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skeleton motion, to yield a final trajectory in SE(3)X... xSE(3) (n times). The next step is to map this
trajectory to the corresponding Lie algebra se(3) x... xse(3), which is the tangent space at the identity
element. The resulting trajectories lie in a euclidean space (Lie algebra) and incorporate the geometric
deformations between body segments across frames. In order to compare their shapes independently
of the execution rate, they are mapped to the shape space of continuous curves via the square root
velocity manifold representation [35]. The classification is performed later using the Hoeffding tree
(VEDT) [36] based on the elastic metric in the shape space.

3.2. Skeleton Motion Modeling

Firstly, we present the spatio-temporal modeling of the sequences. For this, we describe the
geometric relation between the part of the body (denoted by part) at frame f; and the same part in
succession frame f; 1. To do this, we use the rotation and translation required to move the current part
to the position and orientation of the same part in the next frame, and we use the procruste function.
This geometric transformation such as rotation and translation between two rigid body parts is a
member of the special Euclidean group SE(3) [34] and defined by the following four by four matrix of
the form:

5

R d

P(R,d) = 0 1

€ SE(3) @

where d € R3 and R € R3*3 is a rotation matrix, which is a point on the special orthogonal group SO(3).

This geometrical transformation between two parts of the rigid body with two successive frames
is represented by a point in SE(3). Obviously, all parts of the body are presented by a point of the
Lie group SE(3)x...xSE(3), where x denotes the direct product between Lie groups. Therefore,
the temporal transformation of the body parts can be modeled by a trajectory in the SE(3) ... xSE(3)
Lie group, as depicted in Figure 2.

Figure 2. Action as a curve in the Lie group.

The Lie group identity element I4 is defined by a four by four matrix. Mathematically, the tangent
space to SE(3) at the identity element is symbolized by se(3), and it is considered to be the Lie algebra
of SE(3). This tangent space is a six-dimensional space constructed by matrices of the form:

0 —us Uy Wi

u « us 0 —uyp wy
B = = 3 2
0 0 —uy U 0 w3 € 5e(3) @

0 0 0 0

—

where @ € R3 and U € R3*® the skew-symmetric matrix. Thus, it can be presented as a
six-dimensional vector:

vec(B) = [Mll U, Uz, Wi, W, ws] (3)
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The exponential map for SE(3) is defined as expgps) : s¢(3) — SE(3) and the inverse exponential
map, defined as logg E@) i SE (3) — se(3). Both are used to navigate between the manifold and the
tangent space, respectively, given by:

expgg(3)(B) = e, 10ggp5) (P) = log(P) @)

where e and log denote the matrix exponential and logarithm, respectively.

The geometric transformation between all the parts of two successive frames f; and f;1 1 can be
represented as:

o) = (Pr1) () (), Pr2) i@ () - Pra £ ) (1) € SE(3) x ... x SE(3), where M is
the number of body parts. Using this representation, a skeletal sequence describes an action as a
curve in SE(3) X ... x SE(3). One can not directly classify the action curves in the curved space
SE(3) x ... x SE(3), according to [2]. In addition, temporal modeling approaches are not directly
applicable to this space. For that, we will map the trajectory in SE(3) x ... x SE(3) to its Lie algebra
se(3) x ... x se(3), the tangent space at the identity element I;. With this method, we will map all
the trajectories from the Lie group to the same tangent space to the identity, and we argue that the
mapped curves are quite faithful to the original curves because they are close to the identity element
of the Lie group as they represent the transformations of the same body parts across successive frames.
The resulting curve in the Lie algebra corresponding to d(t) is given by:

o(t) = (vec(log(Py,1y .., 1) (1)), vec(log(Pr 2) 1,1 (2) (1))

©®)
-, vec(log (P amy fi (M) (1)) € s€(3) X ... x se(3)

The dimension of the characteristic vector at any time t of ¢(t) is equal to 6M. For this,
the temporal representation of the action sequence is a vector of dimension 6 x M x N, where M is the
number of parts (M = 19 parts), and N represents the number of frames in the sequence.

3.3. Object Modeling

3.3.1. Object Detection

In order to deal with human-object interactions, one key step is to recognize the object from
an RGB image. For this, we propose to use an object recognition algorithm based on the neural
network [37]. The you only look once (YOLO) model processes images in real time at 45 frames
per second. A smaller version of the network, Fast YOLO, processes 155 frames per second while
still achieving double the mAPof other real-time detectors. Compared to state-of-the-art detection
systems, YOLO makes more localization errors, but is less likely to predict false positives on the
background. YOLO system detection is a regression problem. It divides the image into an even grid
S x S and simultaneously predicts bounding boxes B, confidence in those boxes, and class probabilities
C. These predictions are encoded as an S x S x (B x 5 + C) tensor. YOLO imposes strong spatial
constraints on the box prediction delineation since each cell in the grid predicts only two boxes and
can only have one class. This spatial constraint limits the number of nearby objects that the model
can predict. Figure 3 shows the steps of detecting objects in an RGB image.
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1. Resize image.
2. Run convelutional network.
3. Mon-max suppression.

Figure 3. The YOLO detection system. (1) resizes the input image to 448 x 448; (2) runs a single
convolutional network on the image; and (3) thresholds the resulting detections by the model’s confidence.

3.3.2. Object Trajectory

Once having been detected in 2D, the object is tracked in 3D using the ICP algorithm. The resulting
successive transformations are modeled as a trajectory in SE(3). This trajectory is then mapped to the
Lie algebra se(3) and is fused with the trajectory in se(3) x ... x se(3) (n — 1 times) generated by the
body parts. The trajectories modeling the activity lie in se(3) x ... x se(3) (n times) and have to be
compared independently of the execution rate. Therefore, they are considered as time parameterized
curves, and an elastic metric will be used to provide a time re-parameterization-invariant metric.
The additional trajectory (generated by the object) is used only when comparing the proposed approach
to RGB-D-based approaches. In this case, the output of the last layer of the object detection neural
network applied on the first frame is also used (when the color channel is considered) to build the final
feature vector.

4. Rate Invariance Modeling and Classification

We start by outlining a mathematical framework for helping in analyzing the temporal evolution of
human activity when viewed as trajectories on the shape space of parametrized curves. This framework
respects the underlying geometry of the shape of the trajectories, seen as curves, and helps maintain the
desired invariance, especially re-parameterization of the trajectory curve that represents the execution
rate. The next step is to calculate the distance between a given trajectory (to classify) to all training
ones; let k trajectories be in the training set, resulting in a k-dimensional feature vector.

4.1. Elastic Metric for Trajectories

This representation has been used previously in biometric and soft-biometric application [38-43].
In our case, we will analyze the shape of the trajectories by the square root velocity function (SRVF)

g : I — R" defined as:
o(t)
q(t) = (6)
Vile®ll
q(t) is a special function introduced in [35] that captures the form of ¢(t) while offering easy
calculations, and the L2 norm represents the metric that allows us to compare the shape of two

trajectories. The set of all trajectories, denoted as C, is thus defined as follows:
C={q:1—=R"|jq]| = 1} C L*(L,R") @)

[|.|| is the norm. With the norm on its tangent space, C becomes a Riemannian manifold named
the pre-shape space. Each element represents a trajectory in R”. We define the distance between two
elements g; and g, by the length of the geodesic path between g1 and g, on the variety C. The geodesic
path between any two points g1, 4, € C is given by the great circle, i : [0,1] — C, where:
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$(T) = gy * (Sin((1= 1)) x g1+ sin(07) x g2 ®)

The geodesic length is 0 = d¢(q1,42) = cos~1(< q1,42 >). Let us define the equivalent class of g
as: [q] = {/7(t) x g(v(t)), 7 € I'}. The set of such equivalence classes, denoted by S = {[g]|g € C},
is called the shape space of open curves in R”. As shown in [35], S inherits a Riemannian metric from
the larger space C due to the quotient structure. To obtain geodesics and geodesic distances between
elements of S, one needs to solve the optimization problem:

v* = argmingerde(q1, /7 % (4207)) ©)

The optimization over I is done using the dynamic programming algorithm. Let g5(t) =

/75 (t) x g2(7*(t))) be the optimal element of [¢2], associated with the optimal re-parameterization *
of the second curve, then the geodesic distance between [g1] and [g5] in S is ds([q1], [72]) = dc(91,95),
and the geodesic is given by Equation (8), with g, replaced by g;.

4.2. Feature Vector Building and Classification

We propose four variants of our method based on the channels used. The first one (geometric
G) uses only the skeleton data. The second one (G + D) uses the skeleton and the depth channel.
The third variant (G + C) uses the skeleton and the color channels. The last variant uses all channels
(G + D + C). We present first the feature vector for the geometric G approach. Let n be the number
of joints in a skeleton, the spatio-temporal modeling presented in Section 3, and k the number of
trajectories in the training set with labels [y, . . ., ly. For a given sequence in the test set, the first step
is to represent it as a trajectory in SE(3)"~! as described in Section 3. Then, the elastic framework is
applied in order to compute the elastic distance from the given trajectory to each of the k training
ones. As illustrated in the previous section, the use of the elastic metric in trajectories” comparison
ensures a rate-invariant distance. The resulting vector of k distances represents the feature vector of
the geometric approach (G). An additional trajectory in SE(3) must be considered when the depth
data are used in the (G + D) approach. The feature vector has the same size; however, the trajectories
are considered in SE(3)" rather than SE(3)"~!. When the color channel is considered, the output of
the last layer in the deep network used for object detection is concatenated to the k distance in order to
build the feature vector denoted by FeatureV. The steps of feature vector building and classification
are illustrated in Algorithm 1.

The resulting feature vector is fed to the Hoeffding tree (VFDT) algorithm. The Hoeffding tree [36]
or very fast decision tree (VFDT) is built incrementally over time by splitting nodes (into two) using
a small amount of the incoming data stream. The number of samples considered by the learning
to expand a node depends on a statistical method called the Hoeffding bound or additive Chernoff
bound. The Hoeffding tree is constructed by making recursive splits of leaves from a blank root and
subsequently getting internal decision nodes, such that a tree structure is formed. The splits are decided
by heuristic evaluation functions that evaluate the merit of the split-test based on attribute values.
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Algorithm 1 Action sequences’ classification.

1: Input:

2: k+1 sequences: Sq,...,Si k training sequences of size wy, ..., wy, respectively, and Sjq test
sequence of size Wy 1.

. 1: number of body parts (r =n — 1).

: Output:

. Label of sequence Sy;1

: Begin

. fori=1tok+1do

OBJ-RGB(i)(1) = YOLO(S;(1))

9:  OBJ — Depth(i)(1) = RGB2Depth(OB] — RGB(i)(1))

10: forj=1tow; —1do

11: (R;j,d;,j) = ICP (OBJ-Depth(i)(j), OBJ-Depth(i)(j+1))

N U o W

®

12: for/ =1tordo
13: P,"]",[ .: (Ri,j,lrdi,j,l) = procruste(part,',jl,, part,'ﬁl,,)
14: o (i, j,1) = vec(logsg ) (Pij1))
15: end for
16:  end for
17: end for (1)
18: — _ o4l

L = oG
19: fori =1tok do
200 gi= 20

0= e

21 " = argminyerde(q1, /(920 7))-

2 qf = V1))

23: d; = d(Si,Sk + 1) = C0571(< q;k,qk+1 >)

24: end for

25: FeatureV = concatenate(dy, .., dy, OB] — RGB(k +1)(1))
26: label (Sy + 1) = VEDT (FeatureV)

End

5. Experimentation and Results

In order to validate our method, an evaluation was conducted on three databases that represent
different challenges, namely Microsoft Research (MSR) Action3D dataset [8], MSR-Daily Activity
3D [23], and the SYSU 3D Human-Object Interaction Set [44].

5.1. MISR Action 3D

5.1.1. Data Description and Protocol

The MSR-Action 3D dataset is a set of RGBD data captured by a Kinect. This dataset includes
20 actions performed by 10 different subjects facing the camera. Each action is performed two or three
times, resulting in a total of 557 action sequences. 3D joint positions are extracted from the depth
sequence using the real-time skeleton tracking algorithm proposed in [45]. All actions are performed
without interaction with the objects. Two main challenges are identified: the strong similarity between
the different groups of actions and the changes in the speed of execution of the actions. For each
sequence, the dataset provides information about depth, color, and skeleton. As indicated in [8],
ten sequences are not used in the experiments because the skeletons are missing or too erroneous.
For our experiments, we use 547 sequences. In this dataset, we followed the same protocol of the cross
topic of [8], in which half of the subjects are used for training and the other half for testing. Subjects 1,
3,5,7,and 9 are used for training and Subjects 2, 4, 6, 8, and 10 for testing. In [8], the sequences were
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divided into three subsets AS;, AS,, and AS3, each containing eight actions. Sets AS; and AS, are
intended to group actions with similar movements, while ASj is intended to group complex actions.

5.1.2. Experimental Result and Comparison

No action, in this dataset, includes an interaction with the object. Thus, the skeleton-based
approach (G) is performed. Table 1 reports the recognition performance on MSR-Action3D compared
to several state-of-the-art approaches: joint positions (JPs) [14]: concatenation of the 3D coordinates
of all the joints v1,...,vN; pairwise relative positions of the joints (RJPs) [16]: concatenation of all the
vectors; joint angles (JAs) [5]: concatenation of the quaternions corresponding to all joint angles (we also
tried Euler angles and Euler axis-angle representations for the joint angles, but quaternions gave the
best results); individual body part locations (BPLs) [46]: each individual body part is represented as a
point in SE(3) using its rotation and translation relative to the global x-axis.

In the last row of Table 1, the average recognition rate for the three subsets AS1, AS;, and AS3 is
reported. The recognition rates of our approach on AS;, ASy, and AS3 were 94.66%, 85.08%, and 96.76%,
respectively. The accuracy on subset AS, was lower than the two other subsets. This behavior
is similar to the state-of-the-art approaches as revealed in Table 1. The average accuracy of the
proposed representations was 92.16%, which is superior to the performance of previous state-of-the-art
approaches provided in Table 1.

Table 2 compares the proposed approach with various approaches to recognizing human actions
on skeletons using the protocol of [8]. Here, we see that our approach is competitive with the
state-of-the-art with a recognition rate equal to 92.16%.

Table 1. Recognition performance on the MSR-Action3D for different feature spaces using the protocol
of [8]. JP, joint position; RJP, relative position of the joint; JA, joint angle; BPL, body part location.

Dataset JP[14] RJP[16] JA[5] BPL[46] Proposed

ASy 91.65 92.15 85.80 83.87 94.66
ASy 75.36 79.24 65.47 75.23 85.08
AS3 94.64 93.31 94.22 91.54 96.76
Average  87.22 88.23 81.83 83.54 92.16

Table 2. Comparison with the state-of-the-art results.

MSR-Action3D Dataset (Protocol of [8])

Histograms of 3D joints [47] 78.97
EigenJoints [16] 82.30
Joint angle similarities [5] 83.53
Spatial and temporal part sets [48]  90.22
Co-variance descriptors [14] 90.53
Random forests [19] 90.90
Body parts (BP)+SRVF [20] 92.10
Intra-frame modeling [2] 92.49
Proposed approach: skeleton 92.16

5.2. MSR Daily Activity 3D

5.2.1. Data Description and Protocol

The MSR Daily Activity 3D dataset [23] is a set of RGB-D sequences of human sequences acquired
with the Kinect. It contains 16 types of activities: drink, eat, read book, call cellphone, write on a paper,
use laptop, use vacuum cleaner, cheer up, sit still, toss paper, play game, lay down on sofa, walk,
play guitar, stand up, sit down. Each of them was performed twice by 10 subjects [23]. The dataset
contains 320 videos = 16 x 10 x 2 (10 actors and two essays/actor). There are 20 body joints recorded,
whose positions are quite noisy due to two poses: “sitting on sofa” and “standing close to sofa”.
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The experimental protocol is the same as in [23], which divides the dataset into three subsets, AS;,
AS,, and AS3, as shown in Table 3.

Table 3. Subsets of actions, ASj, ASy, and AS3 in the MSR Daily Activity 3D dataset [23].

ASq AS AS;3
eat drink use laptop
read book call cellphone cheer up
write on a paper  use vacuum cleaner  play guitar
use laptop sit still stand up
toss paper play game sit down
walk lie down on sofa

5.2.2. Experimental Result and Comparison

Table 4 reports the results of our algorithm on the MSR Daily activity dataset. The average
recognition rate using only the skeleton data is 87.55%. When the dynamics of the object is considered,
we have an average recognition rate equal to 88%. Combining the feature vector resulting from the
geometry of the skeleton and object to the appearance of the object yields good improvement of the
recognition rate. Actually, using the geometry of the skeleton (G) and the appearance of the object (C),
the average recognition rate is 94.44%. The performance is also improved by using in addition the
geometry of the object (D) to reach a 95% recognition rate, which is very competitive compared with
recent state-of-the-art approaches.

Table 4. Recognition performance on the MSR-DailyActivity3D dataset for different feature spaces: (D)
depth; (C) color (or RGB); (G) geometry or skeleton.

Methods Accuracy %
(G) Dynamic Temporal Warping [49] 54
(G) 3D Joints and Local occupancy patterns (LOP) [50] 78
(G) Histogram of Oriented 4D Normals (HON4D) [3] 80.00
(G) Spar-Sity learning to Fuse atomic Features (SSFF) [27] 81.9
(G) Deep Model-Restricted Graph-based Genetic Programming (RGGP ) [26] ~ 85.6
(G) Action-let Ensemble [50] 85.75
(G) Super Normal [10] 86.25
(G) Bilinear [51] 86.88
(G) Depth Cuboid Similarity Feature (DCSF) + Joint [52] 88.2
(G) Local Flux Feature (LFF) + Improved Fisher Vector (IFV) [28] 91.1
(G) Group Sparsity [12] 95
(G) Range Sample [11] 95.6
(G) Heterogeneous Feature Machines (HFM) [53] 84.38
(G) Model of Probabilistic Canonical Correlation Analyzers (MPCCA) [54] 90.62
(G) Multi-Task Discriminant Analysi (MTDA) [55] 90.62
(G + D+ C) JOULE [44] 95
Our Method:(G) Skeleton 87.55
Our Method:(G + D) Skeleton + Obj(D) 88
Our Method:(G + C) Skeleton + Obj(RGB) 94.44
Our Method:(G + D + C) Skeleton + Obj(RGB) + Obj(D) 95

5.3. SYSU 3D Human-Object Interaction Set

5.3.1. Data Description and Protocol

In this dataset [44], twelve different activities focusing on interactions with objects were performed
by 40 persons. For each activity, each participant manipulates one of the six different objects: phone,
chair, bag, wallet, mop, and besom. Therefore, there are in total 480 video clips collected in this set.
For each video clip, the data acquisition is done by a Kinect camera, and we have the corresponding
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RGB images, the depth sequence, and the skeleton. We tested all the methods compared with the
second setting (Setting 2) [44]. The video footage made by half of the participants was used to learn the
parameter model and the rest for the tests. We report the average precision and the standard deviation
of the results on 30 random divisions For each parameter.

5.3.2. Experimental Result and Comparison

Table 5 provides the results of the different variants of the proposed approach compared to the
state-of-the-art. When only the geometry of the skeleton data is considered, the recognition rate
is 73.48%. This result is competitive compared to previous geometric approaches (based only on
skeleton data). If we take into account the dynamics of the object, the recognition rate is equal to
74.51%. When the appearance of the object is considered in addition to the geometry of the skeleton,
the recognition rate reaches 86.76 %, which represents the best recognition rate compared to the recent
state-of-the-art approaches. The full version of the proposed approach, which makes use of all RGB-D
and skeleton information, provides a recognition rate of 87.40%.

For further analysis of the obtained results, we illustrate in Figures 4 and 5 the confusion matrices
on the SYSU dataset using the skeleton data (G) and the RGB-D (G + D + C) channels, respectively.
The appearance of the object improves the performance of all actions, but the improvement is more
considerable for sweeping and mopping actions: the skeleton data performs good for several actions,
but seems not sufficient to distinguish other actions such as sweeping, with recognition rates of 35%
and 54.9%, respectively. The skeleton motion during these two actions is similar to the motion while
drinking, moving the chair, or pouring. The appearance of the object improves the performance for
the sweeping and mopping actions. As shown in Figure 5, the recognition of sweeping improved
by 36% by using the geometry and the appearance of the object in addition to the skeleton motion.
The performance of mopping reaches 78.3% for the mopping action.

Drinking [eJ01] o (; 4
Pouring 00 -
Calling Phone 00
Playing Phone 0.0 o
Wearing Backpacks 00 A
Packing Backpacks 00 o
Sitting Chair 00
Moving Chair 00
Taking out Wallet 00 -
Taking from Wallet - 5.5 8.0 0.8 1.0 1.0 26 68 101 36 Y 10 00 o
Mopping |- 5.5 95 13 15 15 a8 5.8 7.8 36 a7 m 01 o
Sweeping |-13.5 8.1 1.5 0.8 4.6 6.8 48 118 8.3 41 0.7
L L L . . L . : L . . L
@L\(@ o\"éb Q(\O& Q(\O& R 4 NS & o@k s® \@\é\ Q\Q)\e} OQQQ% ef"’é@
T O ® F F S Y
I3 Q@ & ‘_\(\q - O &
& A

Figure 4. SYSU 3D Human-Object Interaction dataset confusion matrix based on skeleton data (G).
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Drinking

Pouring

Calling Phone
Playing Phone
Wearing Backpacks
Packing Backpacks
Sitting Chair
Moving Chair
Taking out Wallet

Taking from Wallet

Mopping

Sweeping
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Figure 5. SYSU 3D Human-Object Interaction dataset confusion matrix based on skeleton, depth, and
color data (G + D + C).

Table 5. Comparison on the SYSU 3D dataset. (D) depth; (C) color (or RGB); (G) geometry or skeleton.

Methods Accuracy %
(G) Local Accumulative Frame Feature (LAFF) [56] 54.2

(G) Dynamic skeletons [44] 75.5 + 3.08
(G) LSTM-trust gate [57] 76.5

(G + D + C) LAFF [56] 80

(G + D+ C) JOULE [44] 84.9 & 2.29
Our Method:(G) Skeleton 73.48 £+ 5.91
Our Method:(G + D) Skeleton + Obj (D) 74.51 £ 5.47
Our Method:(G + C) Skeleton + Obj (RGB) 86.76 + 4.82

Our Method:(G + D + C) Skeleton + Obj (RGB) + Obj (D)  87.40 + 5.04

6. Conclusions and Future Direction

In this paper, we represent the inter-frame evolution of skeleton body parts in Lie group
SE(3) X ... x SE(3). When an object is involved in the action, a neural network is used to detect
the object at the first frame, then the evolution across frames is tracked, then similarly modeled as
an additional trajectory in Lie group SE(3). The resulting trajectories are then mapped onto the Lie
algebra, where they are compared using a re-parameterization-invariant framework in order to handle
rate variations. The distances to training trajectories are concatenated with the output of the last
layer of the neural network used for object detection, then are fed to the very fast decision tree to
perform action recognition. We experimentally show that the proposed approach performs better than
many previous approaches for human activity recognition. As future work, we expect widespread
applicability in domains such as physical therapy and rehabilitation.
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Abstract: Recently, the statistical analysis of muscle activation patterns highlighted that not only one,
but several activation patterns can be identified in the gait of healthy adults, with different occurrence.
Although its potential, the application of this approach in pathological populations is still limited
and specific implementation issues need to be addressed. This study aims at applying a statistical
approach to analyze muscle activation patterns of gait in Parkinson’s Disease, integrating gait
symmetry and co-activation. Surface electromyographic signal of tibialis anterior and gastrocnemius
medialis were recorded during a 6-min walking test in 20 patients. Symmetry between right and left
stride time series was verified, different activation patterns identified, and their occurrence (number
and timing) quantified, as well as the co-activation of antagonist muscles. Gastrocnemius medialis
presented five activation patterns (mean occurrence ranging from 2% to 43%) showing, with respect
to healthy adults, the presence of a first shorted and delayed activation (between flat foot contact
and push off, and in the final swing) and highlighting a new second region of anticipated activation
(during early/mid swing). Tibialis anterior presented five activation patterns (mean occurrence
ranging from 3% to 40%) highlighting absent or delayed activity at the beginning of the gait cycle,
and generally shorter and anticipated activations during the swing phase with respect to healthy
adults. Three regions of co-contraction were identified: from heel strike to mid-stance, from the pre-
to initial swing, and during late swing. This study provided a novel insight in the analysis of muscle
activation patterns in Parkinson’s Disease patients with respect to the literature, where unique, at
times conflicting, average patterns were reported. The proposed integrated methodology is meant to
be generalized for the analysis of muscle activation patterns in pathologic subjects.

Keywords: surface EMG; statistical gait analysis; activation patterns; co-activation;
Parkinson’s disease

1. Introduction

Surface electromyography (sSEMG) is widely used in clinical gait analysis [1,2]: amplitude-,
time-, frequency-based parameters, and conduction velocity of muscle fibers can be investigated
to characterize muscle activity from sEMG [3,4]. In particular, temporal parameters, i.e., the on/off
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timing of muscle activation, have become a de-facto standard for the clinical assessment of gait [5-7].
On/off timing of activation of each analyzed muscle is calculated from the raw sEMG signal through
passband filtering, rectification, envelope computation, and thresholding [8-10], and used to identify
the pattern of activation during the gait cycle. Then, the subject-specific pattern can be compared to
that of healthy/reference populations for functional assessment [11]. Therefore, the approach used for
the identification of such patterns plays a critical role in the resulting functional assessment.

In common practice, a single reference activation pattern is considered, resulting from the analysis
of a limited number of strides (i.e., usually few units over a limited number of trials) acquired in
laboratory conditions [11]. Recently, the statistical analysis of muscle activity over multiple decades
of consecutive strides in ecological conditions highlighted that not only one, but several activation
patterns can be identified with different statistical occurrence in the same walking trial, usually one
prevalent pattern accompanied by few less frequent, but still statistically significant ones [4,12-16].
Studies performed on healthy adults [4,13,16] found for the rectus femoris a pattern of three activations
per gait cycle (i.e., at the beginning of gait cycle, around foot-off, and in the terminal swing) in 53% of
total strides, of two activations (i.e., as the previous but lacking activation around foot-off) in 26%, and of
two (or three) small activations only around stance-to-swing transition in 17% [13].The identification
of this variable behavior is crucial for characterizing motor function and control strategies in healthy
subjects, and even more to better understand the modifications occurring in pathological conditions.
Therefore, the statistical approach has also been applied in preliminary studies analyzing the muscle
activation pattern of pathologic gait; in hemiplegic children, for instance, a reduced frequency in the
activation of the tibialis anterior (TA) during terminal swing and a lack of activity of the same muscle
at heel-strike compared to healthy controls were identified [17].

Besides the promising preliminary results, and the potential of a better insight in motor control
mechanisms provided by the application of a statistical approach for the analysis of sSEMG [18,19],
some methodological aspects of its implementation still need to be better investigated, especially as
referred to the analysis of pathological gait, where changes in the activation pattern can be related
to other kinematic and/or kinetic modifications. Gait asymmetry [20,21], for instance, can appear in
certain pathological conditions, and can significantly affect the implementation of a statistical approach
for the analysis of sSEMG, differentiating or not the specific behavior of muscles in the two limbs.
Although it is relevant, a specific indication regarding how to take gait symmetry into account is
still missing.

Among motor disorders that influence gait performance, Parkinson’s Disease (PD) is one of
the most investigated in clinical research [22-29]. Usually, authors assess muscle activation during
gait of PD patients with amplitude-based parameters [23,24], focusing mainly on distal muscles of
the lower limbs, i.e., gastrocnemius (GA) and TA [25-29]. Few recent studies analyzed the on/off
timing of these muscles within the gait cycle without identifying a representative activation pattern in
PD patients. Cioni et al. [25] observed the absence or extreme reduction in TA activations in early stance
or during the early and late swing phases, while Dietz et al. [28] found well preserved timing in the
activations of the GA and TA comparable to healthy reference values, and some other authors [27,29]
observed the co-activation of the two antagonist muscles (i.e., overlapping periods of on/off timings):
Ferrarin et al. [27] reported maintained reciprocity between antagonist muscles, while Dietz et al. [28]
observed larger co-activations during the support phase in PD compared to the healthy elderly.
These contradictory results can depend on differences in the analyzed PD populations, including
different pharmacological treatments and severity of the pathology, but the most important limitation
can be identified in the limited number of analyzed strides, preventing the actual identification of
significant patterns. Given the intrinsic variability of the muscle activation pattern identified in healthy
subjects [10,13], the application of a statistical approach over multiple decades of strides can help to
properly take intra-subject variability into account and provide more reliable assessment [30,31] also in
pathological gait [17,32].
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The aim of the present study was to apply a statistical approach to the analysis of SEMG to identify
gastrocnemius medialis (GM) and TA activation patterns in the gait of PD patients, taking potential
stride asymmetries into account. More specifically, using data acquired during a 6-min walking test,
first, temporal gait symmetry was verified, then occurrence of the different activation patterns, in terms
of number and timing within each stride per muscle, and the co-activation of antagonist muscles
were quantified.

2. Materials and Methods

2.1. Participants

Twenty PD patients (12 females, 8 males; age 67.2 + 9.1 years; height 1.65 + 0.12 m; body mass
67.3 + 13.1 kg; Hoehn-Yahr stage I1I, 10 with diagnosis of freezing) participated in the study. All patients
were in ON state of Levodopa treatment during the assessment. The study was approved by the local
scientific committee and institutional review board (Comitato Etico Interaziendale delle Provincie di
Lecco, Como, Sondrio, Italy), and was in accordance with the Code of Ethics of the World Medical
Association (Declaration of Helsinki, 1967). A complete explanation of the study protocol was provided
to the patients, who signed a written informed consent before their participation in the study. This trial
was registered on ClinicalTrials.gov NCT03015714.

2.2. Data Acquisition

Each participant performed a 6-min walking test along a 15 m straight pathway at a self-selected
speed wearing own comfortable footwear. Angular velocities of the shanks, used for gait temporal
segmentation, were collected using two tri-axial synchronized inertial sensors (OPALs, Apdm,
Portland, USA, sampling frequency = 128 Hz) attached to the lateral aspect of each ankle, approximately
0.05 m above the lateral malleolus, using elastic straps.

sEMG signals of GM and TA of both legs were acquired using wireless bipolar surface
electromyograph, (Mini Wave, Cometa, Milan, Italy, sampling frequency = 2000 Hz). Sensor placement
was performed following SENIAM guidelines [33]: for GM, the electrodes of the sensor were placed on
the most prominent bulge of the muscle, aligned longitudinally along the leg [34]; for TA, at 1/3 along
the line joining the head of the fibula and the tip of the medial malleolus [34]; bipolar SEMG electrodes
are applied around the recommended sensor location with an inter electrode distance of 20 mm.

To synchronize the two systems, the accelerometers embedded in both sSEMG sensors (Mini Wave,
Cometa, Milan, Italy, sampling frequency = 2000 Hz) and inertial measurement units were used:
before acquisition, one of the OPAL sensors was tapped three times on one of the Mini Wave sensor;
synchronization was implemented during data processing matching the 3 acceleration peaks acquired
by the two systems.

2.3. Data Analysis

Only continuous strides walked along straight paths were considered for the analysis, excluding
turns and freezing episodes. Gait events (i.e., foot contact and foot off) were automatically identified
from the angular velocity around the medio-lateral axis of the shank [35]. For each subject, stride time
was calculated as the difference between two consecutive foot contacts of the same leg.

For the assessment of gait symmetry, the difference between left and right leg of stride
time sequences was tested per subject using the Kruskal-Wallis test (statistical significance 5%),
since normality of distribution was not verified (Shapiro-Wilk test).

sEMG data were bandpass filtered at 20-450 Hz [36,37], then processed by a double threshold
statistical detector to provide the onset and offset time instants of TA and GM activity [38]: per muscle,
an amplitude threshold ¢ and a numerosity threshold 0 were defined; if at least 70 out of m
consecutive samples, in absolute value, are above (, activation is considered on and set to 1; elsewhere
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activation is considered OFF and set to 0. On-set instants are identified with transitions of the activation
from 0 to 1, off-set from 1 to 0.

The behavior of the double-threshold detector is determined by three parameters: the amplitude
threshold , the numerosity threshold r0, and the length of the observation window m. The values
of ¢ and r0 are statistically selected to minimize the value of false-alarm probability and maximize
probability of detection for specific signal-to-noise ratio (SNR) and background noise. To guarantee the
performance of the threshold detector, only signals with a minimum SNR value of 10 were considered;
the value was chosen according to literature [38]. The values of the background noise level and the SNR
were estimated using the statistical approach proposed by Agostini et al. [39]. The length duration of
the observation window m was set to 60, i.e., 30 ms, as suitable value for the study of muscle activation
in gait analysis [38].

Muscle activation events and intervals (off-set—on-set) per gait cycle were normalized with
respect to the corresponding gait cycle duration, then, the number 7 of times the muscle was activate
within a single gait cycle was calculated to define the n-activation pattern per gait cycle and per muscle.

To quantify the frequency of occurrence of each n-activation pattern, muscle activations of each
muscle were gathered according to the number of detected intervals within each gait cycle and the
occurrence frequency of the single n-activation pattern was calculated per muscle and per subject as:

Number of gait cycle with nactivation pattern
Total number of gait cycle

Occurrence Frequency (n) =

Then, mean and standard dispersion (SD, i.e., standard deviation divided by the square root of
the number of strides) values of occurrence frequency of each n-activation patter of each muscle were
calculated over subjects.

To characterize the timing of each n-activation pattern, mean and SD of normalized activation
events were calculated per n-activation pattern, per muscle, and per patient.

For the co-activation investigation, only patients showing a SNR greater than 10 for both muscles
in at least one of the two limbs were considered.

To characterize co-activation [4], per GM n-activation pattern:

e  GMactivation signal of all gait cycles, normalized with respect to gait cycle duration, were summed
up and divided by the number of corresponding gait cycles per subject, then, the resulting subject
specific normalized n-activation patterns were summed up and divided by number of subjects.

e  The same procedure was replicated per TA n-activation pattern occurring during the same gait
cycle of certain GM n-activation pattern.

Coactivation was identified when both concurrent GM and TA normalized n-activation patterns
were above 0.1. Matlab R2018a (MathWorks BV, USA) was used for data analysis.

3. Results

Among the 20 subjects, the SNR resulted above the minimum selected value of 10 was in:
(i) 5 subjects for both muscles of both legs, (ii) 8 subjects for both muscles of at least for one leg,
(iii) 16 subjects for GM and 13 for TA for at least one leg. Therefore, a median of 159 (minimum 48,
maximum 208) strides were considered per leg and per subject. For each subject, muscles that showed
SNR greater than 10 and considered strides was reported in Table 1.
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Table 1. For each subject, the muscles that showed a signal-to-noise ratio (SNR) larger than 10 are
indicated with a cross. The number of strides considered per leg are reported in the bottom line.

Subject 1 2 3 4 5 6 8 9 10 11 12 13 14 15 16 17 18 19 20
Right TA X X X X X X X
8 GM X X X X X X X X X X X X
Lef TA X X X X X X X X X X X X
eft GM X X X X X X X X X X X X X X X

N. Strides per leg 182 152 179 132 208 64 190 201 194 179 139 48 55 159 203 146 156 170 152

Analyzing gait symmetry: no statistical difference was found between the stride time data series
of the left and right leg among subjects (maximum difference for 25th percentile, median and 75th
percentile between left and right side for each subject, 0,01 s). Since kinematic symmetry (i.e., stride
time) was verified for all subjects, data from left and right leg together were analyzed to calculate
n-activation pattern occurrence frequency and timing per subject and per muscle.

For GM, the most frequent (42.9 + 0.8% occurrence frequency) was the 2-activation pattern: the
first activation for all patients at the transition between flat foot contact and push-off; the second
activation in 9 out of 16 subjects (1, 3, 6, 8, 12, 13, 14, 16, 19) at the turn of pre- and initial swing, in 2
(17 and 18) during terminal stance, in 1 (4) at initial swing, and in 4 (2, 10, 15, 20) during mid-swing.

The second most frequent (28.0 + 1.0%) was 1-activation pattern, with a timing similar to the
2-activation pattern for all patients but with no activation during the swing phase.

The third most frequent (21.0 + 0.9%) was the 3-activation pattern: the first two activations during
stance in all subjects but with the exception of 3 (2, 10, 15), around stance-swing transition, in the first
half, and at the beginning of swing, respectively; the third during initial and mid-swing for all subjects
but 4 (2, 3, 4, 10) during final swing.

The fourth most frequent (7.5 + 0.6%) was the 4-activation pattern: with an activation scheme
similar to the 3-activation pattern during the stance phase and a high variability of the timing of very
short activations during the swing phase.

The least frequent (2.5 + 0.4%) was the 5-activation pattern that, with respect to the other patterns
described above, showed several discontinuous activations with high variability during both stance
and swing phases, with in some cases (1, 2, 14, and 19) a prolonged activation during mid-stance
together with shorter ones.

Occurrence frequency of GM activation pattern is depicted in Figure 1, and timing over gait cycle
of the 5 activation patterns for GM in Figure 2.
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Figure 1. Occurrence frequency (mean + SD) of the 5 activation patterns of gastrocnemius medialis
(GM) over the 16 subjects for whom GM signal-to-noise ratio resulted above the selected threshold
of 10.
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For TA, the most frequent (39.5 + 0.7%) was the 3-activation pattern: in 8 subjects out of 13 (1, 3,
6,11, 15, 16, 17, 18) the first activation at the beginning, and in 5 (5, 8, 9, 12, 20) during mid/final
stance; the second in the first half of the swing phase in 6 (3, 5, 6, 8, 15, 18, 20), around the stance to
swing-transition in 5 (1, 9, 11, 12, 17), only in 1 subject (16) in the second half of the stance phase;
the third in terminal swing for all subjects but 1 (16), anticipating the activation to initial swing phase.

The second most frequent (28.7 + 0.9%) was the 4-activation pattern: the first at the beginning of
stance for all subjects but 1 (20) at mid-stance; the second from mid- to final stance in 9 subjects (1, 3, 6,
9,11,12, 16,17, 18), in 2 (15, 20) around stance to swing transition, and in 2 (5, 8) at the beginning of
swing; the third in 5 subjects (5, 6, 15, 18, 20) at mid-swing, in 4 (1, 11, 16, 17) around stance to swing
transition, and in 4 (3, 8, 9, 12) in the first half of swing; the fourth at the end of swing in all subjects
but 1 (16) at mid-swing.
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Figure 2. Mean =+ SD activation intervals in percentage of gait cycle for 1- (a), 2- (b), 3- (c), 4- (d) and 5-
(e) activation pattern in GM. Mean value of foot-off in percentage of gait cycle is represented with a
red star, representing the beginning of swing phase.

The third most frequent (17.9 + 1.0%) was the 2-activation pattern: the first in 5 subjects (1, 9,
11, 12, 18) during the second half of stance, in 4 (3, 5, 8, 17) around stand to swing transition, in 2
(6, 16) during the first half pf stance, in 1 (15) at midstance, and in 1 (20) during the first half of the
swing phase; the between mid- or final swing for all subjects but 2 (6, 16) during initial swing.
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The fourth (9.8 + 0.6%) was the 5-activation pattern: first activation at the beginning of stance for
all subjects; second variably distributed from initial to late stance in all subjects; third in 6 subjects (1, 9,
11,12, 16, 17) in the second half of stance, in 2 (3, 8) at the stance to swing transition, in 5 (5, 6, 15, 18,
20) at the beginning of swing; the fourth between initial and mid-swing for all subjects but 2 around
stance to swing transition (1) and in late swing (6); the fifth at the end of swing in 10 subjects (1, 3, 6, 8,
9,11, 15,17, 18, 20), at mid-swing in 2 (5, 16), and at early swing in 1 (12).

The least frequent (3.0 + 0.4%) was the 1-activation pattern, exhibited only by 6 out of 13 subjects
(1,3,5,9,12, 18), varying largely between the end of stance and the end of swing.

Occurrence frequency of TA activation pattern is depicted in Figure 3, and timing over gait cycle
of the five activation patterns for TA in Figure 4.
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Figure 3. Occurrence frequency (mean + SD) of the 5 activation patterns of tibialis anterior (TA) over
the 13 subjects for whom TA signal-to-noise ratio resulted above the selected threshold of 10.
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Figure 4. Mean + SD activation intervals in percentage of gait cycle for 1- (a), 2- (b), 3- (c), 4- (d), and 5-
(e) activation pattern in TA. Mean value of foot-off in percentage of gait cycle is represented with a
red star, representing the beginning of swing phase.

All GM n-activation patterns showed TA coactivation, for TA 2-, 3-, 4-activation patterns, at the
beginning of stance from foot contact, approximately from 0% to 20% of the gait cycle, and in preparation
of foot off, approximately from 55% to 65% of the gait cycle. With more than 1 GM activation (i.e., 2, 3,
4-activation patterns) a third TA coactivation phase was identified from mid-swing to foot contact again,
approximately from 75% to 100% of the gait cycle.

Coactivation for TA 1-activation and 5-activation patterns was not reported due to rare occurrence
of the former and large variability of intermediate activations in the latter.

Normalized n-activation patterns of GM and TA and corresponding coactivation intervals are
depicted in Figure 5.
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Figure 5. Normalized activation intervals of TA detected strides where GM (thicker lines) showed
1- (a), 2- (b), 3- (c) and 4- (d) activation pattern. Co-contractions intervals, where both concurrent
patterns are above 0.1, are highlighted by vertical grey bands.

4. Discussion

The present work analyzed sEMG in a population of 20 PD patients for the assessment of GM an
TA activation patterns during gait using a statistical approach for the processing of a large number
of strides.

Previous studies [25-29,40] evaluating muscle activation in PD patients reported non-concordant
results probably due to the limited (from few units to a couple of tens) number of gait cycles per subject,
indicating a single reference activation pattern for each muscle.

The relatively recent application of a statistical approach for the analysis of sSEMG from long
gait sequences (i.e., multiple decades of gait cycles) highlighted that different activation patterns can
occur even in healthy gait [4,12-16] and in hemiplegic children [32], as preliminary application to
pathological conditions. In the present study, the application of a statistical approach was applied in
PD patients to long gait sequences from a 6-min walking test (i.e., in the order of multiple decades of
gait cycles) to identify the different possible gait patterns.

Approaching the analysis of gait in pathology, specific conditions have to be addressed. Previous
studies that applied statistical EMG analysis to the gait of healthy subjects did not tackle the issue
of gait symmetry, as in healthy subjects no difference between left and right sides is reasonably
considered [15,16]. Considering the pathological population under investigation in the present study,
this hypothesis must be verified exploiting an approach coherent with the further statistical analysis
on the on/off timing activation pattern. In the present study, overall symmetry was investigated using
stride time as a discrete temporal indicator in accordance with previous studies [20].

The application of the statistical approach [38] to SEMG in the analyzed PD population after
gait symmetry assessment allowed us to identify different activation patterns for both GM and TA,
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supporting the existence of an intrinsic variability in EMG activation schemes even in a paradigmatic
motor task as gait, as already observed in healthy subjects [10,12,17] and hemiplegic children [32].
In more detail, 5 activation patterns were identified by the computational procedure for both muscles,
although, based on the quantification of occurrence frequency, only four can be considered significant
for GM (i.e., the 5-activation pattern excluded having an occurrence frequency below 3%), and four for
TA (i.e., the 1-activation pattern excluded due to occurrence frequency below 4% and in a minority
of subjects), although the TA 5-activation pattern presented a low but significant occurrence frequency
(in the order of 10%), resulted too variable in timing to allow a systematic characterization.

As already observed in healthy subjects, GM activity was centered between flat foot contact
and push off, and in the final swing: even if shorter and delayed, the first activation is also found
in PD, highlighting the active participation in stabilizing ankle dorsiflexion during the forward
progression [3,11]; the second region of activity mainly occurred during the early- and mid-swing,
anticipating the activation timing observed in healthy adults [12]. When no statistical approach was
applied and only the triceps surae mean single timing pattern was estimated, this second region of
activity was not observed [31]. For TA, the muscular activity of healthy subjects resulted to be centered
from the pre-swing to the following loading response and during the mid-stance [12]. In the analyzed
PD subjects, the activity at the beginning of the gait cycle was absent or delayed, showing alterations
that normally contribute to foot positioning at the touch down [27]. Moreover, the activations during
the swing phase were generally shorter and anticipated, showing a compensation of the anticipation in
the activation of GM during the swing phase [27]. These differences in the TA activation pattern were
not observed previously with the mean single pattern approach [31].

The coactivation analysis of the two antagonist muscles, GM vs TA, was applied to understand the
mechanisms of regulation of joint stiffness and stability [41,42]. To the authors” knowledge, only one
study assessed the coactivation of antagonist muscles using statistical approaches, investigating
GA and quadriceps femoris during gait of healthy adults [15]. Following the same methodological
approach [15], the co-contraction between GM and TA was quantified as the overlapping of activation
intervals. In the analyzed PD subjects, results showed two or three GM-TA co-activation intervals
within the single gait cycle (Figure 5), confirming the maintained reciprocity of antagonist nature
of considered muscles [27]: the first coactivation lasted from heel strike to mid-stance and can be
associated to ankle stabilization during the early stance [43]; the second activation occurred from the
pre—to initial swing, when TA contributes to rapid dorsi-flexion of the foot during swing phase [44],
while GM activity is commonly related to the plantar-flexion needed for the heel raising [45]; the third
and last coactivation occurred during late swing, when TA acts as ankle dorsi-flexor and GM as
foot-invertor [12], to properly positioning and stabilizing the foot for the following foot contact [11,46].
First and second coactivations occurred for every GM and TA n-activation pattern, while the third
coactivation did not occur for the GM 1-activation pattern, independently from the associated TA
n-activation pattern.

Due to the number of analyzed PD subjects and their specific characteristics (e.g., severity and ON
state of Levodopa therapy), the results of the present study cannot be generalized to PD population;
nevertheless, the exploited statistical approach, applied to a large number of strides acquired in
ecological conditions, demonstrated the capability to also identify different activation patterns in the
target pathologic population, allowing to quantify the occurrence frequency of each, analyze activation
timing distribution per activation pattern, and coactivation as related to specific activation patterns,
supporting the methodological aim of the present study.

The use of a statistical approach to identify activation patterns from sEMG in the selected pathologic
population supported a better insight in the analysis of muscle activation and control, and can be
used for monitoring and understanding how muscle activity changes with the development of the
pathology. Moreover, it provided quantitative parameters to support further analysis (e.g., occurrence
frequency of each n-activation pattern, presence/absence of a certain muscle activity in a specific gait
phase) that can also be exploited to size sample and gait duration or can be included, together with
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spatio-temporal parameters, in the statistical methods/models for the general analysis of gait in PD
patients [47-49].

In addition, the approach allows for the estimate of SNR on the signal, and the constraint on
SNR allows us to guarantee the quality of the analyzed data and of the resulting outcome, although
the constraint can lead to the discarding of part of the acquired data, as not all gait cycles can be
included in the analysis (Table 1). Therefore, for the application of statistical approach, not only do
long sequences of gait have to be acquired, but also great care must be paid during the experimental
procedure (e.g., skin preparation, electrode placement etc.) to minimize the loss of acquired data.
The verification of symmetry, as in the present study, allows us to increment the statistical power of
the data-set, computing data from the right and left side together, nevertheless, this verification is not
guaranteed in pathologic subjects and specific inspection must be previously performed.

5. Conclusions

The present study evaluated GM and TA activation in PD patients, proposing a comprehensive
step-to-step analysis procedure based on a statistical approach from the detection of activation patterns
from long gait sequences acquired in ecological conditions, integrated with verification of gait symmetry
and coactivation analysis. The analysis allowed to identify different muscle activation patterns and
their relative occurrence frequency, as well as coactivation schemes, in PD subjects, providing novel
insight with respect to literature, where unique average patterns were identified, providing at times
conflicting results. The improved methodology, here applied as an example to GM and TA in 20
PD subjects, is meant to be considered as a general procedure to be applied for the analysis of muscle
activation patterns in pathologic subjects.
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Abstract: Adaptive variability during walking is typical of child motor development. It has been
reported that neurological disorders could affect this physiological phenomenon. The present work is
designed to assess the adaptive variability of muscular recruitment during hemiplegic walking and
to detect possible changes compared to control populations. In the attempt of limiting the complexity
of computational procedure, the easy-to-measure coefficient of variation (CV) index is adopted to
assess surface electromyography (sSEMG) variability. The target population includes 34 Winters’ type
Tand IT hemiplegic children (H-group). Two further healthy populations, 34 age-matched children
(C-group) and 34 young adults (A-group), are involved as controls. Results show a significant
decrease (p < 0.05) of mean CV for gastrocnemius lateralis (GL) in H-group compared to both
C-group (15% reduction) and A-group (35% reduction). Reductions of mean CV are detected also
for tibialis anterior (TA) in H-group compared to C-group (7% reduction, p > 0.05) and A-group
(15% reduction, p < 0.05). Lower CVs indicate a decreased intra-subject variability of ankle-muscle
activity compared to controls. Novel contribution of the study is twofold: (1) To propose a CV-based
approach for an easy-to-compute assessment of SEMG variability in hemiplegic children, useful in
different experimental environments and different clinical purposes; (2) to provide a quantitative
assessment of the reduction of intra-subject variability of ankle-muscle activity in mild-hemiplegic
children compared to controls (children and adults), suggesting that hemiplegic children present
a limited capability of adapting their muscle recruitment to the different stimuli met during walking
task. This finding could be very useful in deepening the knowledge of this neurological disorder.

Keywords: surface electromyography; cerebral palsy; hemiplegia; motor disorders; gait variability;
coefficient of variation

1. Introduction

Hemiplegia, often observed in children affected by cerebral palsy, is a neurological disease
characterized by the fact that only half of the body is affected by the disorder. Modified selective motor
control, weakness and spasticity are associated with hemiplegia, conditioning everyday activities
including walking [1]. In the late 1980s, Winters et al. introduced a suitable classification of gait
in hemiplegia. Based on a kinematics analysis, the authors identified four different gait patterns in
the sagittal plane where four categories were discriminated, based on a progressive distal-proximal
involvement of the hemiplegic leg [2]. Winters’ type I patients present a hypo-activation of dorsi-flexor
muscles of the hemiplegic-leg ankle, causing drop foot during swing. Winters’ type II subjects are
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typified by the persistence of equinism throughout the gait cycle, often related to a hyperextension of
the knee during stance phase [2,3]. Winters’ type I and II are the forms of hemiplegia most frequently
detected in cerebral palsy; thus, many studies have focused on them [3-6].

Surface electromyography (sEMG) is an acknowledged diagnostic technique, typically used
to characterize muscular activity by means of a non-invasive approach. Non-invasiveness and
easiness of use, associated with the increasing availability of solutions based on sEMG, make this
technique particularly valuable for the analysis of those pathologies in which walking is directly
affected, as in cerebral palsy. Many studies, including our own, used an sEMG-based approach
to identify the gait patterns adopted by hemiplegic children and to compare them with control
children [4,6-11]. In particular, two recent studies, performed on numerous strides (hundreds) per
patient, reported clear alterations of muscular-recruitment patterns in hemiplegic side: Reduced and
less frequent activity during swing and a dearth of activity at loading response of tibialis anterior in
type I and II; and a hyper-activation of gastrocnemius around initial contact was identified in type I
only [5,6]. Overall, both studies reported significant variability in activation modality of muscles of
both hemiplegic leg [5] and contralateral (non-hemiplegic) one [6].

Adaptive variability is typical of human motor development. According to some researchers, the
variability in early infant movements is a key aspect of motor development [12]. Moreover, other SEMG-
based studies suggest that an initial attempt of adaptation in postural behavior during sitting could
be identified in four-month-old infants [13]. Then, all basic motor functions will achieve the first
stages of the so-called secondary variability around the age of 18 months. Active trial-and-error
experiences, specific to each subject, are typical of this stage. The basic, variable motor skill reached
during the phase of primary variability keeps on developing and modifying all through the subject’s
life, allowing increasingly accurate and organized movements. Consequently, adult subjects master
a wide movement repertoire, enabling an efficient motor solution for each specific circumstance [13].
Overall variability of human motion is associated with variability of muscle activity, quantified by EMG
signals. In a preliminary study of the present group of researchers [14], SEMG-signal variability was
quantified in relation to motor development, comparing adult and children populations by means of
a quantitative index, the coefficient of variation (CV), previously tested on different EMG signals [14-16].
That study suggested that CV is an easy-to-measure index able to quantify sEMG variability in different
experimental conditions and with different clinical purposes: In adult and pediatric populations
and for both intra- and inter-subject studies. sSEMG variability has been infrequently assessed in
hemiplegic children and only by means of computationally expensive techniques, such as statistical
gait analysis [4,6]. To the authors’ best knowledge, the CV index has never been applied to quantify
the variability of muscular recruitment during hemiplegic walking. Moreover, no attempts were
reported in literature to provide a direct and quantitative comparison of sSEMG-variability values
between hemiplegic children and controls.

Thus, the present work is designed to assess the adaptive variability of muscular recruitment
during hemiplegic walking and to detect possible changes in sSEMG variability of hemiplegic walking
compared to controls. The easy-to-measure CV index is chosen to achieve this goal, in order to
propose a novel approach able to limit the complexity of computational procedures. The CV value is
computed in 34 school-age hemiplegic children identified as type I and II by Winters’ classification
and in a large number of cycles per subject (hundreds), resulting in around 30,000 strides in total,
to guarantee an adequate number of samples for variability characterization. The same index is used to
describe sSEMG behavior in two further populations, school-age children (34 subjects) and young adults
(34 subjects), to compare and interpret results achieved in the hemiplegic population. The manuscript
is organized as follows: Section 2 provides a short summary of the main indices available in the
literature and used to quantify and analyze the sSEMG signal variability in different scenarios, among
which the CV is applied in the present study. Section 3 presents material and methods based on
which the research was developed, providing details about SEMG processing, test populations and
parameters computation. Section 4 presents the experimental results that are discussed in Section 5,
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along with retrospection on the related state of the art. Finally, Section 6 concludes the manuscript and
provides insights for future research developments.

2. Indices for sSEMG Variability Analysis

The non-invasive recording of muscle electrical activity during dynamic tasks is greatly supported
by sEMG, thanks to a huge collection of algorithms and techniques specifically designed to obtain
and interpret the muscle activation patterns. The last ones may appear in patients with altered
locomotion, and the use of sSEMG in clinical gait analysis helps identifying such a condition.
Despite the aforementioned advantages, and the market availability of wireless, lightweight and
minimally invasive sSEMG measurement equipment, such as the Myon [17] or the Freeemg [18]
devices, SEMG has not witnessed a pervasive and widespread adoption in clinical assessment or
rehabilitation yet. This is motivated by education barrier, i.e., understanding the features and
information associated with electrical signals measured on the body may be not easy or straightforward
by clinical operators [19,20]. Additional complexity is determined by the possibility to apply a huge
variety of parameters, indices and figures, differently defined and computed from the measured
sEMG signal samples, according to the specific muscle feature or activation pattern one is interested
to observe [21]. For example, root mean square (RMS), median frequency (MF) and mean power
frequencies (MPF) based on Fourier Transform [22] have been effectively used in applications dealing
with the evaluation of muscular fatigue.

It is well recognized that the human motor system exhibits redundancy, so a single motor task
may be performed in several different ways, leading to a similar final result [23]. Redundancy of
motor repertoire in human subjects reflects the capability of the nervous system to generate different
patterns of muscle activation, for the same given movement. Such a capability motivates either
intra- and inter-subject variability of muscle activation, which can be captured by suitably designed
indices computed on the measured sEMG signal samples. For example, indices proposed for sEMG
analysis focused on aspects pertaining to running are mean, standard deviation (SD) and mean CV,
as well as CV calculated over the running cycle [24]. The mean sEMG value at the denominator
of the CV definition influences the value of such an index: For sensors located in those body areas
where muscle activity is very weak or not present at all, the variability may be overestimated [25].
In order to overcome this limit, other metrics have been introduced, such as the variance ratio (VR)
applied in gait analysis [26]. In studying intra-individual variability of SEMG in front crawl swimming,
Martens et al. [27] introduced several one- and two-dimension metrics: They included both one-
and two-dimension CV, VR and the coefficient of quartile variation (CQV). Corresponding general
definitions are reported in Table 1. In particular, the CV of a quantity is defined as the ratio of its standard
deviation to its mean, as given in Table 1. Such an index is largely used in many clinical fields, but it is
not commonly applied to SEMG signals. In the present work, CV is adopted to quantify the variability
of muscle rhythmic activation during walking in three different populations, namely hemiplegic
children, healthy school children and young adult. Motivation for choosing the CV is threefold: (i)
We aim for applying and testing this index in the evaluation of sSEMG variability during walking in
hemiplegic children for the first time at our best knowledge; (ii) we aim for checking the suitability of
such an easy-to-compute index in reflecting different characteristics between pathological and control
children and then between children and young adults, in order to promote the adoption of sSEMG in
clinical practice: Despite its simplicity, the index is able to satisfactorily discriminate the muscular
recruitment during walking exhibited by different populations [14,28]; (iii) CV is a unit-free measure,
suitable to compare normally distributed data by directly quantifying the degree of variability relative
to the mean of the distributions [28]. The CV index, indeed, is not directly computed on SEMG samples,
but it is derived from the standard deviation of the signal, which is by definition a direct measurement
of the signal variability. These characteristics seem to make this index more suitable to the aim of
the present study, respect to CQV and VR indices. CQV index, indeed, depends on mean and quartiles,
which in turn can be influenced by how they are estimated [28]. VR index, requiring a more articulated
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computation algorithm, is more indicated for intra-individual variability, being insensitive to mean
sEMG amplitude and data smoothing applied to different waveforms [29]. Neither CQV nor VR
indices include the standard deviation in their own definition (Table 1).

Table 1. Different indices to quantify intra-individual sSEMG signal variability (elaborated from [27]).

Index Definition Parameters

k = no. of intervals *) over a cycle; X; = mean
of the sSEMG values at the i-th interval
calculated over all the cycles; 0; = standard
Lriafxi deviation of the SEMG values calculated over

all the cycles.

CV at the i-th interval ). Note that CV is

One-dimension CV:

it permits comparison of the variability of iy 2

a data set with a larger and a smaller v =Y
mean and SD

Two-dimension CV CV;= % defined as the mean value of CV;’s over the
! number of intervals in a cycle (k).

(%% )2 k =no. of intervals(”) over the cycle; n =no. of

VR — L cycles; X;j = sSEMG value at the i-th interval

Variance Ratio (VR) N sk oy (x,%)° for the j-th cycle, X; = mean of sSEMG values

i=1 Zuj=1 = fn-1 . . . =
v _ 1vk % at the i-th interval over j cycles; X = mean of
where X = ¢ Yiiy Xi sEMG values.
L . - (@-Q) Q; = 25th percentile, Q3 = 75th percentilf of
Coefficient of Quartile Variation (CQV) CQV = TN the 11 SEMG values at a given interval &)

) Definition of interval depends on the specific study target (e.g., gait analysis, swimming, walking).

As discussed in [30], sSEMG-signal amplitude is typically used as a measure of relative force
production and it increases with the number, size and firing rate of active motor units. When collecting
SsEMG, several aspects may affect the measure of SEMG amplitude and frequency, namely the depth of
the active motor units, the thickness of the subcutaneous tissues, proximity to the innervation zone
and tendons. As such, electrode placement plays a crucial role in SEMG signal quality. Moreover, it is
acknowledged that the thickness of the subcutaneous tissue between the surface electrode and active
muscles affect the measurement of electromyographic activity. The amount of excess body fat is
considered as an internal noise for EMG because it increases the separation between the active muscle
fibers and the detection sites [31]. In this work, sSEMG signals have been collected from tibialis anterior
(TA) and gastrocnemius lateralis (GL) muscles, based on acknowledged guidelines [32,33] for electrodes
positioning to maximize the signal-to-noise-ratio. Moreover, obese subjects have been excluded from
the study [34]. So, the potentially limiting factor of a small average sEMG value, associated with CV
definition, is avoided.

3. Material and Methods

3.1. Participants

A retrospective study was performed, considering sEMG and foot-floor-contact data from
102 volunteer subjects. Volunteers were split into three different groups. H-group was composed of
34 Winters’ type I and Il hemiplegic children (18 males and 16 females, 6-13 years, age = 7.9 + 3.0 years,
height = 127 + 18 cm, mass = 27.4 + 11.0 kg), originally introduced in [4].

C-group was composed of 34 control children (18 males and 16 females, 6-11 years, age =9.1 + 1.1,
height = 134 + 9 cm, mass = 32.1 + 6.9 kg), originally introduced in [35]. A-group was composed of
34 healthy adults (18 males and 16 females, 20-30 years, age = 23.9 + 1.5 years; height = 174 + 10 cm;
mass = 63.1 + 12.0 kg), picked up from the populations analyzed in the Movement Analysis Laboratory
of Universita Politecnica delle Marche, Ancona, Italy and previously introduced in [14] and [36].
Obese subjects were not included in the study. The research was undertaken in compliance with ethical
principles of Helsinki Declaration and approved by institutional expert committee. Adult participants
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signed informed consent prior the beginning of the test. For children, parental consent and child assent
were obtained.

3.2. Measurement Chain

Basographic and sEMG signals were acquired and synchronized by means of Step 32 multichannel
recording system, (Medical Technology, Turin, Italy, resolution: 12 bit; sampling rate: 2 kHz).
Basographich switches (minimum activation force = 3 N), were pasted beneath the heel, the first and
the fifth metatarsal heads of each foot, for measuring foot—floor-contact signal. Single differential SEMG
probes (Ag/Ag-Cl disk; electrode diameter: 0.4 cm; inter-electrode distance: 0.8 cm; differential amplifier
gain: 30 dB; high-pass filter cut-off frequency: 10 Hz; input impedance: 1.5 GQ; CMRR > 126 dB;
input referred noise: 1 Vrms) were placed bilaterally over TA and GL muscles, following acknowledged
guidelines [32,33]. Then, subjects walked barefoot back and forth over the floor at preferred speed and
pace for at least 2.5 min. Further details about acquisition procedure could be found in [4,35,36].

3.3. Signal Processing

Single gait cycles and the phases within each cycle were assessed from basographic signals
following the procedure reported in [37]. Band-pass filtering (20-450 Hz) was applied to raw sEMG
signals to remove the baseline drift associated with movement, perspiration, etc., and any DC offset.
Further, SEMG signals x(t) were full-wave rectified and then smoothed computing the following

RMS formula:
1 (T 2
RMS = —f |x(£)[ dt o
T Jo

over a sliding window of 50 ms (100 samples). The sliding-window approach allows improving the
transitory response and guarantees a better temporal resolution. An example of full-wave rectified
(panel A) and RMS (panel B) signals in the same stride is reported in Figures 1 and 2, for GL and
TA respectively.
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Figure 1. Rectified surface electromyography (sEMG) panel (A) and root mean square (RMS) of sSEMG
signal panel (B) for GL in the same representative stride during walking.
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Figure 2. Rectified sSEMG panel (A) and RMS of sEMG signal panel (B) for TA in the same representative
stride during walking.

3.4. Variability Index

The CV index is used to measure the variability of muscles rhythmic activation during walking.
According to the definition provided in Table 1, the value of this index within a cycle is computed as
the ratio of the sEMG signal standard deviation (o;) to the mean value (Z) in a single i-th interval [15,16]:

cvi=Z i=1..k )
Xi

As anticipated in Table 1, definition of interval depends on the specific study target (e.g., gait analysis,
swimming, walking). The interval considered in the present study is the gait cycle, assessed from
the basographic signal. After the evaluation of CV; index in each single stride, the average over all the k
strides of a single walking task gives the global CV. High CV values indicate a large range of variability for
a muscle, characterized by periods of contraction and periods of relaxation; lower values identify a more
uniform and constant muscle activity.

3.5. Statistics

The Shapiro-Wilk test was used to evaluate the hypothesis that each data vector had a normal
distribution. Since all the samples resulted normally distributed, the analysis of variance (ANOVA),
followed by multiple comparison test, was used to compare the three groups.
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4. Results

In the present study, CV values were assessed over 102 subjects, equally split into the three
populations, involving 29,042 strides in total. Figure 3 shows, for every subject of H-group, mean CV
values (+SD) over all the available strides for both GL (panel A) and TA (panel B). In the same way,
Figures 4 and 5 depict mean CV values (+SD) over all the available strides for both GL (panel A) and
TA (panel B), for every subject of C-group and A-group, respectively. Considering 6519 strides in total
(a mean value of 192 + 71 per h-subject), mean CV values (+SD) of 0.71 + 0.16 for GL and 0.72 + 0.14
for TA were achieved over H-group. In a total of 9923 strides (a mean value of 292 + 38 per c-subject),
mean CV values of 0.83 + 0.19 for GL and 0.77 + 0.12 for TA were computed over C-group. Eventually,
in a total of 12,600 strides (a mean value of 371 + 151 per a-subject), mean CV values of 1.10 + 0.21 for
GL and 0.85 + 0.11 for TA were obtained over A-group.

A direct comparison among average CV values over the three populations is reported in
Figures 6 and 7 for GL and TA, respectively. A statistically significant reduction (p < 0.05) of
mean CV is detected for GL in H-group compared to both C-group (15% reduction) and A-group
(35% reduction). Moreover, the difference observed between C-group and A-group is statistically
significant (25% reduction, p < 0.05, Figure 6). A significant reduction (p < 0.05) of mean CV is detected
for TA in H-group compared to A-group (15% reduction). The difference observed between C-group
and A-group is statistically significant as well (10% reduction, p < 0.05, Figure 7). The 7% reduction
of mean CV value detected in H-group compared to C-group is not statistically significant (p > 0.05).
A direct comparison between mean CV values computed in GL and in TA within the same group was
also performed. In A-group, a significant higher mean CV value for GL than for TA was observed
(1.10 £ 0.21 vs. and 0.85 + 0.11, p < 0.05). No further significant differences were detected.

A Gastrocnemius Lateralis B Tibialis Anterior

- mean

0.5 05

0.0 0.0

Figure 3. Average coefficient of variation (CV) values (+SD) over all the available strides for GL panel

(A) and TA panel (B) in every subject of H-group. Horizontal dashed line represents the mean value
over the H-group.
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Figure 4. Average CV values (+SD) over all the available strides for GL panel (A) and TA panel (B) in
every subject of C-group. Horizontal dashed line represents the mean value over the C-group.
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Figure 5. Average CV values (+SD) over all the available strides for GL panel (A) and TA panel (B) in
every subject of A-group. Horizontal dashed line represents the mean value over the A-group.
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Figure 6. Average CV-GL (+ SD) values over H-group (red bar), C-group (blue bar) and A-group
(cyan bar). Each mean value is significantly different (p < 0.05) from the other two mean values.
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Figure 7. Average CV-TA (+ SD) values over H-group (red bar), C-group (blue bar) and A-group
(cyan bar). * means significantly different (p < 0.05) from the other two mean values.

5. Discussion

Besides the features typically extracted from sEMG signal (RMS, envelope peak, muscle activation
timing, median frequency, etc.), some attempts have been recently proposed to consider sEMG-
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signal variability as a suitable parameter to deepen the interpretation of muscular recruitment by
neuromotor system in pathophysiology [38]. Different approaches have been used to quantify this
phenomenon [15,39,40]. Nevertheless, a gold standard has not been identified yet. The CV adopted in
this work has been proved to be a suitable and easy-to-measure index to assess in different clinical and
experimental environments [14-16]. Thus, the goal of the present study is to assess the variability of the
sEMG signal acquired over ankle muscles during hemiplegic-children walking by means of CV-index
computation. Tibialis anterior and gastrocnemius lateralis are chosen because a large within-cycle
variability of sSEMG activity in those muscles is reported during hemiplegic-children walking [4,6].
The size of sSEMG variability in hemiplegic children is quantified by a direct comparison with CV-based
results achieved in a population of age-matched control children and in a further population of
able-bodied young adults.

Differently from able-bodied subjects, hemiplegic children are used to hitting the ground in
different ways during the same walking, such as by heel, forefoot and flat foot. It has been reported
that each one of these contacts would correspond to a different EMG pattern [4]. This is particularly
true for those muscles mainly involved in ankle-joint movements, such as GL and TA. Thus, a certain
variability of muscle activity is expected, also in mild forms of hemiplegia, such as Winters’ type I
and II. Results in the present group of hemiplegic children (H-group), indeed, report high (>0.70)
mean CV values (+SD) for GL (0.71 + 0.16) and for TA (0.72 + 0.14), confirming the above-mentioned
reports and previsions. This variability may likely be ascribed to the pathophysiological alternation
between sub-phases of gait in which muscles are recruited and sub-phases of gait in which muscles are
silent. It could be also observed that sSEMG variability is comparable in GL vs. TA, since no significant
difference (p > 0.05) was detected between mean CV values of the two muscles.

To reliably quantify sEMG variability in hemiplegic children, it is necessary to compare
these findings with an age-matched control population, which is represented by C-group in
the present study. Alteration of walking in mild hemiplegic children has been widely reported
in the literature [2-4,6,8-10]. The classification of hemiplegia proposed by Winters is based only on
these differences. Winters’ type I children show smaller and less frequent dorsi-flexor recruitment of
the ankle in hemiplegic leg, provoking drop foot during swing. This phenomenon is further stressed
in Winters’ type II, causing a persistence of equinism throughout the gait cycle, often related to a knee
hyperextension during stance. This obviously reflects on myoelectric activity of GL and TA. The present
study was designed to check if these acknowledged alterations are also associated with a modification
of sSEMG variability in hemiplegic walking. Results show a decrease of mean CV value in H-group
for GL (15%, p < 0.05) and TA (7%, p > 0.05), compared to C-group (Figures 6 and 7). The CV’s
own definition indicates that higher values of this index correspond to a more elevated variability
of the phenomenon observed. Thus, lower CVs indicate a reduction of intra-subject variability of
ankle-muscle activity compared to controls, suggesting that hemiplegic children present a limited
capability of adapting their muscle recruitment to the different stimuli met during the walking task,
also in the mildest forms of the disease (Winters’ type I and II). This consideration is supported by the
statistical significance only for GL. Decrease of sSEMG variability for TA, indeed, is not statistically
significant. This leads to reflect on the meaning of the CV index. As mentioned above, the CV index is
not computed directly on sSEMG samples, but it is derived from the standard deviation of the signal
(Table 1), which is by definition a direct measurement of signal variability. Consequently, it is more
informative in the assessment of the differences among different populations than the typical approach
based on the statistical comparison among mean values. Thus, in our opinion, the information
suggested by the present study could be considered reliable, certainly for dorsi-flexor muscles such
as GL, but probably also for plantar-flexor ones such as TA. Moreover, these findings pave the way
to further studies which will try and figure out if different results achieved on GL and TA are due
to the choice of the index or to the statistical analysis or if this is going to stress a real difference
in dorsi-flexor vs. plantar-flexion behavior. A further interesting finding is that H-group presents
a larger normalized (to the mean value) range of CV values for both GL (0.33-1.43) and TA (0.63-1.36),
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compared to C-group (0.61-1.53 for GL and 0.68-1.25 for TA), indicating an increased inter-subject
variability of sSEMG signals during walking. This result is in line with reported studies indicating that
the disorder could affect different patients in different ways [2,4], considering also that the present
H-group is composed of both Winters’ type I and II children.

A previous research pointed out mean CV values higher than 0.86 for GL in an adult population [16],
suggesting that older age could increase sSEMG signal variability. Thus, a control group of adult subjects
(A-group) was also included in the present analysis, to consider the possible influence of age on CV
value. In accordance with the observation reported in [16], CV values in the A-group are significantly
higher for GL compared to both C-group and H-group (1.10 + 0.21 vs. 0.83 + 0.19 and 0.71 + 0.16,
respectively, p < 0.05, Figure 6). This is true also for TA (0.85 + 0.11 vs. 0.77 + 0.12 and 0.72 + 0.14,
respectively, p < 0.05, Figure 7). Thus, an overall reduction of intra-subject variability is detected
in children (hemiplegic and control), suggesting that children are used to adopting a more constant
muscular recruitment during walking, with respect to adults. Physiological interpretation of this result
may be ascribed to the incomplete maturation of the neuro-motor aspects of walking, acknowledged
in school-age children [20]. The CV values reported here in A-group are considerably higher than
those shown in [16] for adult people. This is probably due to the difference of gait protocol between
the two studies. In the present study, consecutive strides during continuous long-distance gait have
been considered. It is reasonable to argue that SEMG patterns may differ and variability could increase,
when comparing with signals acquired in single stride during short-distance walking. Moreover, it is
acknowledged that a large number of samples are needed to suitably describe the phenomenon of
variability of physiological signals [39]. Therefore, the reliability of the present results is strengthened
by the numerous strides analyzed here, on average nearly 300 per subject, and 30,000 in total.

The present group of researchers has recently focused its attention on the variability of muscular
recruitment in children by means of sSEMG analysis, a field where, to our knowledge, only few
attempts were carried out. To this aim, different studies were produced, focusing on the assessment
of sEMG variability in able-bodied subjects [14,35,36], proposing a new parameter for quantifying
sEMG variability [39], looking for novel insights in the maturation of gait [14,36], trying to quantify
the asymmetric behavior of muscle recruitment in hemiplegic-children walking [6] and attempting
to find a predominant muscle activation pattern able to characterize the different classes of children
hemiplegia [8]. However, most of these studies used an advanced signal a processing technique,
called statistical gait analysis (SGA), which describes human walking by averaging spatial-temporal
and sSEMG-based characteristics over numerous strides of the same walking trial. Despite being reliable
and robust, SGA is a computationally expensive technique which produces a wide range of results.
Thus, the first contribution of the present study is to propose an alternative approach for a suitable
assessment of SEMG variability, based on an easy-to-compute and compact index. Table 2 shows
the detailed contributions of the present work with respect to each of the abovementioned studies
in tabular form. Studies are reported in chronological order. While other studies [5,8,10,11,20,41]
investigated muscular recruitment of lower limbs of hemiplegic children during walking, no direct
assessment of SEMG variability was reported. Thus, a further contribution of the present study
consists in showing the reliability of the CV index in hemiplegic-children walking, in order to also
provide information on sSEMG variability, besides sSEMG amplitude and timing, and all the other typical
parameters. A final contribution of the study is the detection of an overall reduction of intra-subject
variability of ankle-muscle activity in mild-hemiplegic children compared to controls (children and
young adults), suggesting that hemiplegic children present a limited capability of adapting their muscle
recruitment to the different stimuli met during walking task. To our knowledge, this information is
quantified here for the first time.
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6. Conclusions and Future Work

Overall, the present findings provide evidence to support the hypothesis of a decreased
intra-subject variability of surface electromyography signal of ankle muscle in hemiplegic children
during walking, encouraging future studies to deepen the pathophysiological reasons and modalities
associate to this phenomenon. This reduction has been detected compared to both control children
and able-bodied adults. Thus, it could probably be ascribed to both young age and the specific
disease. Concomitantly, an increased inter-subject variability of SEMG signals was detected during
hemiplegic walking, confirming that the disorder could affect different patients in different ways.
Furthermore, present findings indicate that CV is a reliable index to evaluate the variability of
muscle recruitment in different experimental circumstances and with different clinical goals, such as
in adult and pediatric populations, in neurological disorders and for both intra- and inter-subject
studies. Including the results obtained from the different indices listed in Table 1, on the set of SEMG
measurements collected from the three populations, will be an interesting aspect to investigate in
a future development of this study.

It has been shown that the first foot—floor contact of each hemiplegic stride could occur in different
ways (with heel, forefoot and flat foot) and that each one of these contacts would correspond to a different
EMG pattern. Further research developments could be focused on computing and comparing sSEMG
variability associated with each one of the different foot-floor contacts, trying to identify which one is
more involved in the process of variability decrease. Moreover, it is acknowledged that a single gait
cycle can be split in two main gait phases, stance and swing: Stance identifies the full time when the foot
is on the ground; swing quantifies the period when the same foot is in the air for limb progression.
Assessing sEMG variability separately for stance and swing could be one of the future developments
of the present study. Since the CV approach seems to succeed in the quantification of SEMG variability
in hemiplegia, further studies could involve other populations affected by neuromuscular disorders,
such as cerebrovascular accident, Parkinson’s disease and multiple sclerosis.
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Abstract: Sporting organizations such as professional clubs and national sport institutions are
constantly seeking novel training methodologies in an attempt to give their athletes a cutting edge.
The advent of microelectromechanical systems (MEMS) has facilitated the integration of small,
unobtrusive wearable inertial sensors into many coaches’ training regimes. There is an emerging
trend to use inertial sensors for performance monitoring in rowing; however, the use and selection
of the sensor used has not been appropriately reviewed. Previous literature assessed the sampling
frequency, position, and fixing of the sensor; however, properties such as the sensor operating ranges,
data processing algorithms, and validation technology are left unevaluated. To address this gap,
a systematic literature review on rowing performance monitoring using inertial-magnetic sensors was
conducted. A total of 36 records were included for review, demonstrating that inertial measurements
were predominantly used for measuring stroke quality and the sensors were used to instrument
equipment rather than the athlete. The methodology for both selecting and implementing technology
appeared ad hoc, with no guidelines for appropriate analysis of the results. This review summarizes a
framework of best practice for selecting and implementing inertial sensor technology for monitoring
rowing performance. It is envisaged that this review will act as a guide for future research into
applying technology to rowing.

Keywords: rowing; technology; inertial sensor; accelerometer; performance; signal processing

1. Introduction

Recent advances in technological developments have enabled the mass production of small,
unobtrusive wearable inertial sensors [1]. These sensors can be used to directly monitor an athlete’s
biomechanics as well as to instrument the equipment an athlete interacts with in a laboratory, training,
or competitive setting. Previous studies using wearable inertial sensors for athlete performance
analysis show the hindrance of normal movement to be minimal [2]. The miniaturisation of inertial
sensors is attributable to microelectromechanical systems (MEMS). MEMS are chip-level devices based
on movement of silicon-based arms acting as a mass and spring. The acceleration and rotation can be
logged and transmitted [3-5]. MEMS accelerometer technologies include those based on capacitive,
piezoelectric, and piezoresistive effects [3]. When inertial sensors are used in rowing, the device must
be waterproof. Moreover, if an athlete is being monitored on-water training, then other technologies
such as global positioning system (GPS) and on-board video are recommended so that the inertial
sensor data can be synchronised.

Electronics 2019, 8, 1304; doi:10.3390/electronics8111304 165 www.mdpi.com/journal/electronics
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This review outlines the published literature to assess the applications of inertial sensors in rowing.
From this, athletes and coaches have a guide for inertial sensors applications and design method
for implementations.

A systematic review evaluating the integration of wearable inertial sensors into a sporting
environment for performance monitoring was published in March 2018 [6]. The review captured
286 records and of these 10/286 (3.50%) included on-boat water sports such as rowing and kayaking.
These relatively few records either show that there is a gap in using MEMS in performance monitoring
in rowing or this is an under researched area. Due to the physically demanding and technical nature of
rowing, it is hypothesized that performance monitoring tools would be of great benefit.

Reviews of scientific literature pertinent to rowing have been published; however, to the best of
our knowledge, none have focused on the use of technology. Previous literature reviews in rowing
have focused on the biomechanical and metabolic factors imperative for a successful rower and the
likely injures to rowers. Baudouin and Hawkins [7] looked to bridge the gap between physiological,
biomechanics and physical aspects involved in rowing by understanding the interrelationship between
the biological and mechanical systems. They propose that the blade force is the only propulsive
force counter-acting the drag forces (air drag and hydrodynamic drag acting on the rowing system.
It was found that the impact of vertical oscillations of the shell are minimal. The link between
blade force and the rower is the oar and this force is transmitted via the oarlock. They suggest that
sustainable power is maximized through matching the rigging setup and blade design to the rower’s
joint torque—velocity characteristics. They concluded that a more comprehensive understanding of
force-time profiles are needed so that deficiencies in a rower’s biomechanics can be optimised to
achieve greater force generation.

Michael et al. [8] reviewed literature surrounding the metabolic demands of kayaking. The scientific
literature highlights the high levels of both aerobic power and anaerobic capacity across kayak athletes.
They suggested that velocity of the kayak as well as force, power, technique and aerobic fitness are
valuable metrics for athlete performance monitoring. Understanding the physiological demands of
kayaking is a useful tool for coaches as it helps them make informed decisions about an athlete’s
suitability for race distances. It also helps to optimise training regimes to improve the performance of
specific athletes.

Thornton et al. [9] evaluated published material focused on injuries in rowing. This review was
updated in 2016 as rowing specific injury research has increased over the last decade. Key points found
from the review were that the largest risk factor for rowing injury were rapid increases in training
frequency, intensity and/or volume, appropriate loading in the boat and on a rowing ergometer can
reduce the likeliness of overuse injuries, and, finally, there is still a significant demand for well-designed
prospective studies focused on rowing injuries. It is evident that an athlete’s rowing performance and
likelihood of injury can possibly be quantified by metrics obtained via inertial sensors.

The previous literature reviews on rowing do not address the technology and methodologies
used in rowing research. Without a framework, ad hoc methodologies concerning the selection and
implementation of wearable technologies could reduce the accuracy and validity of rowing sport
performance measures [3,10].

2. Materials and Methods

A systematic review of literature was conducted (current as of 24 April 2019) using a
methodology based on PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses)
recommendations for completing and reporting the findings of systematic reviews [11]. An electronic
database search was completed in total of six relevant scholarly databases (Google Scholar, Web of
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Science (core collection), ProQuest, Scopus, Sage Journals and Science Direct) using the keywords
identified in Table 1. Exclusion criteria meant manuscripts were only included in the final review if they
satisfied the following: It must be a methods-based research article from a scholarly journal (available
in English), which contains the use of inertial sensors and have a relevance to human performance
monitoring in a rowing setting.

Table 1. Searched databases and associated search terms used, IMU (Inertial Measurement Unit).

Database Search Terms

TS = (Rowing AND sport AND (Inertial sensors OR Accelerometer
OR IMU))
TITLE-ABS-KEY ((“Rowing” AND sport AND (“Inertial Sensors”

Web of Science (core collection)

Scopus OR “Accelerometer” OR “IMU))
ProQuest ALL (“Rowing” AND sport AND (“Inertial Sensors”
OR “Accelerometer” OR “IMU))
(“Rowing”) AND “sport” AND (“Inertial Sensors” OR
Science Direct “Accelerometer” OR “IMU")
Anywhere (“Rowing”) AND anywhere (sport) AND
Sage Journals anywhere (“Inertial Sensors” OR “Accelerometer” OR “IMU”)
Google Scholar Rowing, OR Sport, OR IMU, OR Inertial OR Sensor, OR Accelerometer

The included papers were reviewed on the following: (i) the geographical location of where the
study was conducted; (ii) properties of the inertial sensor used in the study; (iii) the placement of the
inertial sensor in the study; (iv) what algorithms were used for data processing; (v) what performance
features were analysed; (vi) study design, and (vii) whether other validated technologies/procedures
were implemented to ensure accuracy and validity of the investigation. The record screening process
is shown in Figure 1.

Identification

No. of records identified through database R
X _ | Duplicates removed
searching > N =20
N =808
Screening 3
No. of records after duplicates removed
N=779
v No. of records excluded
No. of records screened N=743
N =779 —> i) Not a methods based paper.
ii)  Inertial sensors not reported.
iii)  No relevance to rowing athlete
performance.
Included v

Studies included in meta-analysis
N=36

Figure 1. Flow diagram of study selection.
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3. Results

3.1. Journals and Years

The papers included in the systematic review were published in several scientific journals.
The journals could be divided into three fields of research: Engineering and Technology (78.0%), Sport
Science and Medicine (14.0%) and Biomechanics (8.0%) (Figure 2a). The number of papers published
each year since 2004 is shown in Figure 2b.

-Engmsenng and Technology

7
[ Biomechanics
:'Spnrt Science and Medicine 8
g
o
©
o 4
o
(=}
3
o 3
=
=
zZz 2
|
’ A
~
& S 5 s
Year of Publication
(@) (b)
Figure 2. (a) journal distribution; (b) publication frequency by year. The total number of papers since

2004 is 35.

3.2. Performance Features

An athlete’s overall performance in rowing is dependent on many factors. Rowing is an
interesting sport to analyse as it has to be considered a system controlled by athlete-equipment
interaction. The performance features that were examined in the captured articles were extracted
(Table 2). Ultimately, the most important factor for performance in rowing is boat velocity; however,
this metric is influenced by various inputs. The features were divided into four main groups: stroke
quality, instrumented material metrics, athlete physicality/physiology metrics, and general biofeedback.
The stroke quality group consists of metrics such as stroke length, stroke rate, recovery/drive phase
ratio, stroke variance, stroke force, and cadence. By instrumenting the equipment used by the athlete,
many measures of performance can be observed. Instrumented material metrics included boat position,
boat velocity, foot-rest force, boat orientation, oar orientation, and stability. Rowing is an extremely
physically demanding sport and requires high skill and therefore the physical and physiological
makeup of the athlete is also vital. In this group, measures associated with fatigue, power output,
muscle activity, energy output, and also crew synchronicity for team rowing. Finally, general feedback
consisted of split times and activity classification.

3.3. Data Processing Algorithms

Various techniques can be used for signal processing of time-series data, for example, frequency
filtering of data to remove the effect of noise or drift. Time-series data can also be transferred to the
frequency domain using Fourier transforms enabling frequency analysis. Machine learning and deep
learning techniques can also be applied for automatic classification of significant events in rowing
or human actions, summarized in Table 3. It should be noted that some of the included records
used commercialized measurement technology and so limited information about the data processing
methods is available.
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3.4. Study Design and Hardware

The included records were also reviewed with respect to their study design and the properties of
the inertial sensor hardware used. The methodology was evaluated on the number of inertial sensor
devices used, the sampling frequency and operating range of the sensors, the location of the device(s),
data transmission, the testing environment, and participant selection (Tables 4 and 5). For studies
testing the performance of novel hardware or extracting innovative metrics to assess an athlete’s
performance, then it is important to verify the measurements obtained with a measurements from a
‘golden’ standard technology. This ensures validity and reproducibility of the measurements obtained
(Table 6). In sport and biomechanics research, the golden standard is commonly a multi-camera
retro-reflective motion capture system that can track human positions in three-dimensional space.
From this data, the acceleration and rotation of the body part can be calculated and compared to
inertial sensor data [3]. The competitive setting for rowing is on-water and thus retro-reflective motion
capture is not a viable option. It is recommended that measurements are made on a rowing ergometer
in a laboratory environment initially. Despite the obvious differences in the biomechanical processes of
an athlete when transferring from an ergometer to a scull, it will provide a baseline measurement with
golden standard data to validate against.

Table 2. Rowing performance features.

C s Stroke Ins;;umenlted Ph ?th}le);e 1 General
itation ort . ateria sicalit siolo .
P Quality Metrics Y Mgtricsy 8Y  Biofeedback
[12] Rowing v X v X
[13] Rowing (%4 X X X
[14] Rowing (%4 X v X
[15] Rowing X X X X
[16] Rowing v X X 4
[17] Rowing X X (%4 v
[18] Rowing X (%4 X X
[19] Rowing (%4 X X X
[20] Rowing X X v X
[21] Rowing v X X X
[22] Rowing v X X X
[23] Rowing X X X X
[24] Rowing X X X X
[25] Rowing v v X X
[26] Kayaking v v X X
[27] Rowing (%4 X X X
[28] Rowing X X v X
[29] Rowing (%4 X X X
[30] Rowing (4 X X X
[31] Rowing v v X X
[32] Rowing v X v X
[33] Rowing v X X v
[34] Rowing v (%4 X X
[35] Kayaking v v X X
[36] Canoeing v v X X
[37] Kayaking/Canoeing v v X X
[38] Rowing v X X X
[39] Rowing X (4 X X
[40] Rowing X X X X
[41] Rowing X X X X
[42] Canoeing (4 X X X
[43] Rowing X X (%4 X
[44] Rowing v (4 X X
[45] Rowing X (%4 X X
[46] Rowing v v X X
[47] Rowing v v X X
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Table 3. Signal processing algorithms used on data, KNN (K-nearest Neighbours); DTW (Dynamic

Time Warping); SVM (Support Vector Machine).

Citation Sport Filtering/Windowing Data Fourier Transform (Frequency Analysis) Machine/Deep Learning Techniques
[12] Rowing X X X
[13] Rowing X X X
[14] Rowing [4 X X
[15] Rowing X X X
[16] Rowing X X X
[17] Rowing X v KNN
[18] Rowing 4 v X
[19] Rowing X X X
[20] Rowing X X X
[21] Rowing X X X
[22] Rowing v x KNN
23] Rowing X X X
[24] Rowing X X X
[25] Rowing x x DTW
[26] Kayaking (4 X X
271 Rowing 4 X X
28] Rowing X X X
[29] Rowing X X X
[30] Rowing v X X
[31] Rowing X X X
[32] Rowing X X x
[33] Rowing X X X
[34] Rowing 4 X X
[35] Kayaking X X X
[36] Canoeing X X X
[37] Kayaking/Canoeing X X X
[38] Rowing [4 X X
[39] Rowing ['4 X X
[40] Rowing 4 X X
[41] Rowing v x X
[42] Canoeing 4 X SVM
[43] Rowing 4 X X
[44] Rowing 4 X X
[45] Rowing X X X
[46] Rowing X X X
471 Rowing [4 X X

Table 4. Properties of inertial sensor instrumentation, Number (#) of devices; OR (Operating Range);
RF (Radio Frequency); BT (Bluetooth); ANT (Adaptive network technology); NS (Not Stated); NA

(Not Applicable).
Citation Sport #of Devices  Accelerometer OR ~ Gyroscope OR M. or Sameling Transmission
q y
[12] Rowing 3 NS NS NS NS RF
[13] Rowing 2 NS NS NS NS RF
[14] Rowing 1x each athlete *l6g +2000°/s +49 Gauss 100 Hz BT/local
[15] Rowing 1 NS NA NA 100 Hz NS
[16] Rowing 3 +6g NA NA 120 Hz BT
[17] Rowing 1 +3g NA NA 50 Hz RF
[18] Rowing 3 +6g NA NA 83 Hz RF
[19] Rowing 1 +10g NA NA 250 Hz Ns
120] Rowing 18 +l6g £2000°/s +1.9 Gauss 240 Hzwired/ g o) e
: 60 Hz wireless
[21] Rowing 3 NS +900°/s NS NS Wired
[22] Rowing 3 +6g £2000°/s NS 200 Hz RF
[23] Rowing 2 >+42g NA NA NS Wireless 802.15.4
[24] Rowing 1 NS NA NA NS RF
[25] Rowing 1 +3g NA NA 50 Hz NS
[26] Kayaking 2x each athlete Ns NA NS RF
271 Rowing 1 +16 g (scalable) +2000°/s NA 200Hz Local (SD card)
[28] Rowing 1 12g NA NA NS RF
[29] Rowing 2 +5g NA NA NS NS
[30] Rowing 1 NS NS NS NS Wireless
[31] Rowing 1 NS NA NA 25Hz RF
[32] Rowing 1 +8 g (scalable) NA >125Hz NS
[33] Rowing 5 +16 g (scalable) +2000°/s (scalable) +12 Gauss 100 Hz BT
[34] Rowing 1 +2g NA NA 50 Hz Wi-Fi
[35] Kayaking 2 +16g £2000°/s NA 50 Hz BT
[36] Canoeing 1 NS NS NS NS NS
[37] Kayaking/Canoeing 3 NS NS NS NS NS
[38] Rowing 1 +2g NA NA 50 Hz Wi-Fi
[39] Rowing 1 NS NA NA 100 Hz Real Time
[40] Rowing 3 +l6g +2000°/s +8 Gauss 100 Hz RF
[41] Rowing 3 +3g +500°/s NA 50 Hz RF
[42] Canoeing 9 +6g +500°/s NA 100 Hz RF
[43] Rowing 14 +16g +2000°/s +1.9 Gauss 60 Hz Real Time
[44] Rowing 1 +6g +300°/s NS 50 Hz NS
[45] Rowing 2 +6g +2000°/s +4 Gauss 128 Hz ANT+
[46] Rowing 1 NS NS NS 100 Hz USB
[47] Rowing 1 +l6g +2000°/s +8 Gauss 100 Hz BT/local/cloud
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Table 6. Table of inertial sensor validation methods used in the included records.

Citation Sport Validation Technology
[12] Rowing Optical motion capture
[14] Rowing Coach qualitative assessment
[17] Rowing Manual feature labelling
[18] Rowing Controlled laboratory validation test
[20] Rowing Force plates
[25] Rowing GPS
[27] Rowing GPS
[30] Rowing GPS
[32] Rowing Navilock-550 ERS
[33] Rowing Optical motion capture
[38] Rowing GPS
[39] Rowing GPS
[40] Rowing Optical motion capture
[41] Rowing Optical motion capture
[42] Canoeing Video Camera
[43] Rowing GPS and stroke coach monitor
[44] Rowing GPS
[46] Rowing Reference measures from rowing simulator
[47] Rowing Peach innovations measurement oarlock

4. Discussion

4.1. General Trends

Recent technological developments have made wearable inertial sensors readily available. This has
led to sport coaches integrating these devices into their training routines to obtain more measures of an
athlete’s sport performance in real time [48]. This review highlighted three major research disciplines
that are implementing inertial sensors into a rowing setting. These are Biomechanics (n = 3), Sport
Science and Medicine (1 = 5), and Engineering and Technology (1 = 28). The increased availability
of inertial sensors is reflected by the rapid increase in the volume of research investigating the use
of inertial sensors in rowing since 2004 (Figure 2b). There is a diverse geographic spread of rowing
technology research. Countries such as Algeria, Australia, Canada, China, France, Germany, Greece,
Italy, Malaysia, Netherlands, New Zealand, Portugal, Slovenia, Spain, Sweden, Switzerland, the
United Kingdom, and the United States of America all reported the use of inertial sensors in rowing.
The majority of research published originated from Italy (16.7%). Italy won six gold medals at the
U23 world championships that may demonstrate the value of integrating sport technology into athlete
training programs [49].

4.2. Performance Features

Over half of the included records (24/36—66.7%) used inertial sensors to monitor stroke quality.
In rowing, the stroke is the most vital performance indicator and overall performance can be increased
by either increasing the propulsive impulse or decreasing the drag impulse within a stroke cycle [7].
The ability to measure the quality of the stroke cycle with an abundance of metrics is thus of high
interest to coaches and athletes alike. Stroke rate (cadence) was the most frequently extracted metric
surrounding stroke quality (12/24—50.0%) [14,16,21,25,26,33-37]. Athletes can have an optimal stroke
rate based on their physicality and thus it is an important metric to monitor. It can also be measured
easily with correctly placed inertial sensors. Stroke variability was investigated by seven of the stroke
quality concerned records (7/24—29.2%). Stroke by stroke variation in the inertial signals can indicate
when athletes are performing well or have faults in their biomechanical processes, stroke variance is
also highly investigated in swimming [5]. Three records (3/24—12.5%) addressed the different phases
of a stroke, such as the recovery and drive and the ratio of these phases [21,31,32]. The drive/recovery
phase ratio is generally used to describe an athlete’s rhythm with beginners being advised to aim for
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2:1 (drive: recovery). The rhythm of a rower can be directly impacted by increases and decreases in
stroke rate; both of these parameters were measured simultaneously by Tessendorf et al. [21]. Stroke
length was monitored in three of the included records (4/24—16.7%) [21,26,46,47]. Stroke length is
measured in terms of the angle the oar sweeps from catch to finish position. By obtaining measures
of stroke length, a coach can tailor training schedules to ensure athletes are entering catch and finish
phase of their strokes optimally.

Over a third of the included records (13/36—36.1%) analysed metrics surrounding instrumented
rowing materials. Six of the thirteen records investigating instrumented rowing materials (6/13—46.2%)
measured boat velocity [25,26,34,35,39,43]. Boat velocity is the most important performance indicator
in rowing. GPS is widely accepted as an accurate method to measure boat velocity in rowing; however,
the signal is prone to drop outs. Thus, inertial sensors are an appealing method to obtain boat velocity
or to work in conjunction with GPS to provide data during periods of drop out. Using inertial sensors
to measure velocity can prove to be challenging due to gravitational offsets and sensor drift. Rowing,
like swimming, consists of repetitive movements, relatively constant orientation and linear directional
movement, providing advantages to the signal processing steps needed to measure velocity [5,50,51].

Five of the instrumented material records (5/13—38.5%) used inertial sensors to measure movement
of the oar through the water [18,36,37,46,47]. This can provide coaches and athletes with a visual
representation of oar’s position through the stroke cycle. This gives potential for a golden standard
template of a stroke which enters the different stroke phases at the optimal times to be used as a
standard that athletes with certain deficiencies try to replicate. Four of the records (4/13—30.1%) used
inertial sensors to monitor the boats position [25,39,44,45], with one of these records investigating the
seat position within the boat. Similar to velocity, position is often measured by GPS; nonetheless during
drop outs, inertial sensors can assist in interpolation/extrapolation of the GPS data to continuously
monitor boat position even when GPS signal drops out. It can also be used to measure stroke efficiency
in terms of the distance the boat travels per each stroke. This investigation used an inertial sensor to
measure the position of a sliding rowing boat seat. This movement is a direct result of the rower’s leg
movement and thus is key for optimizing performance. Deficiencies in leg movement of a rower can
significantly decrease the velocity of the boat.

Akin to boat position, three of the records (3/13—23.1%) used inertial sensors to monitor the
orientation of the boat [18,35,44]. By fusing the sensors within an inertial sensor, typically an
accelerometer and gyroscope sometimes accompanied by a magnetometer, an accurate estimation of
orientation can be calculated. This is an important metric, as if the boat is deviating too much from
its linear path then efficiency is decreased. Thus, athletes can focus on stabilization in their training
routines if this is an issue.

Oar stroke force was also an instrumented material metric of interest with three of the records
(3/13—23.1%) investigating it. As mentioned earlier, performance in rowing is dependent on increasing
propulsive impulse while decrease drag impulse in a stroke cycle [7]. The oar acts as the link between
the forces developed by the rower to the blade and creates the propulsive force. Enabling coaches
and athletes to measure accurately the oar stroke force is extremely advantageous as strength and
conditioning programs can be prescribed to help increase the oar stroke force and in turn overall
propulsion of the boat.

Seven of the reviewed papers (7/36—19.4%) investigated rowing athletes” physiological and
physicality parameters using inertial sensors. Four of these records (5/7—71.4%) analysed crew
synchronicity [12,14,20,23,32]. An elite rower has high special fitness; high coordination, motor
control and functional strength [52]. As well as special fitness, team rowers also have to maintain
boat stability while staying synchronised with their crew. High synchronicity has been related to
increased performance as reflected by the average hull speed [23]. Thus, being able to use inertial
sensor data as a measure of synchronicity between rowers can aid coaches in having a more informed
understanding of their rowing crew’s interactions during training and competition. Armstrong and
Nokes [12] investigated synchronization through acceleration signatures and electromyography signals.
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This demonstrated the muscle recruitment requirements for different boat positions (stroke, bow).
It was also clear to see in the EMG signal the difference between good rowing technique and rowing
when ‘shooting the slide’, which is driving with the legs so the seat leads the back into the drive
phase rather than leg and back drive acting as one phase. Two of the records (2/7—28.6%) measured
athletes’ power output. Estimates of the angular rotation of the oar shaft were obtained using a fitted
an accelerometer; the inertial sensors were used in conjunction with force sensors and thus, with the
shaft’s radius, torque could be derived. Power is the product of torque and angular rotation and can
be calculated using an inertial sensor and force sensor. Being able to quantify power output in training
and rehabilitation means coaches can monitor their athletes more thoroughly and ensure that their
program is achieving efficient results. Atallah et al. [17] (1/7—14.3%) used an earn worn sensor to
classify activates and estimate energy output; this was a general study that incorporated rowing as one
the activities. However, it does have the possibility to be used purely for rowing.

Three of the reviewed records (3/36—8.3%) provided general biofeedback measures such as
tracking the athletes body during rowing, evaluating different methods of providing sonification
feedback to rowers and activity classification [16,17,33].

4.3. Algorithms

In order to obtain relevant and insightful metrics from inertial sensor signals, signal processing
algorithms have to be used. Presenting raw signal data to a coach or an athlete is sometimes
inappropriate as distinct biomechanical events are not distinct; noise can be eradicated from a signal
using correctly designed filters. A high volume of the reviewed papers used a windowing/filtering
technique during their data analysis (15/36—41.7%) [14,18,22,26,27,30,34,38-44,47].

Of the 15 records, nine (9/15—60.0%) reported the use of a low pass filter [14,18,26,27,30,34,38,39,43].
Seven out of nine of the low pass filters (7/9—77.8%) [14,18,26,27,30,38,43] were used for noise removal.
The majority of the noise removal low pass filters were Butterworth (4/7—57.1%) [18,26,27,43] filters
ranging from orders of 2—4. The cut off frequencies used for the accelerometer signals ranged from
4 Hz-20 Hz [14,18,26,27,30,43], one record stated the use of a low pass 2nd order Butterworth filter on
the gyroscope signal, which had a cut off frequency of 15 Hz [27]. One record used a windowed FIR
filter for noise removal but did not state the cut off frequency [38].

Four of the reviewed papers (4/15—26.7%) used sensor fusion algorithms for different
purposes [22,39,40,47]. Of these, three-quarters (3/4—75.0%) used sensor fusion computational
algorithms to obtain the rower’s orientation metrics (e.g., joint angles and oar angles) [22,40,47].
Using inertial sensors to obtain orientation data can produce insightful metrics. The golden standard
for these types of biomechanical measures is optical motion capture. By combining anthropometric
measurements with the angles obtained by inertial sensors, they can act as a cheaper alternative. Cloud
et al. [39] evaluated different sensor fusion (accelerometer and GPS) methods for estimating rowing
kinematics such as boat speed and distance travelled. Using the sensor fusion method, the accuracy
for boat speed, boat distance travelled and distance per stroke were increased by 44%, 42% and 73%,
respectively, when compared to a single channel smartphone GPS.

Machine learning, neural networks and artificial intelligence (AI) algorithms are now frequently
applied to sports data for usually time-consuming manual tasks such as feature labelling, classification
and future events can be predicted based on existing data. By extracting relevant features in both the
time and frequency domains, researchers can apply these algorithms to generate personalized athlete
models to further understand their performance. Four of the reviewed records reported the use of these
algorithms [17,22,25,42]. Atallah et al. [17] used a KNN model to classify different activities, whereby
rowing was one (76.39% success rate). Bosch et al. [22] also used a KNN technique, however, to use
inertial sensor signals to distinguish between novice and experienced rowers. The researchers did this
by comparing the signals obtained by both experienced and novice rowers to a template generated
by an experienced rower. For the most part, the experienced rowers had a closer similarity to the
reference rower. The authors concluded that machine learning techniques can distinguish between
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experienced and novice rowers; however, its hindrance is that it cannot tell the novice rower what their
exact deficiency in technique is. Groh et al. [25] used DTW to predict velocity when a GPS signal drops
out using inertial sensor data based on the last registered GPS velocity. Wang et al. [42] used SVM
classifiers to automatically segment different human motion phases in canoeing; the algorithm was
verified by synchronised video footage.

Only two records (2/36—5.6%) analysed data in the frequency domain. Atallah et al. [17]
extracted features from the frequency domain to enhance the accuracy of their machine learning
model. Llosa et al. [18] used the frequency domain to make more informed decisions about the cut off
frequency they used in their signal noise-filter.

4.4. Hardware

Table 4 presents the properties of the inertial sensors used in the 36 reviewed papers. Fourteen
of the 36 records (15/36—41.7%) used more than one sensor to make measurements. Seventeen of
the 36 records (17/36—47.2%) used an inertial sensor with a built-in accelerometer and gyroscope or
magnetometer. Of these seventeen, four (4/17—23.5%) only used an accelerometer and gyroscope and
the remaining 13 (13/17—76.5%) also incorporated a magnetometer. The highest reported accelerometer
range was +16 g and the lowest was +2 g. Compared to our laboratories, previous systematic literature
review on the use of inertial sensors in combat sport [3], which reported a maximum and minimum
operating range of £750 g and +8 g, respectively, these ranges are low. Nonetheless, rowing is a sport
that does not typically consist of high impact situations and thus +16 g and even +2 g should have a
minute risk of sensor saturation.

The measurement devices” sampling frequencies ranged from 25 Hz to 250 Hz, again, compared
to combat sport these are low; however, the movement in rowing is far slower compared to strikes in
combat sport. Typically, stroke rates in rowing range from 20 strokes per minute (SPM) to 40 SPM
(2/3 strokes per second) and thus even a sensor only recording 25 samples per second is going to record
the motion with ease. The only concern is that a low sampling rate might only register one sample
peaks and troughs, which can lead to underestimates of the true magnitude.

4.5. Study Design

Sensor placement, testing environment and the level of participant(s) in rowing was used to
review the records in respect to their study design.

4.5.1. Sensor Placement

Table 5 describes the different sensor placements used across the 36 reviewed manuscripts.
The majority of records instrumented a piece of the rowing equipment such as the boat, oars or
ergometer with an inertial sensor (27/36—75.0%). Instrumented equipment such as the oars were used
to obtain measures such as stroke rate, boat orientation, stroke length, boat velocity, boat position and
stability. When the athlete was instrumented, records recorded sensor placements on the forearm, back
(upper/lower), torso, arm (proximal/distal), leg (proximal/distal) and ear. Two of the records also used
full body inertial sensor systems. When athletes were instrumented, it was often to obtain measures of
their body segment orientations throughout a stroke. It is clear, however, that the research community
has focused more on instrumenting the rowing equipment with inertial sensors than the athlete and
thus there are opportunities for future research investigations doing the latter.

4.5.2. Study Environment

The study environments were classified as either a laboratory/gym or on-water setting. The majority
of studies were undertaken on-water (18/36—50.0%) where-by two records had an initial controlled
test in the laboratory initially and then used the same methodology on water. Fourteen of the records
(14/36—38.9%) conducted their investigations in a controlled laboratory environment, typically on a
rowing ergometer; again, two of the records then transitioned the study to an on-water environment.
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The remaining four records did not report a study environment. It is promising to see that the majority
of the studies have already been conducted in an on-water setting. The advantage of a laboratory setting
is that a controlled study is easier to implement, and it offers availability of verification technology
such as optical motion capture. Nonetheless, studies conducted in the actual competition environment
provide more realistic data for coaching teams and athletes to base training programs around.

4.5.3. Participant Selection

Over half of the included records (19/36—52.8%) recruited participants with experience in rowing.
Notable participant recruitments included Olympic and national level rowers [14,16,21,31,46]. It is
desirable to recruit participants of a high level within the researched sport as it produces data of higher
reproducibility due to the athlete completing biomechanical processes with correct form. Nevertheless,
recruiting participants of different levels can strengthen the robustness of machine learning algorithms,
improving their accuracy for athletes and the general public. One record recruited novice rowers
in order to create a machine learning algorithm which could decipher between experienced and
unexperienced rowing techniques within the inertial sensor signals [22].

4.6. Future Recommendations

This review makes it known that stroke quality and instrumented material metrics are the most
frequently assessed performance feature in rowing using inertial sensors. This is reflected by the
sensor placements extracted from the included records; the majority of records instrumented a piece of
rowing equipment. Future research should focus on instrumenting the rowing athlete as well as the
equipment and finding an interrelationship between the two. This will help coaches identify faults
within the rowing system as a whole.

Machine learning, neural network and Al algorithms are gaining momentum in the sport data
field. This systematic review revealed that only four of the 36 records (4/36—11.1%) implemented
machine learning algorithms in rowing. Moreover, only two (2/36—5.6%) transformed their data
into the frequency domain. Further exploration of these two data processing techniques within the
rowing technology field is warranted. Numerous included manuscripts used filtering/windowing
processing techniques on their signal data. The majority of filters were used for noise removal and a
minority used advanced sensor fusion techniques to calculate values of orientation. Using advanced
sensor algorithms such as orientation filters can obtain more insightful metrics about the athlete and/or
equipment they are using in terms of Euler Angles and Quaternions, allowing improved information
quality and a more detailed assessment of performance.

The highest accelerometer operating range and sample rate reported were + 16 g and 250 Hz,
respectively. Rowing is a low impact sport and subsequently an operating range of +16 g is acceptable
with a low risk as of sensor clipping. MEMS technology is improving rapidly and inertial sensors with
sampling frequencies >1 kHz are now readily available with improved sensor resolution. Therefore,
it is recommended that future investigations could explore using higher sampling frequencies to
improve the quality of the captured information.

5. Operational Guidelines

In similar fashion to the systematic review analyzing the use of inertial sensors in combat sport [3],
there is currently no standardization for data collection and analysis procedures in rowing research.
Therefore, operational guidelines in the form of a flowchart (Figure 3) and a table (Table 7) are proposed.
These guidelines will assist researchers in the selection of technology (device properties, sensor position
and validation technology) and data processing algorithms in future rowing technology investigations
using inertial sensors. The guideline presented in this review is of the same nature as in the combat
sport review as it can be generalized for technology implementation across different sports.
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Select performance
feature to measure

L

Select device with
appropriate properties:
Sampling Rate >= 100Hz
Operating Range >=6g

Athlete

Secure the device to

Is the performance feature
athlete or equipment focused?

Equipment

Secure device to
equipment of interest

approrpiate anatomical
location
(minimise mobility limitation)

Is a verified algorithm available?
(See Tables 2, 3, 4) No

(minimise mobility limitation)

Create and verify
algorithm with suitable
participants and a
golden standard technology
(See Table 6)

Conduct data collection in
a suitable environment
and report results

Figure 3. Operational guidelines for methodology design in rowing technology research.

Table 7. Reference guide for technology selection when conducting future research.

Implementation

Performance Feature Complexity

Mini Hard: - . .
imum Fardware Minimum Algorithm Implementation
Requirements

Threshold peak detection

Single IMU (on Oar), >6 g
Operating range, >100 Hz
Sampling Frequency

algorithm/advanced orientation
algorithm/statistical analysis for variance.

Force output estimation

Stroke Quz'{hty: Intermediate to
Stroke phase ratios/Stroke Advanced
Length/Stroke Variance
Instrumented Material Metrics:
Paddle stroke force/Stability/Boat Advanced

Position/Boat Velocity/Boat
Rotation/Oar Movement.

equation/Advanced orientation
algorithm/Machine learning
technique—calculus (w/GPS)/Machine
learning technique-calculus
(w/GPS)/Advanced orientation
algorithm/Advanced Orientation algorithm.

Single IMU (in different positions
depending on metric)), >6 g
Operating range, >100 Hz
Sampling Frequency

Power output estimation

Athlete Physicality/Physiology:
Power output/Crew
Synchronization//Energy output

Intermediate

equation/Correlation analysis/MET

Single IMU >6 g Operating range,
estimation calculations

>100 Hz Sampling Frequency
Threshold peak detection/machine

Simple to

General Biofeedback:
Advanced

Single IMU >6 g Operating range,

>100 Hz Sampling Frequency learning technique

Split times/Activity Classification.

Note—the minimum algorithm implementation for each different performance feature is separated by a/and correlates to the

first column of the table.
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6. Conclusions

Inertial sensors can be used as a performance assessment tool in rowing. In the last decade,
research into this field has gained momentum. Inertial sensors were used to measure performance
features associated with stroke quality, metrics obtained from instrumented materials, indicators of
the athlete’s physicality and physiology and also general biofeedback. The review also assessed the
properties of hardware that has been used in previous rowing research. Operational guidelines, based
on this review, have been created and are proposed to assist future researchers with their methodology
design and development. It is suggested that future research starts to incorporate more machine
learning/neural network/Al algorithms and starts to focus on instrumenting the athlete rather than
the equipment.
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