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Abstract. This paper introduces a novel approach to quantify the quality of human actions. The presented approach uses expert action data to
define the space in order to gauge the performance of any user to identify expertise level. The proposed approach uses pose estimation model to
identify different body attributes (legs, shoulders, head ....) status (left,
right, bend, curl ...), which is further passed to autoencoder to have
a latent representation encoding all the relevant information. This encoded representation is further passed to OneClass SVM to estimate the
boundaries based on latent representation of expert data. These learned
boundaries are used to gauge the quality of any questioned user with respect to the selected expert. The proposed approach enables identifying
any critical situations in real work environment to avoid risky positions.
Keywords: Autoencoder · OneClass SVM · Actions evaluation · Wearable sensor.
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Introduction

Human-activity recognition (HAR) is one of the important research topics for
the systems involving human-machine system [9, 13]. It has a wide variety of
applications such as health care, rehabilitation, education, sport, and worker
assistance [25, 20, 17, 15, 19]. Especially, if the system can assess the quality of
action and gives moderate feedback to the users about how they can improve.
Forevermore, it can be used for training as well as to avoid any critical situations.
With the recent progress in deep neural networks (DNN), the performance
of HAR system has been significantly improved both in terms of accuracy and
the number of actions [7, 10, 22, 24]. While state-of-the-art HAR [22, 7] research
accomplished promising performance for many action recognition tasks, most of

2

M. Al-Naser et al.

the researches mainly focused on recognizing which action is being performed
[6, 10, 22]. Though these researches are meaningful and can be utilized for an
application to recognize whether the sequence of action executed or not, they do
not focus on identifying the quality of recognized action. We found only limited
number of research on how to assess the quality of action [7, 8, 15] and most of
them based on video sequence analysis.
In this paper, we propose a novel approach to quantify the quality of action
using wearable sensor, in which we use autoencoder and OneClass SVM. In
contrast to the existing approaches [7, 7, 18] which work only with video data;
the proposed approach deals with sensors data that obtained from wearable
sensors (namely perception neuron [2]) to assess the quality of various actions.
Sensors in the wearable device directly measure the movements of more than 30
body parts, and collected data is used to create attributes of the body joints, the
attributes passed to the autoencoder to create the latent space. Then the model
learns to estimate the boundaries based on latent representation of expert data.
These learned boundaries are used to assess the quality of any questioned user
with respect to the correspondent expert. The proposed approach provide both
coarse as well as fine grained information about quality of an action. This means,
it firstly provides an overall information about how good a particular action is.
Then for fine details, it highlights part of the action which can be improved to
increase overall quality of that particular action.
Our main contributions are as follows:
– We propose a novel method to assess the quality of various actions sensed
by wearable sensor.
– We provided a new human action dataset using wearable sensors to be used
for actions assessment.
The experimental results showed that our model achieved high accuracy for
most of the actions.

2

Related Work

Only a limited number of research tackled the problem of action quality assessment [18, 20, 23]. Lv et al. proposed a system [14] which assesses the quality of
driving behaviors based on radio signals. They used hand-crafted features for
quality assessment, and the system can be used for differentiating a triple body
status and for identifying among 15 drivers with high accuracy. An efficient system to detect and classify several swing motions in various kinds of sports has
been developed by Anand et al. [3], by utilizing IMU sensor on users wrist. Regarding the movement assessment for sport, there are some other studies [12,
15], for example, Bacic [4] used vision-based motion capture system to analyze
the swing motion of tennis whether the swing is good or bad. Although some of
the research above aimed to develop a general system to assess the movements
of users, their systems rely on some features and methods which are specific to
their target movement, implicitly or explicitly.
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Velloso et al. [21] also presented a system which assesses the performance
of users in real time and provides feedback on how to improve their performance. Their system is also designed to their specific target action. However,
they gave some important indications in their paper. They said, ”This evidences
that specifying a movement by natural language and estimating precise angles
by observation is difficult”, and therefore they adopted Programming by Demonstration (PbD) approach. PbD aims to make it possible to program systems by
having a user demonstrate to them how they should behave, instead of hardcoding a systems behavior. This is a very important indication for us, because it is
often the case that experts cant explain the key point of their skill by natural
language. In other words, they have muscle memories about how they should
execute, but it is very difficult for them to verbalize their skill. In this sense,
PbD approach seems promising for our purpose.
In the domain of image processing research, deep-ranking approach has recently achieved a great success in skill assessment. Doughty et al. [7] presented
a general method for assessing skill from video. The authors collected egocentric
videos from both experts and novices, and defined which video has better skill
level than the other. With this information, the model learned how to assess
skill, like surgery, drawing, and rolling pizza dough, and so on. One advantage
of their approach is that their model can deal with many kinds of activities,
since the model is designed independently from task specific information. This is
important because it can assess many kinds of actions with such generalization
capability. Also, Doughty et al. [8] presented a temporal attention modules to
determine relative skill from long videos, they use a rank-aware loss function to
train a temporal attention model. The model learns to attend task-relevant video
parts. Also they proposed a joint loss trains two attention modules to separately
attend to video parts, which are indicative of higher (pros) and lower (cons) skill.
Although the models show a very good results in skill determination, but such
settings is difficult to use in the working environment, because of the privacy
issues and the occlusions that usually happens for the video.

3
3.1

Target Actions and Data
Target Actions

Since most of the existing methods are based on video analysis, there is no publicly available dataset for evaluating the quality of action, we need to construct
a dataset by ourselves.
Supposing that actions are in a real scenario, the key point of skills can
exist at any part of the body. For example, if a user is using screw driver, the
movement of arms and/or hands might be important, however if the user needs
to use it in a narrow space, the movement of legs and waist are also important.
Therefore, we designed our experiments where target actions are defined based
on the following criteria.
– As a whole, target actions contain movements of whole body.
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– To confirm the validity of our system after the development, both good action
and bad action need to be definable by an existing metric.

Table 1. Target actions definition
action pick up
hold
move
Use legs
Bend knees
Stretch elbows
Don’t twist waist
Good Put body closer to Object
Keep object closer to Body
Don’t bend knees
Bend waist
Bend elbows
Bad
Keep body distant from object Keep object distant from body Twist waist

Based on these requirements, we chose three actions, which are ’pick up’,
’hold’, and ’move’ an object 1. These three actions compose an activity of carrying an object, and to carry an object the worker needs to use his/her whole body.
Also, it’s important that these actions are basic and common in any real scenario. Additionally, there’s a global metric for estimating workload with respect
to workers posture, named as OWAS (The Ovako Working posture Assessment
System). By using this metric, we can define both good action and bad action.
In this paper we call the good action (expert) and bad action (novice), where
we think the good skills lead to less workload. Figure 1 shows images of good

Fig. 1. Target actions. The top images are the good actions(expert) and the lower ones
are the bad actions(novice). Where the left column is ’hold’ action, the middle is ’move’
action, and the right is ’pick up’ action.

and bad manner for each action, and Table 1 shows the definition of good and
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bad manner for each action. In ’pick up’ action, a user picks up and puts down a
printer from/on the floor. The key point of this action is the movement of waist
and knees, and a worker may hurt his/her back in bad action. In ’hold’ action, a
worker keeps holding a projector, and he can walk around freely while holding it,
and the key point for this action is the usage of elbows and upper arms. The bad
manner of this action easily causes fatigue on upper arms. In ’move’ action, a
worker moves a projector from front to left/right side. In this case, if the worker
twists his/her waist while ’move’ action, it may damage his/her waist.
3.2

Wearable Sensor

Our goal is to quantify the quality of full-body action. Thus, a very dense sensor
set across full-body is required. Perception Neuron from Noitom Ltd [2] as shown
in figure 2 is one of the best commercial products that satisfies this requirement
and it is available in the market. It has 31 IMU sensors across full body; 1 on
head, 2 on shoulders, 2 on upper arms, 2 on lower arms, 2 on hands, 14 on fingers,
1 on spine, 1 on hip, 2 on upper legs, 2 on lower legs, 2 on feet. Each IMU is
composed of a 3-axis accelerometer, 3-axis gyroscope and 3-axis magnetometer.

Fig. 2. The perception neuron sensor.

3.3

Dataset

We collected data of three actions in the laboratory. Table 2 gives the conditions
when we collected the data. As we mentioned before, the target actions are ’pick
up’, ’hold’, and ’move’. 11 participants joined the data collection. We collected
data 3 times for both good action and bad action respectively, and 1 trial of data
collection lasted for 1 minute. During 1 trial, participants were asked to perform
the same action repeatedly. The definition of one repetition for ’pick up’ is to
pick up a printer and to put it down on the floor, and for ’move’ is to move a
projector from front to right, turn to the printer, and move it to the original
position again. We collected data from 29 IMU sensors, all sensors without on
feet, across full body. Since the magnetometer provides the position of the sensor
in quaternion, each IMU provides 10 types of data at 60 fps.
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Table 2. Conditions of collecting action data
Number of actions
3 (Pick up, Hold, Move)
Number of participants
11
Number of trials for each action Total: 6 (3 for good action, 3 for bad action)
Duration time for 1 trial
1 minute

4

Proposed Method

Our model is inspired by anomaly detection methods [5][11] which have a very
good performance in outlier detection. These methods use the reconstruction
loss of the autoencoder to detect the anomaly data, where the normal data have
lower reconstruction loss than the outlier data as shown in figure 4. The model
use only good actions (expert) data to define the expert space, to compare the

Fig. 3. Overview of the initial model.

performance of any user in order to identify the action level.
Table 3. Pose estimation attributes which are used as an input for the autoencoder.
It’s to be noted that some of them are binary attributes, while others have continues
values
Joint
head
shoulder
elbow
wrist
hand
waist
hip joint
knee

Type
classification
classification
regression
regression
classification
classification
regression
regression

Value
up, down, left, right, front
up, down, left, right, front
0 (straight)-1 (bend)
0 (reverse curl)-1 (curl)
normal, grasp, pointing
straight, bend, twist-L, twist-R
0 (straight)-1 (bend)
0 (straight)-1 (bend)

In our model we employed a zero-shot pose estimation model [16]. The sensors
raw data passed to the model to estimate the status of 14 major human-body
joints, which we call attributes. The attributes represent various body poses,
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Fig. 4. Reconstruction loss values for ’pick up’ action.

Where multi-class classification or regression are used for the joints depending
on their characteristics, see table 3. Note that each joint has left part and right
part except head and waist. In the next step, we passed the attributes to the
autoencoder to create the latent space of the good skills. The autoencoder which
we use is deep autoencoder consists of three fully connected layers, and the
reconstruction loss is mean square error. The overview of deep autoencoder is
shown in Figure 3. After testing the model with good actions (expert) and bad
actions (novice), we found the reconstruction loss of the expert less than the
novice reconstruction loss, as shown in Figure 4, which means the autoencoder
succeeded in learning the differences between the good and bad actions.

Fig. 5. Overview of encoder and OneClass SVM.

Then, we developed the model to score the actions. We substituted the decoder part in the autoencoder by OneClass SVM model, as shown in Figure
5. For OneClass SVM, we used RBF(radial basis function) kernel since we are
dealing with non-linear problem. The OneClass SVM learns the latent space of
the experts skills, so that it can output the decision scores on the test data.
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Training and Evaluation
Training

For training, evaluation, and testing, we manually separated the recorded data
of 1 trial into several splits, which contains one repetition of action. We created
6 splits for ’Pick up’ and 5 splits for ”Move”. As we recorded ’hold’ action
continuously, we don’t have clear cut to create splits. For this experiment we
divided the whole action data into 6 same duration splits. Table 3 shows the
number of splits for each action.
Then, we separated the data into training, validation and test data. Since
there is a lot of individual variations in data, we separated data in terms of
person so that our model will be tested with completely new data in validation
and test phase.
We train our model by feeding the sensors data to the pose estimation model,
the model use 0.5 second time window to estimate the attributes of the body
(joints status), where the number of the estimated attributes is 33 for each
window.
Table 4. Number of splits for each action
Action
Pick up
Hold
Move

Number of splits from 1 trial Number of splits in total
6
396 (Expert: 198, Novice: 198)
6
396 (Expert: 198, Novice: 198)
5
330 (Expert: 165, Novice: 165)

Then we concatenate 5 window attributes together to train the autoencoder
as shown in figure 6. While training we save the latent space for each batch until
the epoch is finished. Then we train the OneClass SVM by the saved latent space.
We tried to train the OneClass SVM by latent space of each batch separately,
but the results was worse than the training by the latent space for the whole
data. Next step is to validate the OneClass SVM model using expert and novice
data, and we keep doing this to the last epoch.

Fig. 6. Each 5 window attributes concatenated together then trained on the autoencoder
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Also, we want to check how the increase of the training data affects the
results, So we gradually increased the number of people for training data from
2 to 5, one by one. Practically, we always regarded one specific person as a test
data. At the beginning of experiment, we used only the data from 2 participants
as training data, and did the rest as validation data. After each experiment, we
took 1 participant from validation data and added it in training data.
5.2

Evaluation

Finally, after training our model, we evaluated the model with accuracy, which
is calculated with the following equation.
accuracy =

Lcorrect
Ltotal

(1)

Where, Ltotal is the number of splits for test data. And Lcorrect is the number
of splits in which the score for expert was higher than 0, and the score is less
than 0 for the novice.

6

Results

As described in the training section, we trained the model with 2 participants
then increased the training data one by one to 5, we stopped at 5 participants
because we didn’t find improvement in performance with the increase of the
training data. Where the model has already showed a very good performance
with 2 training participant, as shown in table 5. So all the presented results are
for the model trained by 2 participants. And note that the avatar in figures 7
and 8 is for the participant during the experiment, it’s created by the AXIS
Neuron the perception neuron software [1]. We can see example of the scores
for the target activities in figure 7, we can notice that the model has a very
good performance in evaluating these actions. Note that the decision scores of
OneClass SVM becomes positive when the data is recognized as an expert, and
goes negative when recognized as a novice.
Table 5. The accuracy of the model for each action

Expert
Novice

Pick up
98%
99%

Hold
99%
99%

Move
76.4%
76%

Also, to validate our results and to know which epoch model is the best to
use, we tested in each epoch one expert data and one novice data and plotted the
results as it appears in figure 10. This figure shows the average score of experts
and novices over the epochs. It is clear that the model was able to learn and
score the actions after a few epochs. We can notice from the results as shown
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Fig. 7. Example of results for all actions. Top images for good actions, bottom images
bad actions, where left is ’hold’, middle ’move’, and right ’pick up’ action.

Fig. 8. Three examples of the ’move’ action. We can see that with more twist in the
waist the more negative the score. From left the novice to the right the expert.

in table 5 that the most challenging action for the model is ’move’. We assume
it’s because of the waist, which is the key attribute to identify novice and expert
for this action, the waist has no clear joint movement as the other joints in the
body. Still the model proved that it can evaluate the skills of the participants
comparing to the expert action. Figure 8 and 9 show examples of results for
experiment participants of ’move’ and ’pick up’ actions. We can see that when
the performed action is closer to the good action (expert), the score becomes
higher (4.56), and it gets gradually lower when the performance get closer to the
bad action (novice).
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Fig. 9. Four examples of the ’pick up’ action. We can notice that with more bend in
the knees and less bend in the back the more positive the score is. Left the most novice
to the right the most expert

Fig. 10. Average score of experts (blue) and novices (red) over epochs. Where the left
is ’Hold’ action, middle for ’Pick up’, and right for ’move’ action. Where x-axis is the
epochs and y-axis is the score

7

Discussion

A quantification of action model has been developed to assess actions in real
scenarios. Our initial model consists of body pose estimation model followed by
autoencoder. Then we developed this model to score the action level. As shown
in the results section, the recognition accuracies of quality evaluation is around
99% for ’pick up’ and ’hold’ action, and 76% for the ’move’ action.

Fig. 11. OneClass SVM scores (each column represents one split)

Figure 10 shows average scores of experts and novices over epochs. We notice
that the model can learn the differences between expert and novice in all three
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actions, still the difference in the score value for the ’move’ action is close between
expert and novice, also we can see this in Figure 11. To analyze further we
checked the autoencoder reconstruction loss for this action, see figure 12. It’s
clear that the novice reconstruction values are close to the expert values, and its
getting closer over epochs, which is not the case for the other actions, see figure
4.
Then, why our model have difficulties only for ’move’ action? We assume
mainly 2 reasons to this problem. The first reason is that ’move’ action has only
small differences between expert and novice action, compared to other 2 actions.
The second reason is that the sensor we used may not provide enough data to

Fig. 12. Reconstruction loss for ’move’ action. The values of the novice (bad) movement
are close to the expert (good) values.

recognize twisting waist. Twisting waist can be explained as the direction of
upper body rotates to left or right while the direction of lower body remains as
it is. Perception Neuron has 1 IMU sensor on spine, and it can work to detect
the rotation of upper body, however it has no IMU sensor which is suitable
to detect the direction of lower body. We think by improving the waist status
representation the model will perform better as the ’pick up’ and ’hold’ action.

8

Conclusion

We presented a novel action quality quantifying model uses only the expert
data to learn the good skills. The base of our architecture is pose estimation
model followed by autoencoder, then on top of it a OneClass SVM model. The
model learn to estimate the boundaries based on latent representation of expert
data. These learned boundaries are used to assess the quality of any questioned
user with respect to the selected expert. The model showed that it can asses
the actions quality in high performance, where it achieved accuracy of 99% for
’hold’ and ’pick up’ actions, and 76% for ’move’ action.
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