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ABSTRACT
We present multiple methods based on computer vision and deep
learning to automate the task of "Balancing on one foot". This is
one of the Activate Test of Embodied Cognition (ATEC) tasks used
to measure cognitive skills in children through physical activity. A
dataset of 27 children performing the ATEC task is used to train
and validate the deep learning models used to automate the task.
As opposed to most balance identification systems that use sensors,
our proposed approach relies only on computer vision which can
be easily deployed at home or classroom environment, is portable,
and cheap. Our proposed system automatically identifies the task
and assigns an ATEC and an ergonomics score for the "Balancing
on one foot" task. Our proposed system achieves an accuracy of
97% when calculating the raw score for the ATEC task and 86.5%
for assigning the ergonomic score.
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1 INTRODUCTION
Executive functions (EFs) are high-order cognitive processes that
are necessary to regulate cognitive control of behavior. The cog-
nitive control of behavior is required for us to attain our chosen
goals and is essential for a person’s positive development and the
ability to make healthy life choices. According to this study, core
EFs are based on inhibition, interference control, working mem-
ory, and cognitive flexibility [13]. People suffering from Attention
Deficiency Hyper-Activity Disorder (ADHD), depression, or other
mental or learning disorders often have issues with higher-order
executive functions [26] [30]. Cognitive impairment in executive
functions in children could lead to poor academic performance, and
various other issues such as substance use disorder, impulse disor-
der, and other mental illnesses. It is important to identify cognitive
problems in early childhood due to brain plasticity being highest in
children. Early diagnosis also provides the chance for remedial in-
terventions and overall better quality of life for the children affected
with cognitive issues.

There are various tools for cognitive assessments of children,
each with different goals and target age group [28] [22]. One such
standard tool is the NIH toolbox [35]. The two tasks of the NIH
toolbox, the Dimensional Change Card Sort (a measure of cognitive
flexibility) and a flanker task (a measure of inhibitory control in the
context of selective visual attention), are administered using com-
puters or tablets. These tasks require little to no body movements
and various study shows a strong correlation between cognitive
and motor skills [10] [11]. Thus the need for an assessment method
arises which is both mentally and physically challenging for chil-
dren, resembles day-to-day activity, and is an objective measure.
The ATEC is an assessment method designed to measure executive
functions in children through physically and cognitively demanding
tasks [5, 6, 14, 16, 32–34]. The ATEC aims to provide an automated
system that is cost-effective, easy to deploy, can capture the move-
ment of children accurately, and generate a reliable score for the
tasks performed by children.

Some executive functions such as motivation, behavior orga-
nization, working memory, inhibition, etc., are part of the er-
gonomics/human factors behavioral spectrum [15]. Previously, the
authors introduced two ATEC tasks named "Ball-Drop-to-the-Beat"
and "Sailor Step" with an automated scoring system for the tasks
[14] [25]. In this paper, we introduce a new ATEC task with an
automated scoring system. Apart from the raw score to calculate
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the ATEC score, our system provides an ergonomics score for the
task performed by the children. This ergonomics score is an indi-
cator of the efficiency of the static balancing task performed by
the children and correlates with their executive function. The main
contributions of this work are:

• A new ATEC task named "Balancing on one foot" to assess
cognition in children.

• Computer-vision and deep learning-based system to auto-
matically calculate the ATEC score and ergonomics score
for the introduced task.

The rest of the paper is organized as follows: Section 2 discusses
related work, Section 3 provides a short introduction to ATEC and
the assessment task, Section 4 provides the data collection and
annotation method, Section 5 describes our proposed methods,
Section 6 discusses experiments and results, section 7 discusses
how to relate the raw score to ATEC score for cognitive measure
followed by conclusion in Section 8.

2 RELATEDWORK
The identification of the "Balancing on one foot" task is a problem
of the Human Activity Recognition (HAR) domain. Human Activity
Recognition is the task of classifying or predicting action performed
by a single or group of individuals. HAR classification tasks require
a series of data points which makes them different from image
classification or object detection tasks. In this study [14], authors
used OpenPose to extract the key body points from video frames.
These extracted key body points were used in tandemwith machine
learning techniques such as K-Nearest Neighbor, Random Forest,
Decision Tree, and Multi-layer Perceptron classifiers to identify
the tasks performed by children. In another study [25], authors
proposed a multi-modal system that employs an attention-based
fusion mechanism to combine multiple modalities such as optical
flow, human poses, and objects in the scene to predict a child’s
action. This multi-modal approach has a higher accuracy than the
approach mentioned in [14].

In most cases, combining deep learning methods with traditional
classifiers such as SVM is used to identify human activities [7]. This
study presents a convolutional neural network-based approach for
activity recognition by combining multiple vision cues [17]. The
method presented in this study [29] uses a convolutional neural
network (CNN) and deep bidirectional LSTM (DB-LSTM) network
to preprocess the video data as a whole. The extracted features from
the frames are learned using a DB-LSTM network, where multiple
layers are stacked together in both forward pass and backward pass
of DB-LSTM to increase its depth and learn long term sequence
[29]. This method performs better than single-frame-based activity
recognition models.

Another popular method of human activity recognition is by
using the key body points extracted using Openpose [9] or other
methods that extract key body points [21]. Deep neural network or
other classifiers are used to identify and classify poses using key
body points extracted using these methods [18] [23] [31]. Similar
to these methods, our proposed system uses extracted key body
points to identify the static balancing state of the children.

3 THE ACTIVATE TEST FOR EMBODIED
COGNITION AND TASK DESCRIPTION

The ATEC [8] measures cognitive function in children. Unlike tra-
ditional standard measures for executive function such as the NIH
toolbox, the tasks in ATEC are both physically and cognitively
demanding. The test is administered using a system that scores
the participant automatically with motion and video capture tech-
nologies. The ATEC tasks measure executive and motor functions
which are then converted into a final ATEC score to describe the
level of cognitive development.

There are 17 physical tasks in ATEC to measure balance, rhythm,
response inhibition, coordination, attention, memory, working
memory, motor speed, etc. Previously, automated scoring solutions
for three of the ATEC tasks, "Tandem Gait" [33], "Ball-Drop-to-
the-Beat", and "Sailor Step" [14] were developed. In this paper, we
provide multiple solutions to automatically identify and score the
"Standing on One Foot" task performed by children. This task be-
longs to the gait and balance domain of the ATEC tasks.

Even though it might appear simple, balancing on one foot re-
quires focus, coordination between muscles and works as a building
block for more advanced motor skills. This study [27] shows that
dyslexic children are less stable when balancing on one foot. On
the contrary, this study finds a relationship between poor balanc-
ing and attention deficit hyperactivity disorder (ADHD) [24]. Poor
balancing is related to early childhood cognitive deficiencies, and
"Balancing on One Foot" is an effective way to identify it.

4 DATA COLLECTION AND ANNOTATION
A dataset is created for the "Balancing on one foot" task from par-
ticipants ranging from 6 to 11 years old of age. The Figure 1 shows
the setup used for the data collection step. An RGB camera is used
to capture the front view of the children performing the task of
static balancing on one foot. The cameras used to collect data are
connected to a GUI model that the administrator can use to moni-
tor the flow of the assessment. A display in front of the children
shows interactive videos to make the data collection process more
engaging for the children. The dataset consists of 27 videos from 20
subjects. After parental consent and screening processes required
by the study protocol were satisfied, data was collected in the class-
room and home environment. Before each session, the participating
children were instructed on the task.

Figure 1: Data collection setup
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Figure 2: Complete system overview.

Each video session in the dataset ranged between 14 seconds to
17 seconds. The videos are captured with equipment that provides
30 frames-per-second. For annotation purposes, five frames per sec-
ond are sampled from the videos. As the subjects moved relatively
slowly, the impact of sampling images at five frames-per-second
for training the models is sufficient.

The sampled images are cropped to get rid of unnecessary objects
and to reduce computational costs. Then each image is assigned
two labels. The labeling is done by expert annotators by manually
going over each of the sampled image. The first label is the static
balancing state, which is either "Standing" or "Balancing". The label
"Standing" means children are standing on both feet and the label
"Balancing" means children are performing the static balancing
task of balancing on one foot. A second label between 0 to 3 based
on the subject’s balancing posture is assigned to the images. This
second label serves as the ergonomic score of the children while
performing the task. If the subject is standing on two feet, a label of
0 is assigned. If the subject is balancing on one foot, a label between
1 to 3 is assigned based on the posture and stability. An image
having the label 3 means the subject performing the balancing task
has good stability and posture. A label of 1 means poor balance
and stability of the subject. This labeled dataset is used to train
the models in the system to calculate the raw score of the ATEC
balancing task and ergonomics score for the task.

5 PROPOSED METHODS
Unlike methods that use specialized sensors or devices to detect
balance or lack of balance [4] [12], our solution is based on com-
puter vision. In our proposed solutions, we use MoveNet [1] with
Tensorflow [3] to extract the key points of the human body and
to train our models. Our proposed solutions can be deployed on
smartphones or tablets and do not require any specialized sensors
or devices. As no specialized sensors or devices are required, our
proposed solution is portable, cheap, and easy to deploy in a home
or classroom environment.

5.1 Static Balance Identification
The Figure 2 shows an overview of our proposed system. Our
system has a preprocessing module, a feature extraction module,
and two classifiers. The preprocessing module segments the video

into images. As the movements of the children are slow, we obtain
every sixth frame from the videos to reduce the number of similar
images and computational costs. The images are preprocessed to
move the subjects to the center and resized to reduce computational
complexity and remove irrelevant subjects from the background.
The feature extraction module uses MoveNet [1] to extract the 17
2D key body points along with their confidence score from each of
the preprocessed images. The extracted features are then used by
the two classifiers of the system. The accuracy of the entire system
depends on the two classifiers. The first classifier is used to identify
the static balancing state of the children and the second classifier is
used to score the ergonomics of their posture if they are performing
the static balancing task. The number of frames where the children
are performing the static balancing task is identified and used to
calculate the total time they are performing the balancing task. The
ergonomics score of each frame where they are performing the
balancing task is obtained from the second classifier and averaged
to obtain the overall ergonomics score of the task. The first task is
to determine whether the subject under consideration is standing
or balancing. This step is critical since the ergonomic ratings of the
balancing state can only be evaluated once the classification has
been done successfully.

5.1.1 Range Based Classification. For static balance identification,
we developed heuristics to see how it can classify the subject under
consideration from the test image to one of the two available classes:
Standing and Balancing. The angle formed by the line segment
joining the knee and the ankle with a line drawn perpendicular to
the horizon is used as the classification metric.

Let us denote the perpendicular to the horizon with P . Based on
observation by the domain experts, it is assumed that this angle
formed by both the legs in standing posture is between 0 to 10
degrees on either side of P . To summarize:

• Classify the test image to Class 0 (Standing) if the angle
formed by the line segment joining the ankle and knee with
P is between 0 to 10 degrees for both the legs.

• Classify the test image to Class 1 (Balancing) if the angle
formed by the line segment joining the ankle and knee with
P exceeds the 10 degrees limit by at least one of the legs.
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(a) Standing

(b) Balancing

Figure 3: Range based classification

In Figure 3a, the angles formed by the leg segments of both the
legs with P fall within the 10 degrees range. Here θ1 represents the
angle formed by the line segment joining the right ankle and the
right knee with P whereas θ2 represents the angle formed with that
of the left ankle and left knee. Since both θ1 and θ2 ranges from 0
to 10 degrees, the subject under consideration has been identified
to be in a standing position. On the contrary, Figure 3b depicts the
scenario where the subject is in a balancing position. Although θ1
is within 10 degrees, θ2 exceeds the 10 degrees limit. So, it has been
identified to be in a balancing position.

5.1.2 Deep Neural Network: An improvement is to use a deep
neural network instead of the previously mentioned naive approach
as the first classifier to identify the balancing state of children. In this
approach, the feature obtained from the feature extraction module
is used to train a neural network. For each image in the training
dataset, the extracted features and associated first label are used.
The first label describes the balancing state of the children which
is either "Standing" or "Balancing". For each image, the extracted
feature matrix has a shape of 17X3 which is the x ,y coordinates,
and the confidence score of the 17 key body points. The extracted
features are first normalized and then flattened into a vector of
shape 51X1 which is used to train a deep neural network model.
Once the model is trained, the testing dataset is used to validate the
model. If the output of the first model is "Balancing", then the input
key body points of the system is passed to the second classifier to
calculate the ergonomics score. If the output of the first model is
"Standing", an ergonomic score of 0 is assumed for that frame.

5.2 Ergonomics Scoring
Researchers have widely used ergonomic postural assessment meth-
ods to evaluate the risks of musculoskeletal disorders[19]. In this

paper, we have analyzed the ergonomic posture of children to assess
their executive functions.

Figure 4: Ergonomic scores are assigned between 1 to 3. Sub-
ject in (a) is assigned an ergonomic score of 1, (b) is assigned
an ergonomic score of 2, and (c) is assigned an ergonomic
score of 3.

We have proposed three different approaches to score and eval-
uate body posture on a scale of 1 to 3 depending on how well the
children balance. A score of 1 indicates that the child’s posture is
poor, a score of 2 indicates that the child’s posture is average, and
a score of 3 indicates that the child’s posture is excellent.

5.2.1 Weighted Matching: We calculated the weighted score for
each test image by comparing its key points extracted using
MoveNet to those derived from the training images for all three
classes. We used the weighted distance, which takes into consider-
ation the confidence score as well as the x and y coordinates of the
retrieved keypoints [2].

D(F ,G) =
1∑17

k=1 FCk
X

17∑
k=1

FCk ∥Fxyk −Gxyk ∥

Here, F and G are the two pose vectors that could only be com-
pared after L2 normalization, F xy and Gxy are the x and y coordi-
nates of the kth keypoint for each vector, F ck represents the confi-
dence score of the kth keypoint of F . After computing the weighted

Figure 5: Weighted Matching Ergonomic Scoring

distance of each test image with that of the training images, we
sort the instances in increasing order of their distance along with
the corresponding class labels. Finally, we pick the top k distances
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and score the test images based on the maximum occurrence of the
class labels in the top k values.

5.2.2 Range Based Scoring: Similar to the previous range-based
classification, we adapted the range-based scoring and assigned
a score of 1 to 3 to each of the three selected ranges. The angle
ranges are selected based on expert observations. Table 1 depicts
the different ranges and its corresponding scores.

Table 1: Range Based Scoring.

Angle Ranges Score
0 to 20 degrees 1
20 to 40 degrees 2

Otherwise 3

To begin, we must determine which leg is elevated above the
ground when balancing. Then we should measure the angle it is
creating with the line perpendicular to the ground. If the angle is
between 0 to 20 degrees, we can say that the subject is not balancing
well and we assign an ergonomic score of 1. If the angle is between
20 and 40 degrees, we consider it average and give it a score of 2. If
this angle goes beyond 40 degrees, we can say that it the subject is
in an excellent balancing state and hence assign a maximum score
of 3.

5.2.3 Neural Network Based Scoring: We can use a deep neural net-
work based classifier to assign an ergonomic score to the balancing
state of children in each frame. Same as the neural network based
classifier used to identify the static balancing state of the children,
the second deep neural network based classifier is trained with the
key body points. But instead, the first label, the second label of the
image frames is used from the annotation, which is the ergonomic
score of the children for that particular frame. The input shape of
the second classifier is the same as the first deep neural network
based classifier with the difference in the output. The output of the
second classifier is either the label "1", "2", or "3" which corresponds
to the ergonomic score of the children for that particular image
frame.

6 EXPERIMENTS AND RESULTS
The experiments are performed in a system with an intel core i7-
8750 quad-core CPU, 16GB of RAM, and NVIDIA GTX 1060 GPU
with 120 Cuda cores and 14GB of graphics memory.

For training and testing the models, an 80-20 split is done on the
dataset where 80% data are used for training and 20% of the data
are used for testing and evaluation. The models are trained for 5
such different 80-20 splits of the dataset and the accuracy of each
of the 5 iterations is averaged and reported in this section. We use
SVM in place of both the first and second classifier in the system
as a baseline for comparison.

For the Range Based Classification, we have selected a range
of 10 degrees on either side of the line drawn perpendicular to
the horizon based on expert opinion. Using this method, we have
achieved an accuracy of 87.15%.

For the first classifier when a deep neural network is used, we
get an accuracy of 97% which is a substantial improvement over the

naive approach. This deep neural network classifier is trained in Ten-
sorflow [3] framework for 100 epochs with ADAM optimizer[20].
The learning rate and batch sizes are 0.001 and 48 respectively.
These values are obtained empirically. The models are trained us-
ing the feature extracted using MoveNet [1] from the segmented
images. The following table shows the accuracy of the various ap-
proach used as the first classifier to identify the static balancing
state.

Table 2: Classifiers accuracy to identify static balancing
state.

Method Overall Accuracy
Range Based Classification 87.15%

SVM 95.48%
Deep Neural Network 97%

For the weighted matching, we first analyzed the number of
samples from each of the individual classes in the training dataset.
Computing the weighted matching using an imbalanced dataset
may lead to a biased result. Hence, we needed to down-sample
the number of instances of the classes to make it balanced. Then,
we computed the weighted distance of the key points of each test
image with that of all the available key points for the training
images. The lower the distance, the closer are the points. We sort
the distances, pick the top 3 and assign a score of 1 to 3 based on the
maximum occurrence of the class labels. We achieved an accuracy
of 77.24% using the weighted matching technique. Using the range-
based scoring method, where we have selected three different angle
ranges for the three different classes, we have achieved an accuracy
of 61.53%.

Table 3: Classifiers accuracy to assign ergonomics score.

Method Overall Accuracy
Range Based Scoring 61.53%
Weighted matching 77.24%

SVM 80.1%
Deep Neural Network 86.5%

For the second classifier, we can also use a deep neural network
to obtain the ergonomics score. The deep neural network classifier
performs better than the rest of the approaches. This deep neural
network classifier is trained in Tensorflow [3] framework for 200
epochs with ADAM optimizer[20]. The learning rate and batch
sizes are 0.001 and 48 respectively. These values are also obtained
empirically.

7 RELATING RAW SCORES TO COGNITIVE
MEASURES

The proposed system automatically calculates the raw score of
the balancing task and the ergonomics score of the task. As each
collected video consists of 30 frames per second, we can easily
calculate the raw score for the standing on one-foot task, which is
the time the children are maintaining balance on one foot. If the
children are balancing on one foot in FB frames in an FN frame
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video, and the video is captured in 30FPS, then the time children
are balancing on one foot is,

TB =
1
30

∗ FB

Where TB is the total time in seconds the children are balancing
on one foot, FB is the number of frames in which children are
performing the static balancing task, and FN is the number of
frames in the video.

This system-provided raw score has to be meaningful to spe-
cialists, which is why this raw score is converted to a meaningful
cognitive measure using the ATEC rubric. The following table con-
tains the ATEC rubric for converting the raw score to the ATEC
score.

Table 4: Raw score to ATEC score conversion rubric.

Balancing Time TB ATEC Score
TB < 5 0

5 <= TB <= 8 1
9 <= TB <= 10 2

For calculating the ergonomics score, only the frames where the
children are balancing on one foot is considered. If the children are
balancing on one foot in FB frames and summation of ergonomics
score for the session is Stotal , then ergonomics score for the session
is,

SEд =
Stotal
FB

8 CONCLUSION AND FUTUREWORK
In this paper, we presented a novel dataset of 27 children performing
the task of balancing on one foot. We also proposed a computer
vision-based system to automatically score the task and assign
an ergonomics score for the task with acceptable accuracy. Our
proposed approach is portable and cheap which can be deployed in
the classroom or home environment using a smartphone or tablet.
Our goal is to design a fully automated and low-cost system for the
other ATEC tasks and collect more data to improve the accuracy
of the tasks. Apart from that, we want to develop an automatic
ergonomic scoring system for the other ATEC tasks which can be
extended to other domains.
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