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Human activity recognition is progressing from automatically determining what a person is doing and when, to additionally
analyzing the quality of these activities—typically referred to as skill assessment. In this chapter, we propose a new framework
for skill assessment that generalizes across application domains and can be deployed for near-real-time applications. It is based
on the notion of repeatability of activities defining skill. The analysis is based on two subsequent classification steps that analyze
(1) movements or activities and (2) their qualities, that is, the actual skills of a human performing them. The first classifier is
trained in either a supervised or unsupervised manner and provides confidence scores, which are then used for assessing skills.
We evaluate the proposed method in two scenarios: gymnastics and surgical skill training of medical students. We demonstrate
both the overall effectiveness and efficiency of the generalized assessment method, especially compared to previous work.
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1 INTRODUCTION

Human activity recognition (HAR) is a core component of many ubiquitous computing systems that aims to automatically infer
the type of activities a person is engaging in and their spatio-temporal tags, that is, when and where an activity of interest
happens. Inertial measurement units (IMUs) are typically the modality of choice for capturing activities, which is largely due to
practical reasons, such as ubiquitous availability through smartphones or mainstream wearables, location independence as
devices are typically with a user most of the time, and privacy preservation during recording (no cameras). Often machine
learning methods are employed for sensor data analysis (cf., e.g., [8]). HAR has become a mature research field and the
community is moving on from developing systems that help explore what and when something of interest is happening towards
how (well) it is being performed. This emerging field is referred to as quality or skill assessment and the first systems have been
developed for automated assessments in various sports, thereby providing insights into an athlete’s skill (e.g., [26, 31]). In
addition, skill assessment systems have been developed for training procedures in, for example, medical settings, where students
learn and master surgical skills with automatically generated feedback (e.g., [38, 47]).

Automated quality or skill assessment is a challenging task and is therefore often constrained to specific domains. For
example, in order to assess how well a patient is recovering from a leg injury, the quality of movements is analyzed. In such
scenarios, specific sensing solutions need to be developed that are feasible for recording without burdening the patient
unnecessarily to wear and maintain the device. Furthermore, specific movement parameters that are relevant for assessing the
rehabilitation progress are monitored, which have to be defined by medical domain experts. As such, these skill assessment
systems are often too specialized to be generalizable to other conditions or domains. System designers need to start over when
moving to another domain, which comes with substantial effort and costs. A generalized notion of skill assessment is highly
desirable.

The first steps towards generalizable skill assessment have already been taken. The underlying assumption is that skill
(or quality) represents an inherent parameter that can be assessed when comparing activities that were recorded in similar
circumstances. By fixing the activities performed, the automated assessment of sensor data streams can be focused on their
quality, which leads to a technical formulation of the notion of skill. For example, Khan et al. [22] hypothesized that skill
manifests at different levels of abstraction, which led to the development of a hierarchical assessment system that analyzes
movement data at different levels of temporal context.

Such skill assessment frameworks are complex, which limits their real-time inference capabilities. This is a problem for
systems that shall be used, for example, in sports coaching scenarios where an athlete requires immediate feedback in order to
make a training session effective. More rapid availability of analysis results not only enables quicker feedback but also is a
prerequisite for live coaching, for example; instead of providing after-the-fact analysis, a system could actively guide a user
towards high-quality activities and thus facilitate skill acquisition.

Aiming for such application scenarios, in this article we propose an alternative definition of skill/quality of activities
that enables less complex assessment systems. We argue that the quality of activities and thus the mastery (skill) of a person can
be directly assessed by analyzing the way an activity is repeated individually or as part of a larger session. For example, if
someone is highly skilled at performing a certain task, their repeat performance of the same task will be consistently similar,
whereas for a novice one would expect high fluctuation. We present a new method and system for generalized, efficient skill
assessment. The aim is to automatically determine skill through quality assessments of activity data, recorded through body-
worn IMUs, in a manner that is domain independent and (near) real time. The method employs a two-tier classification
mechanism with no domain-related knowledge embedded in the framework. Generalized skill classification is performed using
confidence scores of a low-level statistical classifier that highlights the certainty in classifying low-level movements or activities.
Feature extraction is performed using these confidence scores for classifying skill levels. Since the method is independent of
both domain and underlying recognition methods—relying only on the activity data—it can easily be generalized. The proposed
method is efficient and can be applied for assessing the quality of activities in near real time

Method development is motivated by a skill and quality assessment scenario in gymnastics, where athletes’
performances are (manually) judged through certain predefined criteria. Aiming for automated coaching, a quality assessment
system needs to analyze movement data both effectively and efficiently. Accurate, objective assessments need to be provided
immediately after a gymnastics exercise has been performed, for which the presented system can be used. We demonstrate the
effectiveness of the proposed method and system in a case study where five gymnasts, each wearing five tri-axial accelerometers
on their waists and limbs, performed a range of routines that were then judged by a human expert. In order to demonstrate the
generalizability of the proposed method, we also used it for analyzing an existing dataset of accelerometer-based surgical skill
assessment [22]. For both case studies we not only evaluate the accuracy of the proposed method but also analyze the
computational effort required for the automated assessments. The results demonstrate that the proposed system enables
generalized automated skill assessment for both application domains with high accuracy, thereby being computationally
efficient, which enables near-real-time analysis. Only minimal, technical adjustments are necessary to transfer between
application domains, which is promising for skill assessment in general for the wider research community.



2 BACKGROUND

HAR is now a mature research field with a wealth of applications based on a range of sensing and modelling techniques. The
wider ubiquitous computing literature is a rich resource for technical details as well as descriptions of specific application
scenarios. Our work builds on this existing body of knowledge. Given that many of the HAR methods can now be considered
common knowledge, and for the sake of brevity and focus of our presentation, we refrain from re-iterating the standard literature
and refer the interested reader to more general surveys such as [8, 11, 28]. Instead, in what follows, we focus on existing work
that is related specifically to automated skill and quality assessment from body-worn sensor data.

2.1 Skill Assessment vs. Activity Recognition

HAR typically focuses on the automatic determination of what actions or activities a person is engaging in and when. Activity
recognition as such contributes to the broader area of behavior analysis. Behavior analysis in other disciplines, such as
psychology or animal health and veterinary medicine, typically uses clear operational definitions of the phenomena that are of
relevance—often formalized in, for example, behavior ethograms, taxonomies, or topographies. HAR, as it is, for example,
conducted for human-computer interaction applications, often uses less strict, more common-sense-oriented definitions of the
phenomena that are to be recognized. Only few frameworks exist that rigorously define the taxonomy of human activities.
Bobick has defined three elementary levels that are of relevance for HAR: (1) movement, (2) action, and (3) activity [5]. Refined
versions of this taxonomy exist [30], each of which is based on the hierarchy of contextual information that is required to
describe the respective levels. From a technical standpoint, HAR translates into the automated analysis of time-series data that
are recorded from a variety of sensors including cameras or body-worn IMUs. The task is to segment these time-series data into
semantically cohesive portions, which are then classified; that is, labels are assigned automatically.

Skill assessment, also referred to as quality assessment, goes beyond traditional activity recognition as it (additionally)
aims at reasoning about the quality of what happened, thereby ranging from elementary movements to complex activities or
behaviors [22]. The focus of skill assessment is on the process rather than on the result of the underlying activities. As such, the
technical analysis focuses on other aspects of the sensor data and different parameters are quantified. These either are re-defined
by domain experts, such as certain movement parameters, or cover more specific signal parameters such as smoothness or
energy. With pre-defined parameters, typically shallow definitions of skill are used that measure relevant parameters on fixed-
length temporal contexts (e.g., [26, 42]). For generalized skill assessment, generic signal representations are used that are not
limited to specific domains. The state of the art here is to employ hierarchical notions of skill, that is, to analyze the time-series
data in a range of temporal contexts [22]. Details are given below.

2.2 Areas of Skill Assessment

Two major areas of skill assessment have so far been described in the literature: (1) sports and (2) health and well-being.
Without aiming to provide an exhaustive survey of the fields, which would be beyond the scope of this article, in what follows
we summarize the key ideas for both areas.

2.21 Skill Assessment in Sports. Activity recognition in sports is typically relatively straightforward, aiming to, for example,
recognize individual elements of the particular sport being analyzed. Examples of this include the classification of different serve
types and other parameters of table tennis [4], classification of cricket shots [23], and classification of skateboard tricks [18]. The
majority of these applications are based on supervised learning tasks. Due to the distinct character of the various activities of
interest, high classification accuracies are achieved. More interesting and also more challenging than the mere characterization
of specific elements of a sport is the automated characterization of their quality. Obvious applications for such skill assessments
in sports could be within automated coaching. For any athlete it is important to receive feedback on their exercises—for health
and safety reasons (e.g., to prevent injuries) and to improve their capabilities (e.g., to become more competitive). The majority of
skill assessment applications in sports are based on the analysis of sets of movement parameters that are specific to the sport. For
example, Ladha et al. [26] presented a system that measured the four key parameters of a climber’s movements: (1) power, (2)
control, (3) stability, and (4) speed. The actual assessment through such (or other) key parameters is then either based on
regression approaches that predict concrete values—either of the key parameters or, derived from it, of quality scores as human
judges would provide them—or on translating the problem to a conventional classification task where the classes are defined by,
for example, levels of expertise.

2.22 Skill Assessment in Well-Being and Healthcare. The second major area for skill assessment relates to automated tracking of
progress or decline in certain health and well-being challenges. For example, it is of great importance for doctors and carers to
keep track of the cognitive decline of a dementia patient. Only if an accurate and continuously updated assessment of a patient’s
skills is maintained can the care and treatment program be tailored to the individual’s needs. More and more technical systems
are employed for health and well-being assessments outside clinical environments (e.g., [21]). Another application domain is



rehabilitation, where automated assessment methods aim at analyzing the overall quality of movements as it is of relevance for
treatment programs after recovering from medical events such as stroke [13].

The majority of approaches for skill or quality assessment in health and well-being are tailored towards individual
conditions. This is understandable as the main motivation for using such systems is to automatically monitor the change of
specifically relevant parameters. Similar to the sports domain, these parameters are defined by domain experts (medics), and
statistics about their occurrences during, for example, an exercise regime in rehabilitation are then reported to both patients and
carers providing the base for optimization. Again, the technical process of skill (quality) assessment is translated into either a
regression or a classification task and a wide range of techniques are employed.

2.3 Generalized Skill Assessment

The vast majority of automated skill assessment methods are domain specific; that is, they are designed specifically for
individual application areas. This means that, for example, all skill- or quality-relevant parameters are pre-defined in
collaboration with domain experts. For the aforementioned climbing assessment system [26], Olympic-level coaches were
interviewed to specify what the key differences between an expert climber and a beginner are. This expert knowledge was then
mapped to what was possible to sense, in this case using bodyworn accelerometers, and specific analysis methods (signal
processing and machine learning) were developed. While such a procedure can be very successful for the specific application
domain, it usually does not generalize towards other domains. In essence, system design has to start (almost) from “scratch” for
every new application domain, which is the motivation for some related work—and this paper—aiming at generalized skill
assessment.

Doughty et al. [17] introduced a vision-based method for skill ranking of videos from four different domains, using a
supervised approach. Other work in computer vision has been focused on a specific domain, such as Olympic events [32]. An
interesting and generalizable skill definition is provided by Velloso et al. [43] in which a benchmark-driven approach is
introduced for assessing skill, that is, howwell an activity adheres to a benchmark specification. However, the technical approach
is domain specific and evaluated using weight-lifting exercises.

Probably the most extensive approach to generalized skill assessment was presented by Khan et al. [22]. The idea there
was that skill (equivalent to quality) can be considered an intrinsic parameter that can be learned through a weakly supervised
analysis framework that exploits pairwise comparisons of activity sessions. It was argued that skill becomes manifest at various
levels of temporal context that cannot be predefined per se without limiting the overall approach. This observation was exploited
for a generalized assessment scheme that learns skill parameters using a hierarchical rule induction scheme [24]. Starting from a
symbolic representation of raw sensor data [3], more and more abstract representations are generated through hierarchical
aggregation. Based on such a multi-level representation of the sensor data, features are extracted using rule structures that
include metrics directly associated with the complexity of the induced rules. For example, the number of levels determines the
complexity of skill involved in this approach, which directly affects the size of feature vectors used for skill assessment. Features
extracted using these rule structures are then used to train skill classification models, evaluated on a surgical skill assessment
task as it is common for medical training. Other skill assessment methods also employ hierarchical analysis schemes (e.g., [37]),
in which an activity assessment chain is proposed that analyzes both spatial and temporal semantics of movements.

3 GENERALIZABLE AND EFFICIENT SKILL ASSESSMENT

Compared to previous work in the field, in this article we propose an alternative notion of skill that fundamentally drives our
framework for skill assessment. It mainly utilizes the repeatability and consistency aspects of skill and can be defined as follows:

Skill: The ability to do something, repeatedly, and with consistency, that is, low variability in execution

The emphasis here is on “repeatedly” such that, for example, a particular movement is more likely to be repeated with
strong similarity (i.e., “consistency”) by an individual who is skilled in that particular movement. This notion of repeatability is
well accepted in several domains including both sports and healthcare. For example, in [1], the repeatability aspect in gymnastics
is studied. It is shown that expert gymnasts showed better repeatability of the ankle trajectory. Similarly, in the coaching
literature of cricket [45], 10,000 repetitions of batting shots are mentioned in order to play these shots at the highest skill level
(i.e., play these shots instinctively). For stroke rehabilitation, several studies have shown that repetitive practice can improve
strength after stroke [14, 16].

This general principle of repeatability is what—at a higher level of abstraction—we exploit in this article to develop a
generalizable and efficient skill assessment method. Generalizable refers to the minimal, largely logistical effort that is necessary
to transfer the skill assessment system from one application domain to another, and efficient refers to the requirement of many
application domains where rapid feedback is needed. At the technical level we translate this notion of skill into utilizing
confidence scores associated with classifying low-level actions or movements, which results in non-complex metrics that are
then used for assessing skill. These metrics are generalizable as the notions of confidence scores, repeatability, and related



consistency are generic and thus not limited to specific application domains. For example, high variability in confidence scores
can provide a good indication for low skill and vice versa.

The proposed definition is very different compared to the previously proposed generalized framework [22] where a
hierarchical definition of skill was used to develop a generalizable skill assessment system (see Section 2.3 for a summary).
According to that, skill could be represented with a mixture of rule structures computed over multiple partitions of the
underlying sensor data where each rule structure was computed using a stochastic rule induction process that utilized sequential
movement symbols.

Our new definition of skill results in a framework that differs from the previous one in two major aspects

(1) The model architecture is flat (without requiring an inefficient search through a large set of hierarchical rule trees
for assessing skill [22]), resulting in models that are substantially less complex, which is beneficial for efficient
evaluation.

(2) Assessment is based on confidence scores provided by low-level movement classifiers, which generalize well
beyond application domain boundaries because most higher-level activities are based on such more general descriptors.

Figure 1 gives an overview of the proposed skill assessment system, and the following sections provide details of the
two main system components.

3.1 Low-Level Movement Classification/Activity Recognition

To collect data for movement classification or activity recognition, IMUs can be used to record raw motion data, such as
microelectromechanical (MEM) accelerometers and gyroscopes. Given their omnipresence through integration into many
consumer devices such as smartphones or smartwatches, many HAR systems make use of such sensors to automatically identify
various types of activities. In response to this, yet without limiting generalizability, our framework targets the analysis of three-
axis accelerometer data; however, our framework can be used for any time-series data including most sensing solutions in the
wider ubiquitous computing domain.

Two methods that can be used to treat the sensing data after pre-processing include:

(1) Segmenting the data into activity windows (sliding-window-based approach may also be used in this context) for
further feature extraction and classification [8]. Based on such an activity recognition chain, movement data can be
automatically transcribed into sequences of low-level activities—if annotated example data exists at this level of
granularity.

(2) Converting the movement data into symbolic representations, for example, through unsupervised discretization
methods (e.g., [3, 29]), which then serve as the basis for explicit segmentation procedures prior to feature extraction and
classification as before.

The framework we propose contains both variants of low-level preprocessing (upper and lower parts of the central
section in Figure 1, respectively). Depending on whether low-level ground truth annotation of sample data is available during
model training, either the supervised (upper part) or the unsupervised (lower part) route is chosen.

For the supervised training path, standard activity recognizers can be employed and no particular preference is given
here. State-of-the-art activity recognizers are distribution-based features, such as the Empirical Cumulative Distribution Function
(ECDF) [19, 25, 35], that are computed per analysis frame. We employ ECDF features combined with other standard statistical
features per segment (summarized in Table 1) that are then forwarded to the classifier.
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Fig. 1. Overview of the proposed skill assessment framework illustrating the two possible sub-approaches for the low-level
classification stage (i.e., supervised and unsupervised activity/movement classification) and the high-level skill classification/
regression stage

Table 1. Features for Low-Level Symbol or Activity Classification.

Feature Equation Dimensions
Empirical Cumulative Distribution Function (ECDF)  {x,dj : ]"’.(x) = pj} 20
Energy 7 XX 1
Entropy > xlog (|x]) 1
Mean () 5 XX 3
Standard Deviation ~ Z(xi — p)? 3

Fast Fourier Transform (FFT) ¥ xje ~2xUkIN 99
Correlation Coefficient max(% > A; - Bi—;) 3

¥, 130

The statistical classification backend of our framework performs the automated recognition of low-level activities or
symbol sequences as each is extracted in the segmentation stage. Note that in the context of an unsupervised approach, resulting
symbols are used as representations (“labels™) of the underlying sensor data and features are computed as before (Table 1). The
resulting feature vectors, together with the symbols that serve as labels, are then fed into the classifier training stage. Depending
on the complexity of a domain, the vocabulary size for these symbols may vary, which influences the output of the next
processing stage (see below).

An important addition we contribute to the low-level classification of either activities or symbols is the incorporation
and exploitation of the classifiers’ confidence scores, which form the basis for the actual skill assessment. There are different
ways of calculating confidence scores as, for example, reported for Support Vector Machines [33, 46]. The majority of the
classifiers can be configured to provide these scores in the form of posterior probabilities for multi-class recognition scenarios:

M
Y = argmin Y P(i|f)C(yli),
org n ) PlfCwl



where Y is the predicted classification and M represents the total number of classes, that is, either low-level activities or, in the
unsupervised case, symbols. P*(i[f) is the posterior probability of class i, using a classifier (e.g., SVM) for observation feFv
(where Fv is generated using statistical features as exemplified above) and C(y|i) is the cost of classifying the given observation
as 'y when its true class is i. In this article, we use SVM for the low-level classification step. We then approximate the posterior
classification probabilities using sigmoid regression applied to the SVM output [33].

3.2 High-Level Skill Assessment

We aim for skill assessment that is generalizable across application domains. Based on the confidence scores for automatically
extracted segments as provided by the first stage of our analysis pipeline, the final stage of actual skill assessment is now
extracting further information from the results of the first stage (right part of Figure 1). We generalize the concept of feature
extraction as it is applied to sensor data streams (first stage of our pipeline) to the confidence score representations of the input
data (at segment level). The first stage of our processing pipeline includes segmentation, which compresses the input data in
time. The result is a more compact, semantically enriched representation of the sensor data that in itself represents a time series.
The second stage of our pipeline analyzes this time-series data, in a similar way as the first stage does.

Given that segmented data is fed into the first stage of the framework, no further segmentation is needed and we
proceed directly with feature extraction on the sequence of confidence scores. Standard statistical features are used here,
resulting in a d=4 dimensional feature vector per symbol (unsupervised case) or activity (supervised case). This is generated
using:

e posterior probabilities for individual symbols or activities (note that different lexicon sizes for the initial quantization
step could be used in the unsupervised case, but an inventory of nine symbols represents a reasonable compromise
between accuracy in representation and complexity [22] and thus efficiency of quantization) and

o four statistical features; mean, standard deviation, variance, and median.

In cases where multiple sensors are used, the final dimensionality of the feature representation multiplies accordingly. For
example, if two sensors and nine symbols are used, for the unsupervised case, d = 72 (i.e., nine confidence scores per sample,
and four features per symbol).

In the final stage, we feed the aforementioned feature vectors into the final classification backend using a standard
statistical classifier or regressor; in Section 4, we evaluate the effectiveness of common variants that derive the final skill
metrics. This classification stage is trained in a supervised fashion and thus requires input from expert human annotators at the
skill level (see Section 4 for details in practical scenarios).

Overall, the proposed approach is substantially streamlined, compared to previous skill assessment schemes that
required complex, deeply hierarchical modeling approaches. The benefits of our less complex approach are linked to faster
training and, more importantly, to faster inference during deployment, which leads to (near) real-time assessments. Given that no
domain knowledge is required for model design, training, and evaluation, the proposed methods are generalizable for sensor-
data-based application scenarios.

3.3 Discussion

With a view on system effectiveness and efficiency, it is worth exploring in more detail the structural differences between the
method we have proposed and the baseline approach introduced by Khan et al. [22].

3.31 Feature Dimensionality. With no dependency on multi-level representations, our framework is more efficient for skill
assessment. Two subsequent processing stages produce rich and meaningful representations of the raw input data, in contrast to
the pyramidal representations extracted previously. As a consequence, feature vectors have controlled, fixed sizes. Unlike the
baseline approach, in the method presented here, input data are not required to be partitioned into several sections and features
are extracted globally. If previously there were s sensors used, with p partitions, and if d dimensional features were extracted,
then the dimensions of the feature vector are sxpxd. Note that for the majority of applications multiple sensors are used, which
amplifies the problem. In our work, the size of the extracted feature vector is directly linked to the number of unique activities
(or symbols), for which confidence scores are generated as a result of the low-level classification step, and independent of the
number of sensors used and therefore not relying on pre-partitioning of the data. As such, our method provides a highly scalable
solution where the dimensionality of the feature vectors remains controlled.

3.32 Skill Metrics. The problem of determining domain-specific metrics for skill assessment is avoided in our proposed approach
as only the confidence scores from the low-level classification mechanism are used for high level skill classification. In the
baseline approach, this was achieved by utilizing features from the rule induction process, which required learning rule structures
and associated probabilistic relationships between various sets of movements in the symbol space. In contrast, we now perform



this using a classification procedure—a flat process, resulting in a faster availability of posterior probabilities, which are then
utilized as skill metrics for assessing skill.

3.33 Reliance on Sequential Representations. One of the limitations discussed in the baseline approach is related to the
requirement of sequential data for performing hierarchical rule induction. It is very difficult, and sometimes impossible, to
process every dataset at such levels of representations—adding an extra level of complexity that can be avoided using our
proposed approach. For example, in scenarios where activity data is separately collected (i.e., pre-segmented), rather than in a
long session with multiple activities throughout a procedure/task, a meaningful rule topology cannot be generated (mainly due to
very short temporal contexts). Using our approach, a trained activity recognition model can be used to test activities individually
and produce confidence scores that can be used for skill assessment. For datasets where sequential representations are viable,
and where low-level activities are practically unavailable (or are too abstract), our approach can be utilized to perform low-level
movement classification. In such cases the repeatability aspect, associated with skill, is determined by these primitive
movements and the confidence with which they are classified.

4 CASE STUDIES AND EXPERIMENTAL RESULTS

In order to evaluate the effectiveness, efficiency, and generalization capabilities of the proposed framework, we conducted two
case studies. These serve as realistic examples of typical skill assessment scenarios. The framework has been deployed “as is”
for both domains with only minimal, logistical modifications implemented related to specifics of sensor hardware and so forth.
No further adaptations have been introduced when switching between domains. We explore computational efficiency with a
view on the envisioned application scenarios where rapid feedback generation is required as outlined before. Where possible, we
also draw comparisons to previously proposed skill assessment frameworks illustrating the general progress made in the field of
automated skill assessment.

For the experimental evaluation of the two case studies, we focus on two levels: (1) overall skill assessment capabilities
and efficiency of operation and (2) detailed analysis of individual components of the assessment pipeline as explained in Section
3. In what follows we will present the results separately for both case studies and will draw comparative conclusions.

Table 2. Overview of the Collected Participant Data for the Gymnastics Use Case

Gender Age Height Weight Total Sessions Unique Activities  Total Activities Skill Level
(mm) (Kg) (Average Deductions)
P1  Female 11 1,371 28.9 4 7 75 0.2286 £ 0.0705
P2 Female 12 1,546 35.2 3 9 75 0.1500 £ 0.0934
P3  Female 16 1,572 48.7 1 7 21 0.1667 £ 0.0658
P4 Male 19 1,792 73.0 1 7 21 0.12806 £ 0.0845
P5 Male 20 1,815 73.6 1 7 21 0.1381 £ 0.0973

4.1 Assessment of Gymnastics Skills

Our first case study focuses on the assessment of gymnastics skills. Gymnastics is a very popular but demanding sport requiring
dynamic strength, flexibility, and balance to perform complex and challenging tasks. Gymnasts are also vulnerable to injury, so a
gymnast benefits greatly by ensuring that skills are practiced and performed correctly to reduce the chances of sustaining an
injury [6]. In gymnastics, deterministic models have been used to relate performance outcomes (e.g., points awarded during a
competition) and the biomechanical features that produce the outcome [12]. These models are specific to the activity and built
based on expert knowledge and are possibly subjective. Accelerometry has been investigated for estimation of general athletic
skill by examining body sway [27]. More specifically towards gymnastics and injury prevention, accelerometer data were
investigated to determine how well they are able to estimate load during impacts [2, 9, 40].

For our gymnastics case study we recruited a total of five participants with various levels of experience and expertise.
Each participant was equipped with five tri-axial accelerometers that were attached to all four limbs and the torsi of the athletes,
and performed multiple repetitions (in sessions) of at least seven unique exercises as they are common in apparatus gymnastics.
Ethical approval was granted by the Research Ethics Committee of the university that oversaw the case study. All participants
provided informed written consent, and for participants under the age of 16, informed written consent was also provided by a
parent or guardian. Table 2 summarizes the dataset that was collected during the case study.

The nine different activities that were performed by the athletes can briefly be described as follows:

(1) Straddle to handstand (HS): On gymnastic blocks, starting from the straddle sit position, the legs are raised till
they are above the gymnast’s head in the handstand position. This position is held and then the gymnast returns to



the straddle sit position.

(2) Back flic (BF): From a stationary standing position, the gymnast jumps backwards, inverting the body such that
the hands are next to contact the floor. The gymnast then pushes off from the hands to return to a standing
position.

(3) Round-off back flic (ROBF): From a running start, the gymnast performs a half cartwheel, landing with both feet
making contact with the floor at the same time and rotating such that the gymnast is facing back along the
direction they just traveled (this is the round-off). Maintaining the momentum, the gymnast then performs a back
flic.

(4) Backwards walkover (BWOQ): From a stationary standing position the gymnast leans backwards in a controlled
movement leading with one leg till the hands meet the floor. The leading leg continues over the gymnast with the
trailing leg following till the foot meets the floor and the gymnast returns to a standing position.

(5) Round-off tuck-back (ROTB): From a running start, the gymnast performs a round-off, then jumps backwards,
tucking the knees into the chest and performing one backwards rotation before landing.

(6) Tuck-front somersault (TFS): From a running start, the gymnast jumps up, tucking the knees into the chest and
performing one forward rotation of the body and landing with both feet together.

(7) Round-off back flic tuck-back (ROFTB): From a running start, the gymnast performs a round-off back flic, then
jumps backwards, tucking the knees into the chest and performing one backwards rotation before landing.

(8) Round-off straight-back (ROSB): From a running start, the gymnast performs a round-off, then jumps backwards,
keeping the body straight and performing one backwards rotation before landing.

(9) Multiple backward flics (MF): From a running start, the gymnast performs a round-off, then three back flics
consecutively.

Fig. 2. lllustrations of the on-body locations of the five sensors.

(] [}

We collected sensing data over the course of six sessions. On the day of data collection, participating gymnasts had to
present in full good health and without injuries. The five accelerometers were attached to the waists, right and left wrists, and
right and left ankles of participating gymnasts. Anthropometric data was also collected from each participant describing their
age, weight, height, length of the arms and legs, and location of the sensors with respect to the body (Figure 2). However, the
anthropometric data was not used in the context of this work. During each session, participants were asked to perform a selection
of the described activities based on their experience and skill level. Each activity was performed three consecutive times. In
addition to the sensor data, videos of the activities were recorded for post-analysis and scoring (see below). Three example
activities are illustrated in Figure 3. For the safety of the gymnasts, the front-tuck somersault, round-off tuck-back, round-off
straight-back, and multiple flics were performed on an inflatable gymnastics air floor.

All data was collected at 100Hz, with an accelerometer data range of +/-16g and a resolution of 16 bits. Sensor data
were synchronized [34] and annotated using the collected video using ELAN software [44]. After the data were collected, each
activity was scored using the deductions method by a gymnastics coach by viewing the videos. For each activity, {0, 0.1, 0.2,
0.3} of a point is deducted from a highest possible score of 1 based on five criteria: technical skill, momentum, flexibility,
control, and style. The lower the deduction, the better the activity is performed, as shown in Tables 2 and 3. This scoring is
representative of the official scoring system of British gymnastics® where a gymnast will start with a score of 10.0 and have
points deducted for various faults in the execution. This scoring is performed by human experts (judges). In this way the scoring
used in our experiments is similar to that which the gymnasts will be familiar with while training. It can be seen that participant
4 has the lowest amount of average deduction, which represents the highest-skill participant, compared with participant 1, who
has the highest average deduction, representing the lowest skill. Skill scores are collected for each individual activity and
therefore the proposed framework is used to automatically classify/estimate these scores per activity performed as detailed
below.

lhttps://www.british-gymnastics.org/scoring-guide.
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Low-level activity annotation is provided for the gymnastics case study and as such the assessment system follows the
supervised path in the first stage of the pipeline (Figure 1). For overall effectiveness it is of importance that the first stage—
supervised classification—works properly. This will be evaluated first before we discuss the results of the second stage, that is,
the actual skill classification and runtime efficiency.

Fig. 3. lllustrations of three activities performed by the participants.

(b) Round-off back flic.




Table 3. Overview of the Gymnastic Routines for All Attempts and Associated Skill Levels

Activity Performed by ~ Total Examples Average Skill Level
(# Participants)  (# Activities)  (u, o Deductions/Activity)

Straddle to handstand 2 21 0.2000 + 0.0949
Back flic 5 30 0.2400 + 0.2358
Round-off back flic 5 30 0.1800 + 0.0847
Backwards walkover 5 30 0.2167 +£0.1783
Round-off tuck-back 5 30 0.1867 £ 0.0900
Tuck-front somersault 5 30 0.1867 £ 0.1106
Round-off back flic tuck-back 4 18 0.1944 + 0.1056
Round-off straight-back 4 18 0.1167 + 0.0985
Multiple backward flics 2 6 0.1833 + 0.0753
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4.1.1 Low-Level Classification-Activity Recognition Results. Data related to gymnastics routines was separately collected and as
such no other segmentation method was required. For these segments we then computed statistical features as described in
Section 3.1.

In line with the general routine for validating HAR systems [20], we employed three types of cross-validation schemes

to evaluate the activity recognition (and later skill assessment) performance:

(i) Validation type 1: k-fold cross-validation in which the training set in each fold contains randomized data from all
participants and all movement types. This type of validation is the most common in the field of HAR using body-
worn sensors where typically only limited sets of annotated sample data are available and thus economic use of it
is imperative. We report these results as comparison baseline.

(if) Validation type 2: Leave-one-user-out cross-validation in which the test set in each run contains data only from
one participant with training performed using the data from all the other users. This validation protocol is
considered the hardest yet most realistic [20] because it tests how well a model generalizes towards users whose
data were not part of the training step.

(iii) Validation type 3: Leave-one-attempt-out cross-validation in which the training set contains data from the same
participant and different activities. Multiple tests are performed using individual samples of all the activities. This
could be considered as a traditional leave-one-out cross-validation scheme but repeated separately for all users.

For activity classification we employed a standard support vector machine classifier with RBF kernel. Results for all
three cross-validation schemes are shown in Figure 4. The difference in the number of activities for the leave-one-user-out cross-
validation scheme is due to the fact that not all participants performed all activities. As such, certain cases were excluded in
which a test gymnast performed activities that other participants did not perform. Validation type 3 (i.e., the leave-one-activity-
out cross-validation scheme) produced the best performance with a class-weighted F1 score of 0.9765, k-fold produced a similar
performance of 0.9622 (with k = 10), while the leave-one-user-out validation scheme had an F1 score of 0.9131. However, in all
three cases, AR performance is at a sufficiently high level for skill assessment.

4.1.2 Skill Assessment Results. The actual skill assessment is performed in the second stage of the processing pipeline (high-level
classification). Posterior probabilities for the nine classes (activities) in the first classification stage are translated into time series
and then fed into the second stage of the pipeline. This is achieved by curating a sequence of posterior probabilities where each
sample represents a set of confidence scores for all possible activities for that segment. Feature extraction is then performed
using this sequence as outlined in Section 3.2. It is worth noting that in the context of a sliding-window-based approach,
integration of a null class would be necessary, for example, to cover periods of still standing between the activities of interest.
The null-class-related posterior probabilities may be ignored when performing skill assessment in such a scenario. In this work,
the first CV case has nine activities and therefore at each prediction stage, there are nine posteriors that are directly used as
features for skill assessment. In the second CV case, as the number of activities is reduced to five, the corresponding number of
features is also reduced.

Since the skill ground-truth scores are in the form of deductions, that is, 1€{0, 0.1, . . ., 1}, we can perform both
classifications using the observed skill deductions or regression. Both of these approaches are extensively evaluated below using
various classification and regression strategies.

Classification results. Classification results for skill assessment are summarized in Table 4. It can be clearly seen that
SVM significantly outperforms other approaches (k-NN and Decision Tree) and produces class-weighted F1 scores of over 0.82



in both cross-validation schemes. Confusion matrices for skill classification using SVM in all three CV schemes are also shown
in Figure 5.

Regression results. Regression results are summarized in Table 5. We use four different kinds of regression methods,
including support vector regression (SVR) with radial basis function kernel [41], Gaussian Processes (GPs) with a squared
exponential kernel [36], Regression trees [7], and Linear regression [10]. It can be seen that GPs produced the best regression
results with minimum errors both in terms of Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE) metrics.

Fig. 4. Activity classification results for (a) k-fold, (b) leave-one-user-out cross, and (c) leave-one-activity-out validation
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Table 4. Skill Classification Results Using Various Classification Strategies and Three Cross-Validation Methods: Type 1: k-
fold, Type 2: Leave-One-User-Out, and Type 3: Leave-One-Activity-Out

Validation Type 1 Validation Type 2 Validation Type 3
Prec. Rec. F1 Score Prec. Rec. F1 Score Prec. Rec. F1 Score
SVM 0.8142 0.8125 0.8126 0.8991 0.8828 0.8828 0.8231 0.8173 0.8153
Decision Tree 0.4075 0.4087 0.4078 0.5360 0.5360 0.5379 0.5696 0.5721 0.5705

k-NN 0.7145 0.7163 0.7151 0.5483 0.5554 0.5448 0.6620 0.6618 0.6615
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Fig. 5. Skill classification results for the three cross-validation methods used during the low-level activity classification; (a) k-
fold, (b) leave-one-user-out, and (c) leave-one-activity-out cross-validation methods.

4.1.3 CPU Times. In this section, we show that the proposed approach can be deployed in (near) real-time for assessing skill. As
soon as a session ends with multiple activities, results from the two main parts (low-level activity recognition and high-level skill
classification) can be produced. In Figure 6, we show the computation time (in seconds) for these two stages. In all cases, the
complete skill assessment procedure, from reading the raw data to producing skill assessment results, can be performed in less
than half a second on average (adding computation times for both parts). This means that the proposed approach can be deployed
for assessing skill (almost) immediately by providing skill feedback at the end of each session (or activity in this scenario). All
experiments were performed using an Intel Core i7-6700K CPU at 4.00GHzx8 with 32GB of RAM.
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Fig. 6. CPU times for the two parts of the proposed approach for each participant per session: the low-level activity recognition
part and the high-level skill assessment part.



Table 5. Skill Assessment Results Using Various Regression Strategies and Three Cross-Validation Methods as Used for
Classification.

Validation Type 1 Validation Type 2 Validation Type 3
RMSE MAE RMSE MAE RMSE MAE

Support Vector Regression  0.0595 0.0422 0.0797 0.0635 0.0648 0.0465
Gaussian Processes 0.0535  0.0395 0.0699  0.0541 0.0527  0.0402
Regression Trees 0.0976 0.0720 0.0829 0.0617 0.0771 0.0505
Linear Regression 0.0901 0.0718 0.0882 0.0748 0.0583 0.0410

4.2 Assessment of Surgical Skills

Aiming to explore the generalization capabilities and for direct comparison to previous work, we conducted a second case study.
Much previous work on skill assessment was dedicated to the analysis of surgical performances as they are routinely performed
by medical students as part of their training. Various approaches, based either on the analysis of video data or on the assessment
of tri-axial accelerometry, have been proposed that all focused on the automated generation of quantitative, objective judgments
on the quality of certain surgical procedures as they would be provided by more senior and hence experienced surgeons (e.g.,
[22, 39)).

In our second case study we employed our novel skill assessment framework on the accelerometry dataset that was
recorded for the aforementioned studies. Tri-axial accelerometers were attached to surgical equipment (forceps and needle
holder), and movement data during surgical standard tasks was captured for a total of 15 participants and a total of 50 attempts of
particular surgical procedures such as stitching or knot tying. Participants had varying levels of expertise and thus skill while
attempting the same task of suturing a wound using a replica pad.

Table 6. Overview of Annotated Activities and Skills for n = 50 Attempts in the Surgical Skill Assessment Study

Activities Skills

Activity Total Annotations OSATS Measure 1 2 3 4 5
Using Forceps with Needle 1,706 Respect for Tissue 0 3 14 23 10
Using Needle-Holder 644 Time and Motion 7 10 17 13 3
Making a Stitch 957 Instrument Handling 5 13 16 10 o6
Attempting a Knot 376 Suture Handling 9 18 12 2
Overall Procedure 56 Flow of Operation 1 8 18 15 8

Knowledge of Procedure 2 15 8 16 9

Overall Performance 3 12 15 17 3
) 3,739 5 27 70 106 106 41

More than 10 hours of sensor data were collected for this dataset. Ground-truth annotation was provided at two levels:
low-level activity annotation and higher-level skill assessment. For the former, all 50 sessions were annotated by two
independent, trained human coders who labeled the sessions with regards to the elementary activities relevant for surgical
procedures (Table 6, left). For the second level of assessment, seven different skill measures based on the objective structured
assessment of technical skill (OSATS) criteria [15] were annotated by an expert observing the sessions. These measures are
labeled as (1) Respect for Tissue, (2) Time and Motion, (3) Instrument Handling, (4) Suture Handling, (5) Flow of Operation, (6)
Knowledge of Procedure, and (7) Overall Performance (Table 6, right). This assessment is similar to the gymnastics scoring in
that a human expert derives scores relating to aspects of the physical performance, although in this case the aspects remain
separate and infer levels of additional knowledge. This scoring is suitable for critical assessment of the individual as in a
competition or training.

Since generalized skill assessment has been performed previously using this dataset [22], the main aim here is to
evaluate the two aspects of the proposed framework: accuracy and efficiency.

As detailed above, raw data was captured using accelerometers attached to the instruments being used for the surgical
training. Although activity labels are available for this dataset, they are at a very abstract level and sporadic. Therefore, they do
not provide a sufficient granularity level for skill assessment. It is for this reason that symbolic representations [3] were used as a
first step (see Figure 1). The resulting symbols provide labels for segmented raw data. Features were then extracted for symbol
classification (as explained in Section 3). Lowlevel classification is performed with regard to nine quantization symbols (for both



instruments) using SVMs (according to the results of our detailed analysis as discussed in the previous section). Posterior
probabilities were computed for each modality.

For the high-level skill assessment, expert skill labels are used to train classification models. Skill labels are used in the
same fashion as in the baseline approach; as such, the change in skill quality rather than the absolute skill is classified (i.e., there
are three classes representing deterioration, consistency, and improvement in skill). We perform evaluations using the same
cross-validation strategies as previously reported [22] (leave-one-attempt out cross-validation schemes) and make comparisons
between the two approaches.

In Figure 7, we show skill assessment performance using the same classifier and a leave-one-attempt-out cross-
validation scheme. It can be seen that in some cases, the proposed approach provides significantly better F1 scores (for skills
such as instrument handling, suture handling, and knowledge of procedure). For other skill metrics, there is no significant
difference in performance.

The skill assessment accuracy is achieved at substantially reduced computational costs and thus significantly reduced
processing times. The baseline approach can be split into two main parts: (A) the hierarchical rule induction part and (B) the
high-level skill classification part. The approach proposed in this article is also split into two main parts: (A) low-level
activity/movement classification and (B) a similar high-level skill classification.
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CPU time comparisons are made in Figure 8(a) for part A and Figure 8(b) for part B. It can be seen that there is a substantial
difference in CPU times (shown in seconds) for all of the participants. Note, these times correspond to the deployment/test, that
is, inference stage. The baseline approach on average takes more than 1,000s, whereas the newly proposed approach for the same
participants takes less than 10s on average (see Figure 8(a)). For part B, the difference is lower but still significant; 14.2785s +/-
0.1885 for the baseline approach and 7.7133s +/- 0.0154 for the proposed approach. However, part B in the baseline approach
relies on the hierarchical rule induction of part A, which means that in domains where skill is even more complex and where
more modalities are used, the total number of features would also increase, resulting in more computation time for part B.

5 CONCLUSIONS, LIMITATONS AND FUTURE WORK

Skill (or quality) assessment represents an extension of HAR. The focus is to go beyond assessing what is happening when, by
focusing on how well certain activities are performed. Prominent applications for skill assessment are automated coaching in
skill acquisition and training for certain professions, and in sports. Few first systems for skill assessment based on body-worn
sensors have been introduced to the wider ubiquitous computing community. The majority of previous work focuses on methods
that are tailored towards specific domains such as coaching in climbing, tennis, or cricket. Beyond such specialized systems,
there is little work related to generalized skill assessment that is transferrable between application domains without substantial
(re-)modeling efforts. The work presented in this article addresses this general direction of research.

We developed a new approach for skill assessment that is automated, generalized, and at the same time accelerated
compared to previously proposed techniques. The new approach does not rely on a set of parameters that explicitly define skill.
Since the definition of skill could be very specific to individual domains, a generic definition of skill is essential for generalized
approaches, yet those definitions used in previous work are very complex, thus limiting applicability, especially when (near)
real-time assessments are desired.

Our definition of skill is reduced to the notion of repeatability and consistency; that is, skill manifests itself in higher
similarity of repeated activities. We employ the repeatability aspect of skill encoded in the confidence scores with which
activities are classified. We showed that with such a simpler definition of skill, the resulting framework becomes less complex
and thus better scalable: feature dimensionality remains controlled when adding sensors, and session length is not a limiting
factor.

We demonstrated the effectiveness of the proposed approach in two case studies: (1) automated quality scoring in
gymnastics and (2) surgical skill assessment. For the former we recorded data from gymnasts who wore a number of IMUs while
performing a range of exercises. They were scored by professional judges and the task was to reproduce these manual scorings
through our automated method. The second case study was based on an existing dataset of medical students practicing certain
surgical procedures, thereby using sensor-equipped utensils. The latter dataset has been used in previous work and mainly served
for comparison to the state of the art. The achieved results show great promise in terms of absolute assessment accuracy,
generalizability across domains with minimal (mainly logistical) effort, and substantially improved efficiency. With our skill
assessment system it is possible to automatically provide near-real-time feedback of high quality.

There may be certain applications where this notion of repeatability and consistency may not apply, such as in
applications where activities are not repeatable in nature. In such a context, the framework of [22] may be used that, although not
optimal for real-time deployment, provides an extensive approach to generalized skill assessment that is not limited by the
repeatability aspect of activities.

In the proposed and similar other framewaorks, skill assessment is restricted to domains where activity data is available;
for example, in applications where skill is assessed based on other factors such as mental aptitude, other modalities may be used
in order to assess skill effectively. One example of this could be in affective computing, where skill may be assessed via stress
analysis. The definition of skill is relatively generic in the proposed and similar frameworks, but they are usually applied in a
domain-specific manner. Transfer learning may be a candidate approach that can be used in the future in order to reduce training
times when assessing skills in physically similar domains (tennis/badminton or cricket/baseball).

Further evaluation of the proposed framework may be performed by considering skill assessment in the context of a
long-term deployment. Models would need to be accordingly trained in order to further test the generalization performance over
such a deployment. Such a study would also present its own unique challenges in handling variations in sensor placement,
clothing, and equipment setup.
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