s output indicates the score of the TGMD-3 criteria of overhand throwing. The
results of algorithm scoring represent the accuracy, precision, and recall of the model built to judge each
criterion.

RESULTS
Thirteen typical children (seven boys and six girls) participated in the study. The details of participant
demographics are presented in Table 1.

Table 1: Participant characteristics (n=13)

Hight (cm) Weight(kg) age(Year)
Mean 129.46 28.15 7
Median 130 28 7
Standard Deviation 7.17 3.53 1.84
Maximum 144 47 10
Minimum 120 15 4
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123 overhand throwings qualified for step five. Just in 7% of the performances, the end of the movement
of the upper limb started with the downward movement of the arm. The thighs and shoulders rotated until
the other side of the body facing the wall in 29% of the trials. Weight transfer, in 46% of the performances,
was done by stepping with the foot opposite to the throwing hand. The continuous diagonal movement to
the other side of the body was observed after throwing in 62% of the trials. The mentioned criteria for
scoring the skill of throwing can be seen from left to right in Figure 1.

KNN algorithm was used for automatic data classification and scoring. First, 27 (20%) trials were randomly
separated for testing. In the validation phase (using 22 data), the accuracy of K=3 were 90%, 68%, 82%,
and 86% in criterion 1 to 4, respectively. By choosing K= 3, the algorithm was available to perform the
testing phase. Classification results are categorized based on two criteria of first and second error types. In
the first and third criteria, 93% of the data were classified correctly. Regarding the second and fourth
criteria, this value was equal to 78 and 74 percent, respectively. To sum up, the classification accuracy in
the overhand throwing skill was 85% (Table 2).

Table 2: Classification results, considering two cases: an “incorrect” performance was classified as
“correct”; and false rejection where a “correct” performance was classified as “incorrect”

s @

2 % & g 3t o)
.8 O O 8 o T © =
— D = o = - C =
E £EF 239 28 35 g 3
2 8s T8 T 843 86<

1-Windup is initiated with a downward movement of 27 25 2 0 93 85

hand and arm

2- Rotates hip and shoulder to a point where the non- 27 21 3 3 78

throwing side faces the wall

3- Steps with the foot opposite the throwing hand 27 25 2 0 93

toward the wall

4- Throwing hand follows through after ball Release 27 20 4 3 74

across the body toward the hip on the non-throwing side

It is necessary to check the correctness and coverage ability of the model; because of the low accuracy of
the criterion, in distinguishing between type 1 and 2 errors. The precision and recall parameters of criteria
1 were zero. This value was equal to 50% for criteria 2 for both of them. In criteria 3 and 4, there were
100%, 81% precision, and 83%, 76% recall, respectively.

According to the results of similar articles, lower back data is essential in distinguishing children's
developmental levels of FMD. The classification accuracy of using only one IMU was compared with three

simultaneous IMU in Figure 3.
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Figure 3: Comparison of the accuracy percentage of the model when using the data of all IMU versus just
lumbar IMU in the overhead throwing skill.

The average assessment time of criteria per trial on recorded videos was 5 min (including time for
downloading video). The approximate volume of the recorded video was 6 MB. The automatic evaluation
lasts less than 30 Seconds (including time for downloading sensor data). The IMU data volume was
approximately 4.00 KB per trial.

DISCUSSION

Assessment of FMS is time-consuming and often requires a minimum level of pre-training and
experience for accurate scoring. Therefore, the main goal of this study was to develop an automatic method
to classify the overhand throwing quality, using commercially available and affordable technologies, IMU.

This reduces the dependence of the evaluation result on the expertise of the evaluator. The results showed
85% accuracy in the classification of overhand throwing skills using just three IMU, with the minimum
required accuracy for evaluation (ICC>0.6)(6). This result was obtained automatically using signal
processing techniques, without the intervention of an expert evaluator. Therefore, this level of accuracy is
very promising.

Performing the overhand throwing was difficult for most participants (even 10-year-olds). Less than 5%
(n=6) of the trials were given one of all four criteria and labeled as "proficient". Skillfully swinging of hand
in the downward and backward arc was difficult; then observed only in 6.5% of the performances. In most
trials that scored one in the other three criteria, windup wasn't initiated with a downward movement of the
hand and arm. Children who were thought to be in the full development of skills in terms of their
chronological age were in the third stage of arm movement according to Goodway et al. (37).

As mentioned, the main focus of this study was on the automatic classification of performances based on
TGMD-3 scoring criteria in the form of zero and one or correct and incorrect performances. In the first
criterion, 92.6% of test trials were correctly classified, and only 7.4% of executions were wrongly accepted.
Weight transfer by stepping with the opposite leg (criterion three), scored one in 56 (46%) of the trials. The
automatic classification algorithm performed the same as criterion one. As a result, the dominant
homogeneity of performances in criteria 1 was not a factor of high classification accuracy (93%). During
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29% of the trials, the thigh and shoulder rotated until the other side of the body faced the wall. In 76 (62%)
ones, the diagonal follow-through of the movement toward the other part of the body was skillfully
displayed. The automatic scoring algorithm also correctly classified 78% and 76% in criteria 2 and 4,
respectively. It must be acknowledged that there were a few false rejections. This means that good
performance was classified as poor. There were also false acceptances, meaning poor performance was
classified as skillful. As a result, more parameters may need to be considered.

Comparing other studies in this field, the classification accuracy of Lander et al. (2020) was similar to
the present study. They also used the automatic scoring algorithm. Similar to the obtained results in this
study, the highest evaluation accuracy in criteria one and three was 88% and 86% respectively. They
reported 76% and 72% accuracy in the classification of the second and fourth criteria (25).

Grimpapi et al. (2016) investigated the kinematic and temporal parameters to distinguish between
different developmental levels of overhand throwing skill. The increasing trend of trunk and hip angular
velocity values were the parameters that justified the changes in children's developmental levels. Their
results showed how skilled throwers could achieve higher speeds of trunk rotation compared to a beginner
(23).

They suggested that mastery in overhand throwing is related to an increase in the angular velocity of the
trunk and pelvis, a higher "yaw", and the maximum anterior-posterior acceleration of the trunk in the two
phases before the ball release. As a result, trunk and hip angular velocity are good indexes for recognizing
developmental levels. These indexes are sensitive to the categorization of children from the lowest to the
highest developmental level. These are also valuable indexes in the quantitative FMS assessment process.
Therefore, the absence of hip or trunk rotation was proposed as the index of the beginner's level of overhand
throwing.

It is interesting that in the present study, if only the lower back data is entered into the automatic scoring
algorithm (Figure 3), the classification accuracy of criteria 1 and 2 did not change; however, the accuracy
of criteria 3 and 4 slightly reduced. According to the content of criteria 1 and 2, it is evident that they are
most affected by the rotation of the pelvis. Therefore, the classification accuracy remained constant.

Increasing the speed of body rotation and acceptable use of the limb movement has a positive effect on
the amount of energy transferred to the ball. This mechanism will increase the speed of the projectile at the
moment of release. Same mechanism leads to a decrease in the final velocity of the thrown ball for beginner
throwers who have a lower trunk and hip angular velocities. This deceleration is associated with the degrees
of freedom under the pressure of the joints involved in the initial level of development; because the initial
level is characterized by a limited number of joints involved in the movement.

In contrast, to minimize the pretest setting, recent studies have pointed out that new approaches should
seek to reduce the number of IMU (38). Analyzing the kinematics of the Grimpampi's data revealed that
the rotation speed of the pelvis compared to the trunk was a more accurate indicator in distinguishing the
stages of motor development. Probably, the increase in throwing skills is due to the transfer of energy from
the hip rotation to the trunk; therefore, the movement of the pelvis may play an essential role in the entire
process of developing throwing skills. In 2016, the walking stability of toddlers to the elderly was analyzed
by the multiscale entropy method in seven stages of life. By placing only one accelerometer on the L5, it
was suggested that the complexity of lower back movement changes indicates the progress, perfection, and
decline in walking (39).

Despite the undeniable advantages of the lower back IMU, some researchers believe that placing the
sensor in that area by an adult will reduce the feasibility of implementing this protocol in the field; because
this area is considered a "sensitive™ part of the body. In comparison, children can place the IMUs on their
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wrists and ankles by their own(25). In evaluating the TGMD movement skills, the results of Bisi et al.
(2017) were more accurate than Lander et al. (2020) since IMU was installed on the lower back; long
jumping (87% vs. 79%), hopping (92% vs. 77%), and sliding (96% vs. 100%). Lander et al. (2020)
expressed that those higher accuracies were the result of the placement of the IMU on the child's lower
back. In the present study, to meet ethical standards, a female and male evaluator installed the IMU for girls
and boys, respectively (25, 40).

In Grimpapi et al.'s study, no IMU was placed on the ankle. They recommended that future research seek
to discover other elements of launch that were not explicitly considered in their analysis; such as the third
criterion of TGMD-3. Although three IMU were also used in the present study, changing the location from
the trunk to the ankle increased accuracy classification by 10%. Basically, beginner children perform the
throwing action without stepping. In this study, in most trials, beginner participants tried to jump up and
bend the trunk to produce maximum force. While more skillful performances were accompanied by taking
a step toward the side of the throwing hand. The use of the opposite arm and leg pattern in advanced
performances was seen when the participant utilized correctly the weight transfer process and benefited
from foot placement for better rotation of the hip and opposite shoulder.

The nobility of this study is the use of automatic classification algorithms for evaluation. One of the
advantages of this method was a more detailed analysis of the execution process without extracting temporal
phases and kinematic outputs of complex signals. For example, in comparing the accuracy of criteria 2 and
3, the criteria related to leg movement was 93% accurate, but the accuracy of the distinguishing trunk and
hip rotation was only 78%. After several times reviewing the videos, it was found that in some trials, the
leg action was artificially "correct”. In these performances, putting the opposite leg forward undergoes a
separate process of hip and trunk rotation; as a result, it did not play an influential role in increasing the
force of the projectile. Automatic scoring has gone one step further than TGMD evaluation. It has identified
the lack of use of power transfer due to upper body rotation to the projectile. Indeed, the decrease in
accuracy is not due to the weakness of the algorithm; the executions were not performed with maximum
effort as they should be. These results show that the quantitative approach allows for a more detailed
analysis of the overhand throwing process by highlighting differences that cannot be detected by traditional
on-field assessment.

Time savings was a secondary advantage of using automated scoring algorithms. It takes at least 5
minutes in the usual way (uploading videos of the trials + several times reviewing the videoes to ensure the
correctness of the score with entering the score into the computer) for any overhand throwing. In contrast,
the maximum processing time was less than 30 seconds in atumatic method. As a result, it provides
immediate feedback along with the advantages of portability, cost-effectiveness and ease of use, ensuring
it is applicable in educational environments.

The accuracy of discrimination should be considered with caution; because of the small number of
participants. Further, the low data collection rate may have resulted in missing critical points. Because of
the coronavirus pandemic at the time of data collection, researchers had to rely on the available samples
and use the simplest classification algorithms. Initially, the project was designed to use complex deep-
learning algorithms for data analysis. In that case, it would be possible to use the raw data to form a
movement schema, according to the criteria of the gross motor skill tests. It is suggested that the following
researches exploit lurger sample size data and more complex algorithms.

CONCLUSION

In conclusion, using artificial intelligence in the signal processing of only three IMU was a reliable and
practical method for assessment of FMS. This approach means that monitoring and evaluating children's
movement skills can be objective. In addition, while maintaining relative accuracy, the time involved in the
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process-oriented analysis of FMS for research, clinical, sports and educational purposes was reduced
entirely. As aresult, it can be expected that a large population will be evaluated, and the chances of planning
for targeted interventions and ultimately improving sport participation will increase.

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

Funding: This study is funded by the Science and Technology Park of Tehran University and the National
Sports Technology Innovation Center.

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.

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: Data will be available at request.

Acknowledgments: Thanks to the parents who consented for their children to participate in this study in
the acute coronavirus pandemic.

REFERENCES

1. Cattuzzo MT, dos Santos Henrique R, Ré AHN, de Oliveira IS, Melo BM, de Sousa Moura M, et al.
Motor competence and health related physical fitness in youth: A systematic review. Journal of Science
and Medicine in Sport. 2016;19:123-9.

2. Engel AC, Broderick CR, van Doorn N, Hardy LL, Parmenter BJ. Exploring the Relationship Between
Fundamental Motor Skill Interventions and Physical Activity Levels in Children: A Systematic Review
and Meta-analysis. Sports Medicine. 2018;48:1845-57.

3. Lopes L, Silva Mota JAP, Moreira C, Abreu S, Agostinis Sobrinho C, Oliveira-Santos J, et al.
Longitudinal associations between motor competence and different physical activity intensities:
LabMed physical activity study. Journal of Sports Sciences. 2019;37:285-90.

4. Robinson LE, Stodden DF, Barnett LM, Lopes VP, Logan SW, Rodrigues LP, et al. Motor Competence
and its Effect on Positive Developmental Trajectories of Health. Sports Medicine. 2015;45:1273-84.

5. Logan SW, Ross SM, Chee K, Stodden DF, Robinson LE. Fundamental motor skills: A systematic
review of terminology. Journal of Sports Sciences. 2018;36:781-96.

6. Griffiths A, Toovey R, Morgan PE, Spittle AJ. Psychometric properties of gross motor assessment tools
for children: A systematic review. BMJ Open. 2018; 8:021734

7. Utesch T, Bardid F, Busch D, Strauss B. The Relationship Between Motor Competence and Physical
Fitness from Early Childhood to Early Adulthood: A Meta-Analysis. Sports Medicine. 2019;49:541-
51.

8. Barnett LM, Minto C, Lander N, Hardy LL. Interrater reliability assessment using the Test of Gross
Motor Development-2. Journal of Science and Medicine in Sport. 2014;17:667-70.

9. Ward B, Thornton A, Lay B, Chen N, Rosenberg M. Can Proficiency Criteria Be Accurately Identified
During Real-Time Fundamental Movement Skill Assessment? Research Quarterly for Exercise and
Sport. 2020;91:64-72.

10. Haynes J, Miller J. Preparing pre-service primary school teachers to assess fundamental motor skills:
two skills and two approaches. Physical Education and Sport Pedagogy. 2015;20:397-408.

Journal of Advanced Sport Technology 6(2)

108



11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

Lander N, Morgan PJ, Salmon J, Barnett LM. Teachers’ perceptions of a fundamental movement skill
(FMS) assessment battery in a school setting. Measurement in Physical Education and Exercise
Science. 2016;20(1):50-62.

Sorsdahl AB, Moe-Nilssen R, Strand LI. Observer reliability of the Gross Motor Performance Measure
and the Quality of Upper Extremity Skills Test, based on video recordings. Developmental Medicine
& Child Neurology. 2008;50(2):146-51.

Tian ZZ, Kyte MD, Messer CJ. Parallax error in video-image systems. Journal of Transportation
Engineering. 2002;128(3):218-23.

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.

Chambers R, Gabbett TJ, Cole MH, Beard A. The use of wearable microsensors to quantify sport-
specific movements. Sports medicine. 2015;45:1065-81.

Roetenberg D, Luinge H, Slycke P. Xsens MVN: Full 6DOF human motion tracking using miniature
inertial sensors. Xsens Motion Technologies BV, Tech Rep. 2009;1:1-7.

Sgro F, Coppola R, Pignato S, Lipoma M. A systematic review of the use of technologies for the
assessment of movement in physical education. Italian Journal of Educational Technology.
2019;27(1):19-35.

Clark CCT, Bisi MC, Duncan MJ, Stagni R. Technology-based methods for the assessment of fine and
gross motor skill in children: A systematic overview of available solutions and future steps for effective
in-field use. Journal of Sports Sciences. 2021;39:1236-76.

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.

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.

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.

Barnett LM, van Beurden E, Morgan PJ, Brooks LO, Beard JR. Childhood Motor Skill Proficiency as
a Predictor of Adolescent Physical Activity. Journal of Adolescent Health. 2009;44:252-9.

Lai SK, Costigan SA, Morgan PJ, Lubans DR, Stodden DF, Salmon J, et al. Do school-based
interventions focusing on physical activity, fitness, or fundamental movement skill competency
produce a sustained impact in these outcomes in children and adolescents? A systematic review of
follow-up studies. Sports Medicine. 2014;44:67-79.

Wagner H, Pfusterschmied J, von Duvillard SP, Mdller E. Performance and kinematics of various
throwing techniques in team-handball. Journal of sports science & medicine. 2011;10(1): 73-80

Journal of Advanced Sport Technology 6(2)

109



29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

O'keeffe S, Harrison A, Smyth P. Transfer or specificity? An applied investigation into the relationship
between fundamental overarm throwing and related sport skills. Physical Education and Sport
Pedagogy. 2007;12(2):89-102.

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.
Ulrich DA. The test of gross motor development-3 (TGMD-3): Administration, scoring, and
international norms. Spor Bilimleri Dergisi. 2013;24(2):27-33.

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.

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.
Goodway JD, Ozmun JC, Gallahue DL. Understanding motor development: Infants, children,
adolescents, adults: Jones & Bartlett Learning; 2019.424 p.

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;2014.

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

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

Journal of Advanced Sport Technology 6(2)

110



bl YL 51 QU y ©ylee 0l 5095 U5
Al o Ty g0l ¢ (0Ll iy laiega Sggls ¢ golT i jgu rgeine Pl Sgezme Mt (2> alles
Yool 8L
Ol el Ol oS (5559 pole 5 (o LumyF 0aSLails ( (IS 4L3; 095 )
ORI QB S OS5 (sl @lie 5.55,5LiS pode olalS (S Cun i 09,5
Olnl (OIAs (Ols oIS (g5 (938 g pole 0uSLails Sl (g,5Ld 5 pole [ (gl i) (s (5 )5kd 095

oS

ook 69y Gt Ml ol (5 liylee 0y )l e anlE SladsesT (6)NS 0yei 0 2B 5 ey dlolis o lgan
2 S (Sebg (ol Sl eslitul (i Bl agh cnl Bae Il 03gr (S o eSS g b 8L sle
bsgs 4l VL 51 Qb WYY sl ailis (oYL 5l by (golits (5, Ojlee 0y 0] Cuz estan oo sl o 55l
Sl glaygly s 3l o i (s 03 B552) IMU as s alowl (g = 7OT) (VEVAF ) &l Vo B ¥ oS58
o3 el 518 omn ool 5 12l 53 S JLsl, G585S oS ol 4 5 e e s g s et i e
5 laosls 5055 catainb gy ad pojkiel oad bl glo &l wlid il b cudye 5, el Oles A, (0]
Gy ik g dsbone 555e] ol LS 5 Cond gl JUSa Cynr Dol Bl s ooliias] alacad o 53055 K o2y 551
5y 9 b s ais M 0" lsie @ Mol o Shee ()T j0 a5 w0l pdy i8S 18 ol 9550 Eadge g0
wleod oy TS50 5K 00,68 gomaids 8o ol suis gan aib " ol laie 4 Mms” o Slae )] [0 a5 e yob
G aanb S T U Glalae ol an,0 VE o AV YA AY (i p @ 55 Bogs (20 linl o )65l 0g a0 AD
FoS 4 aa 80 0 51 eolel IS Hley uisren s o liS |y Jae VYO Cds oS 4l IMU sl osls Lo g 4525 20,5
Cewd &y e byl s gy UK (B3l SLSESS Sl ool b 5055 j5b 4y azes (pl 28l GRalS 4B Y )
o gt S > oSl gl vz wd amie rizres el 0aiS el s 2B e nl (rlply sl ool
Gk 5l JiSm (S513 0 2 (e Slady jlesliinl Al (3 s o) BB aastie min L aS 358 (o8 (o) (Sohas
i B ik yas e 53 5355 33 50lis 5 o i (ol 6l et 5 olasel LB 1B, R 4 5
oolisal 23l 2al5 S 5550l 5 555 il el Bland sl 5 > S5 len e a8 b 5 50 ol
il e 630 g oleiel BB (Lhg; (Sundgy oyl S jl ool b s JiSKew (A3l 50 (eshas (hea
Bl (e Sl go G5 (S e D)les (2l 5 e a5 cenl pre cnl 4 0,505, (nl g ool (S5 D)l
(Sliizs Blaal ly golt (5> lo O jlee jmeans]p Julow g 5o 50 150 loj (omed s i b opl  ogdle
8l mals ol sk 4y (o555el 5 (23559 Sl

(S by (Eyan Sigh (b oyl § S ojll anly e (S5 sle Sles wly gel igalS (s o]l
e b))

Journal of Advanced Sport Technology 6(2)

111



