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Abstract – Reliably and accurately estimating

joint/segmental kinematics from optical motion cap-

ture data has remained challenging. Studies objectively

characterizing human movement patterns have typi-

cally involved inverse kinematics and inverse dynamics

techniques. Subsequent research has included scaled

cadaver-based musculoskeletal (MSK) modeling for non-

invasively estimating joint and muscle loads. As one of the

ways to enhance confidence in the validity of MSK model

predictions, the kinematics from the preceding step that

drives such a model needs to be checked for agreement or

compared with established/widely-used models.

This study rigorously compares the upper-extremity

joint kinematics calculated by the Dutch Shoulder Model

implemented in the AnyBody Managed Model Reposi-

tory (involving Multibody Kinematics Optimization) with

those estimated by the Vicon Plug-in Gait model (involving

Single-body Kinematics Optimization). Ten subjects per-

formed three trials of (different types of) Reaching tasks in

a three-dimensional marker-based optical motion capture

laboratory setting. Joint angles, processed marker trajec-

tories, and reconstruction residuals corresponding to both

models were compared. Scatter plots and Bland-Altman

plots were used to assess the agreement between the two

model outputs.

Results showed the largest differences between the two

models for shoulder, followed by elbow and wrist, with

all root-mean-squared differences less than 10◦ (although

this limit might be unacceptable for clinical use). Strong-

to-excellent Spearman’s rank correlation co-efficients were

found between the two model outputs. The Bland-Altman

plots showed a good agreement between most of the out-

puts. In conclusion, results indicate that these two models

with different kinematic algorithms broadly agree with each

other, albeit with few key differences.
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1 Introduction

Movement analysis involving three-dimensional

stereophotogrammetry [1] has proven indispensable in

objective evaluation, outcomes research, and clinical

treatment planning. Although, accurately estimating the

underlying segments’ pose from an optical motion capture

system has remained challenging [2]. Due to its robustness

and computational efficiency, most musculoskeletal (MSK)

modeling applications typically involve inverse dynamics

analysis of input motion capture data (and external forces,

if relevant). Such models use standard anatomical (or

cadaver-based) models with simple parametric scaling

to match individual anthropometry [3]. As the first step

of MSK modeling, kinematic variables are estimated,

which subsequently enables the calculation of in vivo joint

and muscle loads [4, 5]. Thus, it is imperative to ensure

the accuracy of kinematics as any errors/uncertainties

introduced at earlier stages can propagate through the pro-

cess and subsequently affect accuracies further down the

movement analysis pipeline [6, 7, 8]. A systematic review

emphasized that the model-derived kinematics largely

depend on the modeling choices, and the joint kinematics

accuracy is not well-established [9]. Particularly, the

choice of marker set [10], differences in joint coordinate

system definitions between models [7], and soft tissue

artifacts (STA) [11, 12] were found to affect joint kine-

matics, influencing subsequent calculations. As one of the

means to enhance confidence in the validity of predictions

from an MSK model, the kinematics that drives an MSK

model need to be checked for agreement or compared

with established/widely-used models (especially in the
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upper extremity (UE), where such studies have lagged its

lower-extremity counterpart) before they can subsequently

be applied to estimate in vivo joint and muscle loads [9,13].

In addition, compared to clinical gait analysis, UE motion

analyses have been impeded by numerous issues, such as

the complex nature of the movements involved, extremely

large range of motion, methodological variability, as well

as a lack of consensus and standardization thereof [14, 15].

The two most widely-used algorithms for estimating

kinematic parameters are Single-body Kinematics Opti-

mization (SKO) and Multibody Kinematics Optimization

(MKO). SKO assumes that the experimental markers are

rigidly attached to bones or segments, and the joint kine-

matics are calculated between the adjacent segments de-

fined from the markers’ positions but without considering

joint constraints [16]. Contrarily, MKO—a widely-used

step in MSK-modeling exercises—employs a skeletal-joint

model with a set of modeled markers rigidly attached to the

model [9, 17, 18, 19, 20]. This technique embeds a least-

squares approach and articular constraints. It has been in-

creasingly used since the first application of the Lu and

O’Connor algorithm [17] to the UE by Roux et al. [20].

MKO computes joint kinematics by adjusting the model co-

ordinates to attain the best match between the positions of

model-determined (also called ‘virtual’) markers and ex-

perimental markers on a subject’s skin (from the motion

capture), thereby accepting marker residuals to enforce the

joint constraints of the skeletal-joint model (thus avoiding

joints dislocation as well as non-physiological/unrealistic

bone positions and orientations). Performing inverse kine-

matics and inverse dynamics analyses using a model repre-

senting physiological joints and scaled to the subject’s an-

thropometry has been recommended [13].

It has been widely suggested that the MKO approach

minimizes the effects of STA [20, 21]; and compensating

for STA in relation to the underlying bones (especially

while non-invasively modeling the kinematics of a com-

plex joint such as the shoulder using skin-mounted mark-

ers [21]) has remained one of the key problems in obtaining

accurate and reliable skeletal kinematics from motion cap-

ture [12, 22, 23]. MKO applied to an MSK model enables

analyses such as estimation of muscle-tendon length [24],

muscle moment-arm [25], muscle-tendon force [26], and

joint contact forces [27], which may provide valuable infor-

mation for clinical decision-making for people with move-

ment disorders (e.g., cerebral palsy). There are additional

benefits of the MKO approach reported, such as the abil-

ity to use a reduced marker set [28], consistent inter-trial

variability across different marker sets [10], improved inter-

and intra-observer repeatability [29], avoidance of joint dis-

locations [17], and robustness to marker mislocation [30]

and computations more robust to noise [17]. Notably, the

number of UE studies reporting the application of MKO has

been fewer than that for the lower extremity [9, 21].

Begon et al. [9] have provided recommendations to

systematically evaluate MKO algorithms that adhere to

the “best practices” proposed for MSK modeling [13, 31].

Among other forms of assessment that remain relevant

for validation and performance, comparing MKO with

other techniques (i.e., SKO and non-optimized kinematics)

for estimating joint kinematics has been a popular, non-

invasive choice [9]. For instance, many lower-extremity

studies have non-invasively compared the Plug-in Gait

model (SKO approach) with other established models to as-

sess biomechanical parameters (e.g., [32]). Furthermore, as

the first step of formal validation, Hicks et al. [13] have rec-

ommended comparing the model’s outputs to as many in-

dependent datasets as possible and previously validated and

published studies. Nevertheless, compared to the lower ex-

tremity, very few studies have compared the UE kinematics

between SKO and MKO algorithms [9, 33, 34, 35].

Therefore, it is critical to determine whether different

algorithms (e.g., SKO and MKO) produce different joint

kinematics. There seems to be a need for comparing UE

kinematics estimated by the cadaver-based MSK models

with those calculated by established or widely-used (clini-

cal) models before they can confidently be used for clinical

decision-making. Thus, this study’s objective is to qual-

itatively and quantitatively compare and check the agree-

ment of joint kinematics calculated by the MKO model

(available with the AnyBody Managed Model Repository;

known as the AnyBody model henceforth) and the clini-

cally widely-used SKO model (available as the Vicon Plug-

in Gait model; known as the Plug-in Gait model hereafter)

during select task execution in non-disabled individuals.

Based on the differences between these two models, we

hypothesize that the estimated kinematics would differ be-

tween the two models.

2 Methods

2.1 Ethics

This study was approved by the local Research Ethics

Committee (Ref no. 16/SC/0051), and informed consent

was obtained from each participant before data capture.

2.2 Study participants

Ten right-handed non-disabled volunteers (Three fe-

males and seven males; Age: 26.4 ± 3.0 years; Height: 1.7

± 0.1 m; Weight: 67.9 ± 12.5 kg; Body Mass Index: 23.6

± 3.6 kg/m2) participated in this study. Notably, eleven

subjects were recruited initially; however, data captured for

one subject was excluded due to poor quality. All volun-

teers were reimbursed for their participation time.

2.3 Equipment

The data was acquired in a laboratory setting using a

16-camera Vicon T40S Series system (Vicon Motion Sys-

tems, Oxford, UK) at a sampling frequency of 100 Hz.

A custom-built apparatus was developed that could be ad-

justed to suit the anthropometric requirements of differ-

ent participants (Figure 1) and facilitate the execution of

Reaching tasks. The Reaching tasks involved the par-

ticipant reaching various pre-defined points as instructed.

The reach point (‘Front’, ‘Right’, or ‘Left’ points in Fig-

ure 1) was within 90% of an individual’s arm length (i.e.,

acromion to middle-fingertip length, with the arm hanging

down) to minimize the contribution of trunk movement for

task execution [36]. Participants performed the task in a

seated position on a height-adjustable chair located behind

a height-adjustable table with the test apparatus on top.

2.4 Protocol

Detailed instructions and a couple of practice sessions

were provided for each subject before data collection. First,
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Fig. 1. Left side: Custom-built apparatus for Reaching task execution; Right-side: Reaching task setup

participants performed a ‘static’ trial (by standing in a

stationary neutral or anatomical position in the center of

the capture volume), followed by three ‘dynamic’ trials of

Reaching task with their dominant hand at a self-selected

pace. Reaching tasks were executed in three different di-

rections: ‘Reach-to-Front (RF task),’ ‘Reach-to-Right (RR

task),’ and ‘Reach-to-Left (RL task).’ Execution of the RF

task involved moving the hand from the ‘Start/End’ posi-

tion to touch a fixed point in the ‘Middle’ block with the

index finger, followed by touching a similar point in the

‘Front’ block (‘Right’ or ‘Left’ block for the RR or RL task,

respectively), then the hand would follow the same instruc-

tions/path in the return phase, and then the hand would re-

turn to the ‘Start/End’ location.

2.5 Data collection

Passive, retro-reflective markers (� 9.5 mm) were

placed on the participant’s skin using a double-sided hy-

poallergenic tape per the Plug-in Gait marker set [37]. RIC

and LIC markers were added to this protocol (used to recon-

struct the position and orientation of the Pelvis segment in

the AnyBody model [38]) to mitigate the potential issue of

RASI and/or LASI marker’s occlusion by the table during

task execution. Furthermore, anthropometric aspects such

as weight, height, arm length, shoulder depth, elbow joint

width, wrist joint width, and hand thickness were collected

to facilitate personalization (i.e., subject-specific scaling)

of the two models. Marker placement and data capture for

all subjects was performed by the same tester (VHN) to re-

move inter-tester variability as an error source.

2.6 Data processing

2.6.1 Pre-processing

Reconstruction of raw data, marker labeling, and gap-

filling steps were performed using the Vicon Nexus v.2.5

software (Vicon Motion Systems, Oxford, UK) [39]. Miss-

ing marker data were interpolated using a rigid-body hy-

pothesis or filled using other marker gap-filling options (se-

lected as appropriate to the segment) available in the Vi-

con Nexus software. For each trial, the identification of

‘Start’ and ‘End’ frames (hand leaving and returning at the

‘Hand Start/End’ position (Figure 1), respectively) were

performed manually. The raw marker data were filtered us-

ing a 4th order, Zero-lag, Low-pass Butterworth filter with

a cut-off frequency of 6 Hz. The data for different trials and

participants were resampled to a fixed length for temporal

normalization and to facilitate comparison.

2.6.2 Adaptation and assumptions in both models

Details pertinent to the two models under consideration

can be found elsewhere [37, 38]. The following assump-

tions and adaptations were implemented—if they were not

already available—in both the Plug-in Gait and AnyBody

models to match study requirements:

– Common across both models: The MSK system

is assumed to be a rigid body, and only a unilateral

(right-handed) UE body model is considered. Motions

of the head and neck are neglected, and the joints are

assumed to be ideal and frictionless. Inter-individual

differences in carrying angle (between the upper and

lower arm) are overlooked. The internal/external ro-

tation at the wrist is ignored, and the motions of the

metacarpals and phalanges are omitted from the hand’s

complexity.

– Plug-in Gait model: The UE is divided into the

torso, upper arm, forearm, and hand. The gleno-

humeral joint is modeled as a spherical joint, and the

elbow joint is modeled as a revolute joint. The wrist

joint is created as two revolute joints where the axes of

rotations are not coincident. In the Plug-in Gait model,

six degrees of freedom exist for each segment. The

joint kinematics are calculated between the adjacent

segments defined from the experimental markers’ po-

sitions but without considering joint constraints.

– AnyBody model: The UE is divided into the torso,

scapula, clavicle, upper arm, radius, ulna, and hand.

The scapulothoracic joint between the scapula and the

surface of the thorax is modeled as an ellipsoid. The

elbow joint is modeled as two non-orthogonal revolute

joints — one for flexion/extension and one for prona-

tion/supination. The wrist joint is created as two rev-

olute joints — one for flexion/extension and one for

radial/ulnar deviation where the axes of rotations are

not coincident.
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2.6.3 Plug-in Gait Modeling (SKO approach)

The Plug-in Gait model [37] is one of the most widely-

used computational models adopting the SKO approach in

movement analysis and is well adopted by the clinical gait

analysis community [40, 41], and perhaps for researchers

evaluating upper-limb movements during gait. This model

is an implementation of the Newington Children’s Hospital

model [42] and the Helen-Hayes model [43]. The Plug-in

Gait model is one of the widely-used UE models—if not

the most widely-used model—for the following reasons:

1. The demonstrated reliability of kinematic and kinetic

data from the Plug-in Gait model suggests that the

magnitude of the errors estimated by this model is clin-

ically reasonable [44].

2. The Plug-in Gait model is popular partly since it is

distributed in Vicon’s software packages, e.g., Vicon

Nexus [39]. Hence, many laboratories worldwide rely

on the commercial version of the Plug-in Gait model

for both upper- and lower-extremity studies.

3. The accompanying Plug-in Gait marker set [37] is a

popular marker protocol widely used in research for

motion analysis and MSK modeling.

4. Finally, attempts have recently been made (e.g., [45])

to enable easy integration and improvements in the

Plug-in Gait model code and ‘disconnect’ marker lo-

cations of this model from the commercial software.

Such efforts are likely to facilitate cross-platform com-

patibility and comparison studies with the Plug-in Gait

model in the future.

Thus, the Plug-in Gait model [37], available with the

Vicon Nexus software, was used for SKO modeling, which

employs a minimal number of markers to compute three-

dimensional segment and joint kinematics. Using the pre-

processed experimental markers in the Plug-in Gait model,

all the joint angles were calculated by comparing the rela-

tive orientations of the two segments (Supplementary Table

1) [46, 37]. Technical segment frames or segment local co-

ordinate systems for the Plug-in Gait model are detailed in

Supplementary Table 2 [37]. The Plug-in Gait model was

adapted (see Section 2.6.2) to suit study requirements to

generate the ‘Plug-in Gait model output’ as shown in Fig-

ure 2. This endeavor yielded Plug-in Gait model-processed

markers, segment origins, and joint angles.

2.6.4 AnyBody Modeling (MKO approach)

The AnyBody Modeling System is one of the few ded-

icated MSK engines available currently, and their human

body model is used widely in research and across a broad

range of industries. The AnyBody model is a widely-

used computational model involving the MKO approach

in movement analysis and MSK modeling communities.

For each segment and joint, the AnyBody and Plug-in Gait

models have different joint coordinate systems, sequence

of angle outputs, etc. [37, 38]. Therefore, to establish an

equivalence of the upper-extremity joint coordinate systems

and kinematic outputs between the two models, numerous

steps (detailed later in this sub-section) were carried out.

By ensuring the same marker set, joint coordinate system,

etc., our study facilitates evaluating the difference in joint

kinematics that can be solely attributed to the different kine-

matic methods under consideration (MKO versus SKO).

Raw data (cleaned/labeled marker trajectories from the

Vicon Nexus software) were exported and processed in the

commercially available AnyBody Modeling System v.6.0.6

(AnyBody Technology A/S, Aalborg, Denmark). The UE

of the Standard MoCap model, which is an implementa-

tion of the Dutch Shoulder Model (i.e., the Shoulder Arm

Model) [47] and the Spine Model [48] available with the

AnyBody Managed Model Repository v.1.6.5 was adapted

(see Section 2.6.2) to suit study requirements. Model scal-

ing and segment tracking were performed using experi-

mental markers and anthropometric dimensions (detailed

in Section 2.5) according to the scaling algorithm of An-

dersen et al. [49] for the static trial (also known as the ‘cal-

ibration trial’). Generally, tracking the dynamic trials for

the MKO approach requires manually fitting weights for

the individual markers to account for different STA that oc-

curs at each marker [5, 9, 50]. In this study, the markers

have equal weight [9, 16] since understanding the effect of

marker weight on the tracking of segments was not within

the current scope.

New markers (corresponding to the Plug-in Gait

marker set) are defined and registered onto the various seg-

ments of the scaled AnyBody model (Figure 2). Using

these markers, local reference frames for each segment (i.e.,

thorax, upper arm, etc.) are defined to match the techni-

cal segment frames of the Plug-in Gait model as shown in

Supplementary Table 2 [37]. Next, the experimental mark-

ers are mapped onto these newly-registered markers. This

step was followed by matching the rotation sequence along

the different axes of the segment reference frames with the

absolute Euler angle sequences of the corresponding seg-

ment in the Plug-in Gait model [37]. Finally, the joint an-

gles along the various degrees of freedom (for shoulder,

elbow, and wrist) are calculated as the relative angles be-

tween these segments as per the corresponding Euler an-

gle sequences of the Plug-in Gait model joints (per Supple-

mentary Table 1) [37]. Tracking for subsequent dynamic

trials was performed using an algorithm developed by An-

dersen et al. [19]. The location of the processed markers

that were rigidly attached to AnyBody model segments and

the scaled segment lengths—after performing MKO within

the AnyBody Modeling System—are saved. These pro-

cessed markers were then used to create a new set of Co-

ordinate 3D (.C3D) files corresponding to each trial using

MATLAB² R2016b (Mathworks Inc., Natick, MA, USA)

and Biomechanical Toolkit [51]. These files were subse-

quently used to perform Plug-in Gait modeling in the Vicon

Nexus software to create ‘AnyBody model output’ with the

joint angle sequences (per Supplementary Table 2 [37]) that

were consistent with the Plug-in Gait model output created

directly using the experimental data (in Section 2.6.3).

Notably, there are two different marker sets rigidly at-

tached to the AnyBody model: (i) a set of experimental

markers corresponding to those placed by the tester (VHN)

on the bony landmarks that are used for tracking, and (ii)

registration of the true marker location onto the scaled seg-

ments that are then exported for analysis in the Vicon Nexus

software for comparing the two models. This endeavor

yielded AnyBody model-processed markers, Plug-in Gait

model segment origins registered to the AnyBody model in

the standing reference trial, and AnyBody model-estimated

joint angles with identical definitions to Plug-in Gait model

outputs.
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Fig. 2. Pipeline to estimate AnyBody and Plug-in Gait model outputs and facilitate comparison

2.7 Data/Statistical analysis

Data reduction techniques, statistical analysis, and

comparison of both model outputs were carried out with

MATLAB² R2016b. Outcome variables of interest esti-

mated by the two models were the joint angles (in degrees)

as well as processed marker trajectories and segment ori-

gins (in mm). A Jarque-Bera test [52] was used to ver-

ify normality, and failure to satisfy parametric assumptions

led to the use of median and inter-quartile range (median

(IQR)), as well as the Wilcoxon rank-sum test [53] for de-

scriptive statistics. Statistical significance was detected at p

< 0.05 for all relevant tests. Sign convention for the joint

angles was — Flexion (Fl), Abduction (Ab), Radial devia-

tion (Rd), and Internal rotation (Int) are positive (+ve); Ex-

tension (Ex), Adduction (Ad), Ulnar deviation (Ud), and

External rotation (Ext) are negative (-ve).

Qualitative analyses were performed via visual assess-

ment to assess the match in median (IQR) ensemble plots

(n = 10; three trials) for both the model outputs for the three

tasks. We quantitatively assessed consistency between the

two models through Difference Analysis, Wilcoxon rank-

sum test [53] of estimated joint range-of-motion angles,

and assessing reconstruction residuals through box-plots.

Besides, the degree of agreement was evaluated through

Scatter plots and Bland-Altman analysis [54, 55]. While

undertaking kinematics comparison of MKO methods with

various noninvasive methods, differences are usually ex-

pressed in terms of root-mean-square differences (RMSD)

(e.g., [56]). For Difference analysis, we chose 5◦ — 10◦

RMSD between the two models as acceptable for compar-

ing the UE kinematics based on a similar lower-extremity

study non-invasively comparing the consistency between

SKO and MKO techniques [56].

We report reconstruction residuals as recommended

earlier [9]. Reconstruction residuals for markers were

calculated as the Euclidean distance between AnyBody

model-processed markers (that were subsequently modeled

using the Plug-in Gait model, Figure 2) and experimental

markers. Similarly, the reconstruction residual for segment

origins (Section 2.6.4) was calculated as the Euclidean dis-

tance between the segments created in the Plug-in Gait

model using AnyBody markers and those created in Plug-in

Gait model using the experimental markers (Figure 2).

The data for scatter plots were down-sampled by a

factor of 100 to have a minimum set of points to be able

to visually analyze the strength, direction, and form of

the relationship between kinematic variables correspond-

ing to the two models. Spearman’s rank correlation co-

efficients (ρ) were calculated and reported for the scatter

plots (see Supplementary Table 4 and Supplementary Fig-

ure 3 (a)–(c)) and categorized similarly to Taylor [57], as

“weak” (ρ≤ 0.35), “moderate” (0.35< ρ≤ 0.67), “strong”

(0.67 < ρ ≤ 0.90), and “excellent” (ρ > 0.90).

To assess agreement/consistency between kinematic

outputs of the AnyBody and Plug-in Gait models, the

Bland-Altman plots [54] for each model were compared.

The reference kinematics, determined using the Plug-in

Gait model, assumed to be a reference, was set as an in-

variant for comparison of the AnyBody model outputs. The

data were down-sampled by a factor of 100 to have a min-

imum set of points to be able to analyze the differences

and biases in the Bland-Altman plots visually. Bias and

95% lower and upper limits of agreement are reported in

the respective graphs (see Supplementary Table 5 and Sup-
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plementary Figure 4 (a)–(c)).

3 Results

The following sub-sections provide the set of results to

compare the two model outputs qualitatively and quantita-

tively. The results also aim to check the agreement between

the outputs and identify if there is any statistical signifi-

cance between these two sets of kinematic outputs.

3.1 Qualitative comparison

Characteristic UE joint excursions are represented as

median (IQR) ensemble plots in Figure 3 for the three joints

(i.e., shoulder, elbow, and wrist). For qualitative compari-

son via visual assessment of the match between the Any-

Body model outputs (in red) and Plug-in Gait model out-

puts (in blue), it can be noticed in Figure 3 (A) that there is

a good match between the outputs of the two models for the

shoulder Fl/Ex angles for all three tasks (i.e., RF, RR, and

RL tasks). However, the match between the two models

for the shoulder Ab/Ad and shoulder Int/Ext angles seems

relatively poor for RF and RL tasks. The AnyBody model

tends to overestimate the shoulder Ab/Ad angles and un-

derestimate the shoulder Int/Ext angles for the RF task, and

vice versa for the RL task. On the contrary, the trends for

shoulder Ab/Ad angles and shoulder Int/Ext angles were

similar between models for the RR task. A possible cross-

talk between shoulder Ab/Ad and shoulder Int/Ext angles

(i.e., one joint rotation getting interpreted as another [58];

in other words, the under- and over-estimation of the two

joint angles when compared with their corresponding Any-

Body model outputs) calculated by the Plug-in Gait model

can be observed for the RL task, although this has not been

quantified in our study. The elbow Fl/Ex angles (in Figure 3

(B)) agree well between the two models for all three tasks,

especially for Fl angles less than 90◦. The wrist Fl/Ex and

wrist Rd/Ud angles (in Figure 3 (C)) match well in terms

of the median; however, there is a large difference in their

IQR. Interestingly, the differences between most of the two

model outputs—across joints and degrees of freedom—are

at their highest mid-way during the task (i.e., 50% of task

completion), which is when maximum joint excursions in

the selected tasks are generally expected.

3.2 Quantitative comparison

3.2.1 Difference analysis

The RMSD for the median for all the angles and tasks

were less than 9◦ (Table 1), indicating a good match be-

tween the models. Besides, various Difference measures

calculated between the two model outputs (for the three

joints along their respective degrees of freedom) are re-

ported in Supplementary Table 3. A few notable differences

are: the absolute maximum difference between the Any-

Body and Plug-in Gait models was the highest for shoulder

Ab/Ad with median (IQR) values of 14.6◦ (19.2◦) and 20.1◦

(25.4◦) for RF and RL tasks, respectively. In this study, the

maximum difference values were the same as the absolute

maximum difference values. The highest minimum differ-

ence value of -11.9◦ (18.9◦) was found for the shoulder

Int/Ext angles for the RL task. The maximum difference

range was at the shoulder Ab/Ad angles (19.3◦ (17.6◦)) for

the RF task, and shoulder Ab/Ad angles (23.8◦ (23.4◦)) and

shoulder Int/Ext angles (14.8◦ (16.3◦)) for the RL task.

3.2.2 Wilcoxon rank-sum test

Wilcoxon rank-sum test [53] was carried out to com-

pare the joint range-of-motion angles estimated by the two

models (Table 2). Significant differences were detected for:

(i) shoulder Ab/Ad angles for the RF task, (ii) shoulder

Fl/Ex and wrist Rd/Ud angles for the RR task, and (iii) all

shoulder angles and wrist Fl/Ex angles for the RL task.

3.2.3 Reconstruction residuals

Supplementary Figures 1 and 2 correspond to box-

plots for reconstruction residual for markers and segment

origins, respectively. It can be noted that T10, STRN,

RSHO, and RFIN markers have numerous outliers. The

marker reconstruction residual was highest in C7 and

RELB markers for all three tasks. The segment origin

reconstruction residual (Supplementary Figure 2) was the

highest for the humerus, followed by the hand. These re-

construction residual values in the Plug-in Gait model are

theoretically zero as there are no joint constraints, i.e., the

technical reference frames and joint kinematics are defined

based on the markers for every frame.

3.3 Agreement between the two models

3.3.1 Scatter plots and Correlation

Both the model outputs have a linear (or near-linear)

relation for all the angles and each of the three tasks, as

seen in the scatter plots in Supplementary Figure 3 (a)–(c).

Some of the notable exceptions are described here. For the

RF task, shoulder Ab/Ad, shoulder Int/Ext, wrist Fl/Ex, and

wrist Rd/Ud angles have a large deviation from linearity for

some of the participants. In the case of the RL task, shoul-

der Ab/Ad, shoulder Int/Ext, and wrist Rd/Ud angles were

not linearly related for some subjects, especially for Ad an-

gles. Scatter plots show a strong to excellent correlation

(via Spearman’s rank correlation co-efficient) between the

two model outputs (Supplementary Table 4).

3.3.2 Bland-Altman analysis

Bland-Altman bias plots are provided for all three tasks

in Supplementary Figure 4 (a)–(c), with a corresponding

summary in Supplementary Table 5. Notably, the Bland-

Altman plot method only defines the intervals of agree-

ments; it does not say whether those limits are acceptable or

not. Acceptable limits must be defined a priori, based on

clinical necessity, biological considerations or other goals

[59]. For the shoulder Fl/Ex angles for all three tasks, it

can be noticed that the AnyBody model tends to overesti-

mate Fl angles and underestimate Ex angles. The spread

for the RR task is relatively less for all three shoulder an-

gles. The elbow Fl/Ex angles are consistently overesti-

mated by the AnyBody model for all three tasks, as evident

by the value median differences. For the remaining outputs,

Bland-Altman plots revealed no clear trends, so they are not

highlighted.

4 Discussion

The effect of biomechanical model choice on the UE

kinematic estimates need to be better understood as per
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Fig. 3. Ensemble median (IQR) plots for (A). Shoulder, (B). Elbow, and (C). Wrist angles (in degrees); AnyBody model outputs (in Red)

versus Plug-in Gait model outputs (in Blue); RF (left column), RR (middle column), and RL tasks (right column); three trials & n = 10.

the suggested modeling and simulation “best practice” of

comparing results from studies that used different mod-

els [9, 13]. By constraining the joint kinematics to phys-

iological motions by the MKO approach, the feasible re-
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Table 1. Difference between AnyBody and Plug-in Gait model-estimated joint angle outputs in degrees; three trials & n = 10.

Table 2. Results of Wilcoxon rank-sum test of AnyBody and Plug-in Gait model-estimated joint range of motion (RoM) in degrees along

different degrees of freedom; three trials & n = 10.

gion is smaller, and the solution is less sensitive to STA

[9]. Numerous bone pose estimators, including MKO,

proposed to reduce the effects of STA on estimated joint

kinematics have been listed [11]. However, no consen-

sus has been reached on the best available estimator or

the maximum errors associated with these different meth-

ods [60, 61]. Our study complements the work of previous

such investigations into motion capture and estimation of

UE joint/segmental kinematics. The following sub-sections

discuss the qualitative and quantitative results and place

these in a broader context within this field.

4.1 Qualitative comparison

Qualitatively, the ensemble plots generally showed a

good match between the two model outputs for several

degrees of freedom across the three joints. Differences

were higher for tasks requiring higher joint angles (such

as RF and RL tasks). This could possibly be attributed to

STA since, compared to the Plug-in Gait model (SKO ap-

proach), the AnyBody model (MKO approach) minimizes

the effects of STA [9, 21]. Additionally, these differences

could also be high because the Plug-in Gait model is rel-

atively simple. In contrast, the AnyBody model (involv-

ing the Delft Shoulder Model) is more complex, imposes

joint constraints, and hence, is generally considered more

accurate. Therefore, a ground-truth bone-pin [33,34,62] or

fluoroscopy study [35] could help reveal the cause of these

differences. Elbow flexion alone is a strong indicator of a

patient’s ability to perform an activity of daily living [63],

and in Figure 3, similar elbow angles across the two mod-

els are a good indication of the match. The match for the

medians of the wrist angles (both Fl/Ex and Rd/Ud angles)

is good but has a high IQR value, possibly due to the RFIN

marker being prone to STA during task execution due to its

placement on the 2nd metacarpophalangeal joint.

Joint angles estimated during motion analysis are of-

ten subject to error caused by kinematic cross-talk, i.e., one

joint rotation (e.g., flexion) getting interpreted as another

(e.g., abduction) [58]. Several studies have used cross-talk

as a metric to compare and judge the quality of their mod-

els, assuming the smaller the cross-talk value, the better the

model (e.g., [29, 58]). In Figure 3, a possible cross-talk

between shoulder Ab/Ad and Int/Ext angles calculated by

the Plug-in Gait model can be observed for the RL task,

although this has not been quantified in our study. This

could also be due to the simpler shoulder joint of the Plug-

in Gait model compared to the more complex Dutch Shoul-

der Model (i.e., AnyBody model). Laitenberger et al. [64]

recommend introducing a more complex shoulder mech-

anism that may improve the kinematic cross-talk during

functional tasks. It could be possible that the choice of the

joint coordinate systems and gimbal lock positions might

influence the kinematic estimates in some tasks. Chin et

al. [65] have suggested that apart from STA, mislocation

of shoulder and elbow joint centers may cause elbow Fl/Ex

cross-talk to enter into upper-arm Int/Ext rotation. A bet-

ter understanding of these aspects would be a worthwhile

pursuit for future studies.

The kinematic cross-talk effect is an error that could be

caused by two major sources leading to modification of the

joint coordinate system orientation: (i) inaccuracy inherent

in the motion capture system [66] used to measure the loca-

tions of points/markers that define joint coordinate system

axes; and (ii) errors associated with palpation of external

anatomical landmarks—whose locations may be challeng-

ing to determine with sufficient accuracy—which can lead
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to inter- and intra-examiner repeatability issues and vari-

ability due to individual anatomical differences [67]. How-

ever, the MKO approach offers improved inter- and intra-

observer repeatability [29] and robustness to marker mis-

location [30], and thus, it might be better suited to handle

cross-talk than the SKO technique.

4.2 Quantitative comparison

4.2.1 Difference analysis

Using different biomechanical models for analysis

may produce differing kinematic results, leading to differ-

ences in clinical interpretation, such as misclassification

of non-disabled or pathological movement patterns. Rel-

atively larger differences between the AnyBody and Plug-

in Gait model outputs were observed at the shoulder than

at the elbow and wrist, as indicated in a similar lower-

extremity study [32], where the largest errors were ob-

served for the hip than the knee and ankle joints. Our results

showed the largest differences between the AnyBody and

Plug-in Gait models for the shoulder, followed by elbow

and wrist, with all RMSD values less than 10◦, indicating

an acceptable match (although this limit might be unaccept-

able for clinical use). The Fl/Ex angles, with a generally

larger range of motion, have lower differences of ∼3◦ for

the three tasks and all three joints (Table 1). However, it

is acknowledged that the shoulder joint (which has an ex-

tremely large range of motion) should have different limits

for acceptability than the other upper-limb joints. A metric

such as normalized RMSD (e.g., normalized to the data’s

range or median) could help address this issue. The results

suggest that the differences between the kinematic outputs

of the two models are task-dependent, joint-dependent, and

vary depending on the joint’s degree of freedom. Neverthe-

less, this aspect needs to be scrutinized in future studies.

Placement and motion of markers relative to anatomi-

cal landmarks can introduce measurement errors while cal-

culating joint kinematics from three-dimensional marker-

based motion capture [6, 66]. In the MKO framework,

open-loop chain models, including mostly universal and

spherical joints, present the advantage of avoiding non-

physiological joint dislocation, which appears when using

SKO [21]. Roux et al. [20] showed a significant reduc-

tion in errors and variability due to skin movement using

an MKO approach. However, it should be noted that the

Plug-in Gait model does not attempt to correct STA. No-

tably, in the absence of joint constraints, MKO is equiva-

lent to SKO [9]. It has been noted that most of the dif-

ferences in joint kinematics can be attributed not only to

the joint constraints but also to the different definitions of

anatomical frames associated with each method [16,32]. To

mitigate the effect of STA, Begon et al. [33] assessed the

performance of MKO during the measurement of humeral

rotational kinematics for shoulder Fl/Ex and Ab/Ad angles

while concurrently recording bone-pin markers for use as

the ‘gold standard’ comparison; humerus orientation errors

were halved to less than 5◦ because of their novel algo-

rithm. Begon et al. [33] also reported that the MKO ap-

proach improved the accuracy by 40–50%. When validated

against ground-truth bone kinematics, typical errors for the

model-derived glenohumeral rotations were between 3◦ and

10◦ during arm flexion and abduction, and the errors were

maximal for internal–external rotation [33, 35].

The limit for differences and their interpretation often

depends on the application – the acceptable limits for er-

rors could vary with the joint and the corresponding degree

of freedom under scrutiny [20]. Begon et al. [9] note that

very few studies have compared the UE kinematics esti-

mated by the MKO approach with other methods involving

simultaneous data acquisition with fluoroscopy and motion

capture [35] and bone-pin markers [33,34]. Charbonnier et

al. [35] considered an RMS error of less than 4◦ as good and

acceptable for clinical use in the study of shoulder pathol-

ogy; however, this study focused on estimating the accuracy

of the MKO approach. Conversely, our study focuses on the

agreement between the two models and not on a compari-

son against a ‘gold standard.’

Additionally, the calculated differences might likely

not be consistent across all subjects, joints, and tasks due

to different subject anthropometric dimensions, measure-

ment errors, STA, etc. Some subjects could have resulted

in greater differences between the two models than others;

however, quantifying inter- and intra-subject variations in

differences was not within this study’s scope. Even though

the same experimental marker data, joint coordinate sys-

tem, and angle sequence were used for both models, joint

kinematics varied slightly between models. One possible

cause of these differences in kinematics could be the choice

of marker weights (i.e., how closely the virtual marker’s lo-

cation should match the experimental marker’s location) in

the MKO approach because these weightings account for

different STA corresponding to each marker [50]. Finally,

the performance of MKO algorithms depends on the joint

constraints [18], model parameters (e.g., segment length

[68]) and the markers/sensors involved [28]. Unfortunately,

no optimal marker set or sensor placement exists yet [15].

4.2.2 Wilcoxon rank-sum test

Accurate measurement of UE movement during func-

tional task execution provides an objective measure of func-

tional outcome and is valuable information for evalua-

tion. Statistical significance was observed for the range-

of-motion angles estimated by the two models for some

joint degrees of freedom and/or tasks. The hypothesis that

the estimated joint kinematics would differ between models

was partially confirmed. In summary, this study had sig-

nificant differences for some joint range-of-motion angles

(Table 2); however, the qualitative trends matched reason-

ably well. Results indicate that the two models with differ-

ent kinematic algorithms (SKO and MKO) result in broadly

consistent solutions, albeit with some key differences.

4.2.3 Reconstruction residuals

Numerous experimental studies have reported the

mean residual error on the marker positions [9], and a large

range of residual values was found (4–40 mm) according to

the complexity of the kinematic chain model (e.g., upper-

limb or full-body model), the degree of personalization as

well as the movement of interest. Marker reconstruction

residuals have been considered a criterion for accuracy in

bone and joint kinematics, with the underlying assumption

that a better kinematic chain would result in smaller marker

reconstruction errors [69]. For systematically evaluating

MKO models, Begon et al. [9] have recommended ensur-

ing that the marker residuals remain within the STA range

reported in the literature [23].
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The peak values of reconstruction residual through the

AnyBody model (MKO approach) in our study are less

than 28 mm, as also found in an earlier study [64]. The

large difference of ∼ 35 mm for the humerus segment ori-

gin may be due to the large Ab/Ad and Int/Ext angles in-

volved during select task execution. Such high values for

the humerus segment may also be due to high reconstruc-

tion residual values for the RELB marker, as seen in Sup-

plementary Figure 1. The markers have equal weight since

understanding the effect of marker weight on the tracking

of segments is not within the scope of this study. However,

adjusting the weight factor for fitting the markers is cru-

cial to account for STA, and the lower arm and hand should

require fitting differently in future studies. It has been re-

ported in the literature that marker weights are subject- and

movement-specific, which reinforces that STA is subject-

and movement-specific [50]. Following this, the hand seg-

ment had a high reconstruction residual, which may be at-

tributed to the unintended movement of the markers used

for describing hand kinematics, i.e., RWRA, RWRB, and

RFIN markers. Numerous markers and segment origins

(Supplementary Figures 1 and 2, respectively) have out-

liers, which may be due to the assumption that the Any-

Body model is scaled precisely to match each participant.

Reconstruction accuracy is vital as errors in the def-

inition of a joint center may negatively influence calcu-

lations of joint angles and, subsequently, joint and mus-

cle loads [70]. It has been discussed in the literature that

marker residuals may represent the amount of STA but also

the adequacy between the kinematic chain (i.e., number of

degrees of freedom and geometrical parameters) and the

skeleton [71]. Besides, as recommended by Begon et al.

[33], marker residuals were in the same range as values of

STA observed for the shoulder and upper limbs [72]. How-

ever, due to the current study’s lack of a ‘gold standard’,

we cannot comment further on reconstruction residuals to

determine model performance and accuracy.

4.3 Agreement between the two models

4.3.1 Scatter plots and Correlation

The relation between both model outputs is linear in

most cases. The results were similar to those estimated by a

similar study in the lower extremity [32]. Scatter plots show

a strong to excellent correlation (via Spearman’s rank cor-

relation co-efficient) between the two model outputs (Sup-

plementary Table 4). However, correlation does not offer

the necessary information to check the agreement between

the model outputs, which necessitated undertaking Bland-

Altman analysis.

4.3.2 Bland-Altman analysis

In a similar study for the lower extremity (one of the

very few studies of its kind across upper and lower extrem-

ities), to evaluate the degree of agreement between model-

derived and measured joint kinematics, Richard et al. [73]

have used Bland-Altman analysis. The Bland-Altman plots

are a graphical method to quantify the agreement between

two measurements by studying the bias and constructing

limits of agreement [54] without assuming a prior under-

lying relationship (e.g., linear). Furthermore, the Bland-

Altman plot analysis is a simple way to evaluate a bias

between the mean differences and estimate an agreement

interval, within which 95% of the differences of the sec-

ond method, compared to the first one, fall [59]. Inspection

of the Bland-Altman plots (Supplementary Figure 4(a)–(c)

and Supplementary Table 5) revealed low systematic biases

(i.e., median differences), which generally have been within

± 2.5◦ for shoulder, 2.65◦ — 3.65◦ for elbow, and nearly ±
2◦ for the wrist. Negative and positive bias for the two dif-

ferent Bland-Altman plots, respectively, indicates system-

atic under- and over-estimations by the AnyBody model.

Further, a lower limit of agreement on the Bland-Altman

plots means a good agreement between the models and

vice versa. The plots show narrower limits of agreement

for shoulder Fl/Ex and wrist Fl/Ex angles than other out-

puts. Notably, Bland-Altman plots revealed no clear trends

as positive and negative bias values as well as wider and

narrower limits of agreement—across tasks, joints, and/or

joint degrees of freedom—indicate that the level of agree-

ment between the two models might be affected by how

the two models deal with STA [9] as well as model com-

plexity (e.g., presence/absence of joint constraints). STA

is typically task-dependent, joint-dependent, and varies de-

pending on the joint’s degree of freedom [12]. Data can be

analyzed as unit differences plot and percentage differences

in Bland-Altman analysis [59]. Future studies should focus

on adopting percentage difference for Bland-Altman analy-

sis because joints like the shoulder have a much higher joint

incursion than other joints.

5 Study limitations

Several limitations are acknowledged that reduce the

generalizability and ready adoption of our findings. First,

the UE aspect of the Plug-in Gait model is not yet clinically

validated (Jacques G, personal communication, April 01,

2016). Besides, this framework does not allow the calcula-

tion of forearm pronation/supination angles [46]. Although

the Plug-in Gait model is validated for clinical gait analy-

sis, a few issues have been listed that are directly associated

with the calculation methods of the Plug-in Gait model that

are also relevant for the UE [45]: (i) as a direct kinematic

and hierarchal method, a proximal origin’s frame definition

influences more distal segments [30, 43], e.g., the defini-

tion of the radius local coordinate system (distal) relies on

the correct definition of the humerus (proximal) local co-

ordinate system; (ii) incorrect placement of markers along

predefined anatomical landmarks is a known source of er-

ror in the Plug-in Gait model joint kinematic outputs [30];

(iii) as with other marker-based SKO models, the Plug-in

Gait model is prone to errors from STA [17, 22, 74]; and

(iv) in practice, another issue has been the location of the

shoulder and elbow joint centers having been generated by

a proprietary formula known as the “Chord function” [37].

This study deals with ten non-disabled participants –

a small sample size to form any notable conclusions. Cur-

rently, the AnyBody model is scaled linearly based on a

few anthropometric dimensions and the static trial; how-

ever, scaling based on dynamic trials and functional tasks

could enhance AnyBody model (MKO approach) personal-

ization further to improve the accuracy of predictions [75].

Scaling MKO models as close as possible to functional

anatomy based on high-resolution imaging data in clini-

cal applications has been sought as they can be adapted to

pathological cases, and a better STA reduction can be ex-
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pected [21]. Further, a recent study quantified the effects of

anatomical errors on shoulder kinematics and showed that

participants’ anthropometry and sex could indirectly affect

kinematic outcomes [76]. For UE models, the joint centers

and axes of the AnyBody and Plug-in Gait models must be

defined per the International Society of Biomechanics rec-

ommendations for kinematics [77] to facilitate standardiza-

tion and comparison with other published literature.

6 Recommended future work

The main limitation of comparative studies such as this

study comes from the lack of a ‘gold standard’ [9]. While

comparing the two models in our research, due to the ab-

sence of an independent (or a reference) ‘gold standard’

technique, it was not possible to strictly conclude on the

most suitable model for determining kinematic variables. It

has been concluded by Begon et al. [9] that the accuracy

of both MKO and other approaches (i.e., SKO and non-

optimized kinematics) has not been extensively validated

against ground-truth bone kinematics.

The validity of UE kinematic models could be bet-

ter examined [13] by simultaneously monitoring the move-

ment of the experimental skin markers and the underly-

ing bone during dynamic tasks using ‘gold standard’ tech-

niques such as intracortical pins [33, 62], percutaneous

bone tracking devices [74], or bio-imaging methods such

as fluoroscopy [35], X-rays [78], magnetic resonance imag-

ing [32], computed tomography [79], and ultrasound [80].

Nevertheless, these studies—limited in number—have been

reported to typically deal with relatively small sample

sizes, which can be attributed to these techniques often be-

ing cumbersome, expensive, time-consuming, and requir-

ing highly-specific and multidisciplinary expertise (bio-

engineers, orthopedics, physiotherapists, etc.) [11]. Be-

sides, most of these experimental techniques are invasive

or can cause ionizing radiation exposure. Finally, much

of this equipment is rarely available in a clinical setting

(e.g., [35]). Addressing this barrier, studies aimed at de-

veloping ‘gold standard’ datasets which include compre-

hensive, high-fidelity experimental data, are collected using

techniques inaccessible to many researchers [13] and have

been made publicly available [11].

Future work could focus on recreating upper-limb

movement tasks like that listed by Cereatti et al. [11] for

driving AnyBody and Plug-in Gait models. This publicly-

available dataset includes motion of the skin markers mea-

sured in vivo and ex vivo using stereophotogrammetry as

well as the movement of the underlying bones measured

using ground-truth invasive (i.e., bone-pin) or bio-imaging

techniques (i.e., fluoroscopy) for tasks such as arm eleva-

tion and functional upper-limb movements [35, 39]. As

also commended earlier [9], this methodology could be

used to compare better—and perhaps, blindly validate—the

MKO and SKO algorithms. Such technical studies should

be used as a reference in the future to determine whether

the variability introduced by choice of the kinematic model

impacts a study’s clinical relevance [18]. While Charlton

et al. [29] showed that MKO outperforms commonly used

models (e.g., Plug-in Gait model with an SKO approach) in

terms of intra-subject and inter-observer repeatability, fur-

ther studies were recommended to confirm the clinical rel-

evance of an MKO approach [9].

In a review article focusing on clinical gait analysis,

McGinley et al. [44] have argued that in most common clin-

ical situations, error ≤ 2◦ is highly likely to be widely con-

sidered acceptable, as such errors are probably too small

to require explicit consideration during data interpretation.

Errors ranging between 2◦ – 5◦ are also likely to be consid-

ered reasonable but may require care in data interpretation.

Additionally, McGinley et al. [44] suggest that errors > 5◦

should raise concern and may be large enough to mislead

clinical interpretation. However, some of these key differ-

ences between the two models in our study deter readily us-

ing the models in a clinical context. Hence, suitable model

validation against a ‘gold standard’ is recommended, and

care should be taken when comparing our results with other

UE models at this stage.

Finally, quantifying disparities between the two mod-

els on a kinetic level is warranted as changes in kinematics

could affect the estimation of muscle activities, as shown

earlier [7, 8]. Additionally, there are numerous quantifiable

sources of inaccuracy in the input variables for inverse dy-

namics calculations (e.g., errors in body segment parameter

estimates, joint center of rotation locations, motion capture

system measurements, force plate measurements (if appli-

cable), and segment angle calculations due to STA) [6].

7 Conclusions

This study reports a rigorous comparison of joint kine-

matics estimated by a scaled cadaver-based MSK model

implementation in the AnyBody Managed Model Reposi-

tory (i.e., AnyBody model with the MKO approach) with

the widely-used Plug-in Gait model (i.e., SKO approach).

However, neither represents a ‘gold standard.’ Moreover,

few studies have systematically analyzed the independent

impact of computational methods on estimated UE joint

kinematics to the authors’ knowledge. Therefore, this study

facilitates evaluating the difference in joint kinematics that

can be solely attributed to the different kinematic methods

under consideration (MKO versus SKO) by ensuring equiv-

alence of the marker set, joint coordinate system, sequence

of joint angle outputs, etc. Consequently, this study creates

new research avenues for collaboration and data reuse, es-

pecially whilst comparing MKO and SKO model-estimated

kinematic outputs.

Relatively, the largest differences between the two

models were found in the shoulder, followed by the el-

bow and wrist. Differences were lower for tasks involving

smaller joint angles, such as the Reach-to-Right (RR) task

involving using the dominant hand by right-handed partici-

pants for task execution. The RMS differences were within

the acceptable level of 10◦; although this limit might be

unacceptable for clinical use. It was observed that the rela-

tion between the two outputs is near-linear, with strong-to-

excellent correlation co-efficients. Joint kinematics broadly

match qualitatively and quantitatively, albeit with few key

differences as noticed in the joint range-of-motion angles,

as well as bias and wider limits of agreement on the Bland-

Altman plots.

Acknowledgements

This work was supported by the Research Councils

UK (RCUK) Digital Economy Programme grant num-

Page 11 of 14



ber EP/G036861/1 (Oxford Centre for Doctoral Training

in Healthcare Innovation). Additional funding through

a Wellcome Trust Affordable Healthcare in India Award

103383/B/13/Z is gratefully acknowledged. The research

team acknowledges the support of the National Institute for

Health Research Clinical Research Network (NIHR CRN).

References

[1] Cappozzo, A., Della Croce, U., Leardini, A., and

Chiari, L., 2005. “Human movement analysis us-

ing stereophotogrammetry: Part 1: Theoretical back-

ground”. Gait & Posture, 21(2), pp. 186–196.

[2] Cappozzo, A., Catani, F., Leardini, A., Benedetti, M.,

and Della Croce, U., 1996. “Position and orientation

in space of bones during movement: Experimental

artefacts”. Clinical Biomechanics, 11(2), pp. 90–100.

[3] Erdemir, A., McLean, S., Herzog, W., and van den

Bogert, A. J., 2007. “Model-based estimation of

muscle forces exerted during movements”. Clinical

Biomechanics, 22(2), pp. 131–154.

[4] Damsgaard, M., Rasmussen, J., Christensen, S. T.,

Surma, E., and De Zee, M., 2006. “Analysis of mus-

culoskeletal systems in the AnyBody Modeling Sys-

tem”. Simulation Modelling Practice and Theory,

14(8), pp. 1100–1111.

[5] Delp, S. L., Anderson, F. C., Arnold, A. S., Loan, P.,

Habib, A., John, C. T., Guendelman, E., and The-

len, D. G., 2007. “OpenSim: Open-source software

to create and analyze dynamic simulations of move-

ment”. IEEE Transactions on Biomedical Engineer-

ing, 54(11), pp. 1940–1950.

[6] Riemer, R., Hsiao-Wecksler, E. T., and Zhang, X.,

2008. “Uncertainties in inverse dynamics solutions:

A comprehensive analysis and an application to gait”.

Gait & Posture, 27(4), pp. 578–588.

[7] Roelker, S. A., Caruthers, E. J., Baker, R. K., Pelz,

N. C., Chaudhari, A. M., and Siston, R. A., 2017. “In-

terpreting musculoskeletal models and dynamic sim-

ulations: Causes and effects of differences between

models”. Annals of Biomedical Engineering, 45(11),

pp. 2635–2647.

[8] Myers, C. A., Laz, P. J., Shelburne, K. B., and David-

son, B. S., 2015. “A probabilistic approach to quan-

tify the impact of uncertainty propagation in muscu-

loskeletal simulations”. Annals of Biomedical Engi-

neering, 43(5), pp. 1098–1111.

[9] Begon, M., Andersen, M. S., and Dumas, R., 2018.

“Multibody Kinematics Optimization for the estima-

tion of upper and lower limb human joint kinematics:

A systematized methodological review”. Journal of

Biomechanical Engineering, 140(3), p. 030801.

[10] Mantovani, G., and Lamontagne, M., 2017. “How dif-

ferent marker sets affect joint angles in inverse kine-

matics framework”. Journal of Biomechanical Engi-

neering, 139(4).

[11] Cereatti, A., Bonci, T., Akbarshahi, M., Aminian, K.,

Barré, A., Begon, M., Benoit, D. L., Charbonnier, C.,

Dal Maso, F., Fantozzi, S., et al., 2017. “Standard-

ization proposal of soft tissue artefact description for

data sharing in human motion measurements”. Jour-

nal of Biomechanics, 62, pp. 5–13.

[12] Camomilla, V., Dumas, R., and Cappozzo, A., 2017.

“Human movement analysis: The soft tissue artefact

issue”. Journal of Biomechanics, 62, pp. 1–4.

[13] Hicks, J. L., Uchida, T. K., Seth, A., Rajagopal, A.,

and Delp, S. L., 2015. “Is my model good enough?

Best practices for verification and validation of mus-

culoskeletal models and simulations of movement”.

Journal of Biomechanical Engineering, 137(2).

[14] Rau, G., Disselhorst-Klug, C., and Schmidt, R., 2000.

“Movement biomechanics goes upwards: From the

leg to the arm”. Journal of Biomechanics, 33(10),

pp. 1207–1216.

[15] Anglin, C., and Wyss, U. P., 2000. “Arm motion

and load analysis of sit-to-stand, stand-to-sit, cane

walking and lifting”. Clinical Biomechanics, 15(6),

pp. 441–448.

[16] Lathrop, R. L., Chaudhari, A. M., and Siston,

R. A., 2011. “Comparative assessment of bone

pose estimation using point cluster technique and

OpenSim”. Journal of Biomechanical Engineering,

133(11), pp. 1–6.

[17] Lu, T.-W., and O’connor, J., 1999. “Bone posi-

tion estimation from skin marker co-ordinates using

global optimisation with joint constraints”. Journal of

Biomechanics, 32(2), pp. 129–134.

[18] Duprey, S., Cheze, L., and Dumas, R., 2010. “In-

fluence of joint constraints on lower limb kinematics

estimation from skin markers using global optimiza-

tion”. Journal of Biomechanics, 43(14), pp. 2858–

2862.

[19] Andersen, M. S., Damsgaard, M., and Rasmussen,

J., 2009. “Kinematic analysis of over-determinate

biomechanical systems”. Computer Methods in

Biomechanics and Biomedical Engineering, 12(4),

pp. 371–384.

[20] Roux, E., Bouilland, S., Godillon-Maquinghen, A.-

P., and Bouttens, D., 2002. “Evaluation of the global

optimisation method within the upper limb kinematics

analysis”. Journal of Biomechanics, 35(9), pp. 1279–

1283.

[21] Duprey, S., Naaim, A., Moissenet, F., Begon, M., and
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2 Methods

2.6.3 Plug-in Gait Modeling (SKO approach)

Table 1: Plug-in Gait model joint angle output sequence; Adapted with permission from Vicon Plug-in Gait Reference Guide.
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Table 2: Technical segment frames for Plug-in Gait model; Segment images adapted with permission from Vicon Plug-in Gait
Reference Guide. Note: All segment axis-systems are Right-handed ; Green → X-axis; Blue → Y-axis; Red → Z-axis.
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3 Results

3.2 Quantitative comparison

3.2.1 Difference analysis

Table 3: Differences between AnyBody and Plug-in Gait model-estimated kinematic outputs in degrees (three trials & n = 10).
Note: Values > 10◦ are in Bold.
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3.2.3 Reconstruction residual

Figure 1: Box-plots for reconstruction residual (in mm) between AnyBody markers and Experimental markers (three trials & n =
10). Note: On each box, central red mark indicates the median, and the bottom and top edges of the box indicate the 25th and
75th percentiles, respectively. The whiskers extend to the most extreme data points not considered outliers, and the outliers are
plotted individually using the ‘+’ symbol in red.
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Figure 2: Box-plots for reconstruction residual (in mm) between AnyBody and Plug-in Gait model segment origins (three trials &
n = 10); Note: On each box, central red mark indicates the median, and the bottom and top edges of the box indicate the 25th

and 75th percentiles, respectively. The whiskers extend to the most extreme data points not considered outliers, and the outliers
are plotted individually using the ‘+’ symbol in red.

3.3 Agreement between the two models

3.3.1 Scatter plots and Correlation

Table 4: Classification of Spearman’s rank correlation co-efficients (ρ) corresponding to scatter plots (Taylor 1990)
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Figure 3: (a) Scatter plots between AnyBody and Plug-in Gait model-estimated joint angle outputs (in degrees) for three trials of
Reach-to-Front (RF) task (three trials & n = 10). Note: Spearman’s rank correlation coefficient (ρ) corresponding to each scatter
plot are reported. Also, the red line is a least-squares line on each scatter plot.

Figure 3: (b) Scatter plots between AnyBody and Plug-in Gait model-estimated joint angle outputs (in degrees) for three trials of
Reach-to-Right (RR) task (three trials & n = 10). Note: Spearman’s rank correlation coefficient (ρ) corresponding to each scatter
plot are reported. Also, the red line is a least-squares line on each scatter plot.
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Figure 3: (c) Scatter plots between AnyBody and Plug-in Gait model-estimated joint angle outputs (in degrees) for three trials of
Reach-to-Left (RL) task (three trials & n = 10). Note: Spearman’s rank correlation coefficient (ρ) corresponding to each scatter
plot are reported. Also, the red line is a least-squares line on each scatter plot.
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3.3.2 Bland-Altman analysis

Table 5: Bland-Altman test summary (Bland & Altman 1986)

Figure 4: (a) Bland-Altman plots for checking agreement between the AnyBody and Plug-in Gait model-estimated joint angle
outputs for three trials of Reach-to-Front (RF) task (three trials & n = 10). Difference = (AnyBody – Plug − in Gait) (in

degrees) and Average = (AnyBody + Plug−in Gait)
2 (in degrees). Note: Thick blue line is the median; the bottom and top dotted

blue lines correspond to 2.5th and 97.5th percentiles, respectively; Average bias is estimated as the median of differences, i.e., 95%
Limits of Agreement (LoA); and the horizontal black line at y = 0 represents a line of equality to establish systematic differences.
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Figure 4: (b) Bland-Altman plots for checking agreement between the AnyBody and Plug-in Gait model-estimated joint angle
outputs for three trials of Reach-to-Right (RR) task (three trials & n = 10). Difference = (AnyBody – Plug − in Gait) (in

degrees) and Average = (AnyBody + Plug−in Gait)
2 (in degrees). Note: Thick blue line is the median; the bottom and top dotted

blue lines correspond to 2.5th and 97.5th percentiles, respectively; Average bias is estimated as the median of differences, i.e., 95%
Limits of Agreement (LoA); and the horizontal black line at y = 0 represents a line of equality to establish systematic differences.

Figure 4: (c) Bland-Altman plots for checking agreement between the AnyBody and Plug-in Gait model-estimated joint angle
outputs for three trials of Reach-to-Left (RL) task (three trials & n = 10). Difference = (AnyBody – Plug− in Gait) (in degrees)

and Average = (AnyBody + Plug−in Gait)
2 (in degrees). Note: Thick blue line is the median; the bottom and top dotted blue lines

correspond to 2.5th and 97.5th percentiles, respectively; Average bias is estimated as the median of differences, i.e., 95% Limits of
Agreement (LoA); and the horizontal black line at y = 0 represents a line of equality to establish systematic differences.
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