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Background and purpose — Gait analysis is indicated
in children with cerebral palsy (CP) to identify and quantify
gait deviations. One particularly difficult-to-treat deviation,
crouch gait, can progress in adolescence and ultimately limit
the ability to ambulate. An objective quantitative assessment
is essential to early identify progressive gait impairments
in children with CP. 3-dimensional gait analysis (3D GA)
is considered the gold standard, although it is expensive,
seldom available, and unnecessarily detailed for screening
and follow-up. Simple video assessments are time-consum-
ing when processed manually, but more convenient if used
in conjunction with video processing algorithms; this has
yet been validated in CP. We validate a 2-dimensional mark-
erless (2D ML) assessment of knee joint flexion/extension
angles of the gait cycle in children and young adults with CP.

Patients and methods — 18 individuals, mean age 15
years (6.5-28), participated. 11 had bilateral, 3 unilateral, 3
dyskinetic, and 1 ataxic CP. In the Gross Motor Function
Classification System, 6 were at level I, 11 at level II, and
1 at level III. We compared 2D ML, using a single video
camera with computer processing, and 3D GA.

Results — The 2D ML method overestimated the knee
flexion/extension angle values by 3.3 to 7.0 degrees com-
pared with 3D GA. The reliability within 2D ML and 3D GA
was mostly good to excellent.

Interpretation — Despite overestimating, 2D ML is a
reliable and convenient tool to assess knee angles and, more
importantly, to detect changes over time within a follow-up
program in ambulatory children with CP.

Gait analysis is indicated in children with cerebral palsy (CP)
to identify gait deviations, evaluate treatment, and follow
the natural history (Bell et al. 2002). One of the most criti-
cal and frequent gait deviations in bilateral CP is crouch gait,
defined as the inability to fully extend the knee in stance
(Gage et al. 1996, Rodda and Graham 2001, Miller 2005).
Even if crouch gait is tolerated in the young child, in adoles-
cence with growth, it may progress and ultimately limit the
ability to ambulate (Opheim et al. 2013). Several gait vari-
ables are relevant in crouch gait (Perry 1992, Benedetti et al.
1998, Sangeux and Armand 2015) (Figure 1). Even if there is
treatment for crouch gait the challenge is to identify progres-
sive gait impairments in children with CP early and choose
effective treatment (DeLuca 1991, Gage et al. 1996, Rodda et
al. 2004, Narayanan 2007). Hence, a systematic quantitative
description of gait function is essential (Perry 1992, Benedetti
et al. 1998, Sangeux and Armand 2015).

Marker-based 3-dimensional gait analysis (3D GA) provides
a dynamic assessment of gait and is considered the gold stan-
dard to quantify lower limb movements, however seldom avail-
able since it is expensive and requires a dedicated space (East-
lack et al. 1991, Perry 1992, Mackey et al. 2003). In addition,
for screening purposes and for follow-up, the level of detail
provided by 3D GA might be unnecessary; knee-joint sagittal
angles may suffice as a valid and useful preliminary assess-
ment (Maathuis et al. 2005, Kawamura et al. 2007, Narayanan
2007). To quantify and partially reduce examiner subjectivity,
visual scoring systems have been proposed (Narayanan 2007).
The Edinburgh Visual Gait Score was specifically developed
for assessing gait in CP and has proven to have good reliabil-
ity and validity (Read et al. 2003, Rathinam et al. 2014, Del
Pilar Duque Orozco et al. 2016). However, joint angles, used
to score gait, require manual identification of specific anatomi-
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Figure 1. The 4 knee-flexion and extension variables selected for the
analysis (stance and swing phase in percentage of the gait cycle on
the X-axis). 1: Knee flexion at initial contact (0% of the gait cycle)
important for step length, which can be limited by hamstring spastic-
ity and/or short hamstring muscles; 2: maximum knee flexion at load-
ing response (0—40% of the gait cycle) manages force absorption; 3:
minimum knee flexion in stance (25-75% of the gait cycle) describes
degree of crouch; 4: and maximum knee flexion in swing (50-100% of
the gait cycle) contributes to foot clearance.

cal landmarks on multiple videotaped sequences. Clearly, this
operation can be quite time-consuming and heavily relies on
the operator’s skills and experience (Read et al. 2003, Ong et
al. 2008, Gupta and Raja 2012, Del Pilar Duque Orozco et al.
2016). Some of the limitations associated with visual video
assessments can be overcome by using automatic video pro-
cessing (Ugbolue et al. 2013, Castelli et al. 2015, Saner et al.
2017). However, most of the 2-dimensional markerless (2D
ML) gait analysis methods proposed in the literature have been
applied and validated only on healthy individuals (Surer et al.
2011, Sandau et al. 2014, Castelli et al. 2015, Saner et al. 2017);
therefore, the results cannot be generalized to populations with
gait disorders, as deviations from typical gait patterns might
interfere with the performance and feasibility of the method.
To address the above-mentioned clinical requirements, we
developed a 2D ML method which takes advantage of a single-
color red—green—blue (RGB) camera combined with a depth
infrared sensor (RGB-D). The proposed method is an improve-
ment of a recent markerless method developed and validated
on healthy adults (Castelli et al. 2015, Saner et al. 2017).

We evaluated the validity of this newly developed 2D ML
gait analysis method compared with 3D GA for the estimation
of knee flexion and extension angles during gait in children
and young adults with CP.

Patients and methods

Population

From the medical records in Orebro and Skaraborg, individu-
als with CP were identified. Those eligible for inclusion were
sent a letter with information and invitation to participate.
Inclusion criteria were CP and GMFSCS level I-III. 23 were
willing to participate, and visited the Skaraborg Gait Analysis

Laboratory, Skovde. 3 participants were not able to perform
the gait analysis due to cognitive and visual impairments, and
2 were excluded for technical reasons. Gait data were collected
for 18 participants, mean age 15 years (6.5-28), 4 females and
14 males. 11 participants had bilateral CP, 3 had unilateral CP,
3 had dyskinetic CP, and 1 had ataxic CP. 6 were classified as
GMFCS level I, 11 were at level II, and 1 was at level III.

Data collection

The participants walked at a self-selected speed on a 7-meter
walkway wearing a T-shirt, underwear, and colored ankle
socks. The RGB-D camera was positioned laterally to the
walkway, and a homogeneous green background was rigged.
The image coordinate system of the video camera was aligned
to the sagittal plane. The data acquisition and synchronization
was performed simultaneously for 2D ML and 3D GA. 5 gait
trials per participant and side were recorded.

2-dimensional markerless gait analysis (2D ML)

An RGB-D system was used (Kinect 2 for Xbox One [Micro-
soft Corp, Redmond, WA, USA]), RGB images with resolu-
tion 1920x1080 pixels at 30 frames/second and depth image
of 512x424 pixels at 30 frames/second. The estimation of
knee flexion and extension angles required the implementa-
tion of the following steps (see Appendix in Supplementary
data for a detailed description):

1. Image pre-processing calibration: includes optical distor-
tion correction and allows RGB and depth data to obtain a
matrix of colored 3D pixels for each frame (Figure 2a).

2. Segmentation: subtraction to separate the participant from
the background (Figure 2b).

3. Participant-specific multi-segmental model: a lower-limb
kinematic model composed of the foot, shank, and thigh
segments connected by cylindrical hinges. To compensate
for real and apparent deformations of the body segments, a
multiple anatomical landmark calibration was implemented
(Figure 2c¢).

4. Joint center tracking: trajectories of ankle, knee, and hip
joints centers were estimated during the gait cycle by
minimizing the distance between the measured and mod-
elled body-segment points (Figure 2d). Depth data were
exploited to handle segments overlapping during walking.

5. Flexion and extension knee joint angle: orientation of the
tibia and femur were determined from joint center trajecto-
ries and expressed as percentage of the gait cycle.

3-dimensional marker-based gait analysis (3D GA)

3D GA images were captured at 100 frames/second using a
12-camera stereo-photogrammetric system (Oqus 400 Quali-
sys medical AB, Gothenburg, Sweden). 38 retro-reflective
spherical markers were attached to the participants according
to the modified Helen-Heyes model. Calculation of joint angles
was performed using the Visual 3D software (C Motion Inc.,
USA).
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Figure 2. Procedures needed for the
estimation of the knee flexion and
extension angles with the 2-dimen-
sional markerless video system: image
pre-processing calibration (a), segmen-
tation (b), participant-specific multi-
segmental model (c), and joint-center

RGB image Depth image il 3D pixels image
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tracking (d).

Knee joint gait variables

For each participant and trial, the knee flexion and extension

angles were estimated for 2D ML and 3D GA (see Figure 1).

Time synchronization between 2D ML and 3D GA curves was

performed. The following knee variables were extracted from

the 2D ML and 3D GA curves:

* Knee flexion at initial contact (0% of the gait cycle), is
important to achieve an effective “prepositioning of the
foot” and “adequate step length.” These are two prerequi-
sites of normal gait, depending on the ability to extend the
knee before initial contact in late swing phase (Perry 1992,
Benedetti et al. 1998).

e Maximum knee flexion at loading response (0-40% of the
gait cycle), is controlled mainly by the quadriceps muscle
with eccentric- and isometric muscle contraction to stabilize
the knee, and for shock absorption (Sangeux and Armand,
2015).

e Minimum knee flexion in stance (25-75% of the gait cycle),
provides a measure of crouch gait and is influenced by fixed
knee flexion, hamstring spasticity and/or short hamstring
muscles, and foot stability, affecting a third prerequisite of
normal gait: “stability in stance” (Perry 1992).

e Maximum knee flexion in swing (50-100% of the gait
cycle), may be limited and delayed by prolonged rectus
femoris muscle activity in swing, influencing both ‘“‘ade-
quate step length” and “clearance in swing” (Perry 1992).
The decreased knee flexion in swing is often presented as
toe-drag, not to be confused with limited ankle dorsiflexion
in swing (Sangeux and Armand 2015).

Stastistics

For each variable, the mean value of 3 trials was calculated for
each participant and side. Normal distribution was assessed.
Bland—Altman plots with 95% limits of agreements (LoA)
were used to compare 2D ML and 3D GA methods for the
selected variables. In the Bland—Altman plot, the Spearman
correlation coefficient was used to further evaluate if differ-
ences between methods were correlated to the mean values of
knee flexion. Unpaired t-test with 95% confidence intervals
(CI) was used to quantify potential systematic mean differ-
ences between the 2D ML and 3D GA methods. For each vari-

able, method reliability (2D ML and 3D GA) was evaluated
with intraclass correlation (ICC) based on absolute agreement
and 2-way random effects. Based on the CI of the ICC estimate,
values less than 0.5 indicate poor reliability, values between
0.5 and 0.75 indicate moderate reliability, values between 0.75
and 0.9 indicate good reliability, and values greater than 0.90
indicate excellent reliability (Koo and Li 2016). A p-value less
than 0.05 were regarded as statistically significant, and the
Bonferroni method was used to correct for multiple testing.
All statistical analyses were performed in SPSS for Windows,
version 22 (IBM Corp, Armonk, NY, USA).

Ethics, funding, and potential conflict of interest

The study was approved by the regional ethical review board
in Gothenburg, Sweden (approval number 660-15). The pro-
jected was funded by national hospital research departments,
FoU Region of Orebro Lin and FoU Skaraborg and Vg
Region. We have no financial or other conflicts of interest that
might bias our work.

Results

Overall, the mean statistical differences of the gait variables
as estimated by 2D ML and 3D GA (2D ML minus 3D GA)
ranged from +3.3 to +7.0 degrees (CI 1.3-9.0) (Table 1).
These differences remained statistically significant after Bon-
ferroni correction except for 2 gait variables (Initial contact
and Loading response, left side) that, after Bonferroni cor-
rection, were not statistically significant using the Spearman
correlation coefficient. The agreement of the 2D ML and 3D
GA estimates for knee extension in stance, left side, and knee
flexion in swing, left side, are illustrated with Bland—Altman
plots (Figures 3 and 4). The reliability of 2D ML and 3D GA
is reported in Table 2. The 2D ML measurements revealed
moderate to excellent reliability, with ICC CI between 0.62
and 0.98. The 3D GA measurements showed similar reliabil-
ity except for the variable Loading response, where the ICC
CI was 0.41-0.89, indicating poor reliability. The resulting
variables exhibited moderate to excellent results in the 3D
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Table 1. Variables, side, and mean angles for the 2-dimensional markerless (2D ML) method and 3-dimensional

gait analysis (3D GA)

Gait variables (°) 2D ML 3D GA Difference Correlation

and side mean (SD) mean (SD) mean (95% Cl) p-value?® 95% LoA  coefficient p-value®
Knee flexion at initial contact

Right 26.1 (9.5) 19.1 (9.8) 7.0 (56.0-9.00 <0.001 -0.9to14.8 0.16 0.5

Left 26.8 (10.6) 20.6 (8.5) 6.3 (4.2-8.2) <0.001 -1.6to14.1 0.47 0.05
Knee flexion at loading response

Right 32.4 (9.5) 26.3 (8.7) 6.1 (4.2-8.0) <0.001 -1.1t013.4 0.22 0.4

Left 34.0 (9.3) 27.7 (7.1) 6.3 (4.2-8.2) <0.001 -1.6to14.1 0.49 0.04
Knee flexion in stance

Right 17.3 (11.7) 10.6 (12.5) 6.7 (49-83) <0.001 -0.2t013.5 -0.19 0.4

Left 17.5(9.1) 12.2 (9.1) 5.3(8.1-7.6) <0.001 -3.5to014.1 —-0.052 0.8
Knee flexion in swing

Right 60.3 (11.4) 55.4(9.8) 5.0 (2.7-7.3) <0.001 -4.1t013.9 0.26 0.3

Left 59.6 (8.4) 56.4 (7.2) 3.3(1.3-52) <0.001 —-4.5to11.1 0.31 0.2

Mean difference calculated by subtracting the 3D GA angle from the 2D ML angle in degrees (SD, standard devia-

tion; Cl, confidence interval; LoA, limits of agreement).
ap-value of the mean difference.
b p-value of the Spearmen correlation coefficient.

Table 2. Comparison of estimates from the

Difference in minimum knee flexion in stance

Difference in maximum knee flexion in swing

2-dimensional markerless (2D ML) method and (2D ML -3D GA) (2D ML - 3D GA)
3-dimensional gait analysis (3D GA)
L Y S UpperLoAtd.1| 157

Gait variables 2D ML 3D GA ° ° . Upper LoA 11.1

Side ICC (95% Cl) ICC (95% Cl) 104 . 10 ¢

[ ]

Knee flexion at initial contact ¢ ® N ¢ ° ¢

Right ~ 0.85 (0.67-0.94) 087 (0.70-0.95) | e o Mean 5.3 . .

Left 0.96 (0.92-0.96) 0.95 (0.89-0.98) ° o o N *Mean 3.3
Knee flexion at loading response C -

Right  0.83 (0.62-0.93) 0.73 (0.41-0.89) a .

Left 0.93 (0.84-0.97) 0.95 (0.89-0.98) © o . 0 oo =
Knee flexion in stance ¢ Ce o

Right  0.89 (0.74-0.96) 0.88 (0.73-0.95) | ... ___________| Lower LoA-3.5

Left 0.93 (0.85-0.97) 097 (0.93-0.99) | T . L)
Knee flexion in swing T T ‘ ‘ ‘ ‘ ‘ ‘ ‘

Right ~ 0.92 (0.82-0.97) 0.90 (0.78-0.96) 0 10 20 30 40 40 50 60 70

Left 0.94 (0.87-0.98) 0.94 (0.87-0.98) Mean minimum knee flexion in stance Mean maximum knee flexion in swing

The 18 participants completed 3 trials for each side.

GA estimates, with ICC CI between 0.70 and 0.98 (Koo and
Li 2016).

Discussion

We found a mean difference between the 2D ML and 3D GA
estimates of knee joint angles ranging from + 3.3 to +7.0
degrees. For both the 2D ML and 3D GA methods, the within-
method reliability was mostly good to excellent.

The 95% LoA reveal how well the 2D ML and 3D GA meth-
ods agree. The LoA for all gait variables showed an expect-

((2D ML + 3D GA)/2)

Figure 3. Bland—Altman plot for minimum
knee flexion in stance on the left side (2D
ML, 2-dimensional markerless; 3D GA,
3-dimensional gait analysis).

(2D ML + 3D GA)/2)

Figure 4. Bland—Altman plot for maximum
knee flexion in swing on the left side (2D
ML, 2-dimensional markerless 3D GA,
3-dimensional gait analysis).

edly large range (from 4.5 to 15 degrees), resulting from the
high gait variability observed over the heterogeneous subject
cohort analyzed. Several factors can explain the differences
found in the knee estimated by 2D ML and 3D GA. First, the
anatomical coordinate system definition for the femur and
tibia differs between the methods. Second, we compared the
knee flexion and extension angles obtained by projecting the
participant movement in the sagittal plane (2D ML) with a 3D
joint kinematic description based on Euler angle decomposi-
tion (3D GA). Third, 2D ML tracked the body segment move-
ment based on the segment contours, whereas 3D GA is based
on skin marker trajectories; therefore different soft tissue
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artefacts should be expected, and their effects on the knee
kinematics should be different. However, despite the unavoid-
able differences found between the methods, it is important to
highlight that for both 2D ML and 3D GA the within-method
reliability was mostly good to excellent.

There is consensus in the literature that the knee joint is
one of the more difficult to assess using the Edinburgh video
Visual Gait Score reflecting a degree of agreement with the
measurements obtained using a 3D GA of 47%—63% (Read et
al. 2003) and 52-71% (del Pilar Duque Orozco et al. 2016).
Both studies showed the usefulness of a video-based scor-
ing system but with some limitations, as the previous experi-
ence of the observer and the training were both demonstrated
to play a role in the agreement. Concurrent validity of most
previous 2D ML methods has been assessed only on healthy
participants (Sandau et al. 2014, Castelli et al. 2015, Saner et
al. 2017). Sandau et al. (2014) applied their 2D ML method
on 10 healthy adults and found a general overestimation of
knee joint kinematics (mean error + SD) equal to 2.8 = (1.9)
degrees for knee flexion and extension when compared against
a 3D GA system. Castelli et al. (2015) found in 10 healthy
participants an average root-mean-square difference between
the knee joint angles estimated by 2D ML and 3D GA, over
the entire gait cycle, of up to 4.4 degrees. In a recent study,
Saner et al. (2017) proposed a method based on a low-cost
webcam technology for knee sagittal kinematics estimation,
which showed good to excellent reliability but lacked suffi-
cient reliability during knee-stance. Unfortunately, no concur-
rent validation against a 3D GA system was performed. Fur-
thermore, it should be noted that whereas participants in our
study walked at a self-selected speed on a walkway with no
constriction to arm movement, in the study reported by Saner
et al. (2017) participants walked on a treadmill at a set speed
and held their hands and arms up on a handrail, a setup that
inevitably influences walking patterns and is difficult to apply
to individuals with CP.

There is no exact definition or classification of crouch. Miller
(2005) proposed 3 different intervals: mild (10-25 degrees),
moderate (26—45 degrees), and severe (over 45 degrees).
Others defined severe crouch as over 30 degrees of flexion in
mid-stance (Rodda and Graham 2001). From a clinical point
of view, we think the 2D ML assessment can prove useful, for
example in stance phase. A change from mild to moderate, or
moderate to severe crouch, could be detected with the 2D ML
system despite overestimating range of motion with a mean
of 3.3-7.0 degrees, since the within-method reliability was
mostly good to excellent. Certainly, using the 2D ML system,
flexion increase of 10 degrees in mid-stance could be detected
and was considered a significant change motivating a full 3D
GA and a clinical evaluation for possible treatment to avoid
progress of crouch.

In Sweden, a systematic follow-up program for children
with CP (CPUP) has been conducted since the 1990s (Higg-
lund et al. 2005). According to the 2013 yearly CPUP report,

61% of children with CP ambulate independently (GMFCS
levels I and IT) and 8% need support when walking (GMFCS
level IIT) (CPUP yearly report 2013, Palisano et al. 1997).
This means that ambulatory children constitute a substantial
number where gait deterioration over time may be expected
(Opheim et al. 2013). However, no dynamic assessment of gait
in children with CP is currently included in the CPUP, and
hence an objective tool to detect and follow the development
of gait impairment is lacking.

It is important to highlight that the purpose of the proposed
2D ML method is not to replace 3D GA, but rather to make an
additional tool available to a greater number of children with
CP, which could make longitudinal follow-up possible. A case
report (Butler et al. 2016) and previously, Bell et al. (2002)
showed that, using 3D GA, it was possible to follow and detect
changes in the gait patterns in CP over several years. 3D GA
has thus shown itself to be useful in follow-up, and therefore it
is reasonable to assume that 2D ML can also be used for long-
term follow-up and screening.

A disadvantage with the 2D ML system is obviously the
lack of frontal and rotational plane assessment, which is espe-
cially important in CP, where the rotational plane deformity
often needs to be corrected with bony surgery. Nevertheless,
when progression of deviation is identified with the 2D ML
system, a more comprehensive assessment with 3D GA, as
mentioned above, may be indicated.

The 2D ML method we propose is composed of inexpensive,
commercially available equipment and requires limited hands-
on for processing. Overall, when the clinical interest is limited
to kinematic analysis in the sagittal plane, the 2D ML system
may represent a valid alternative to traditional 3D GA by
making the gait analysis low-cost and avoiding the use of skin
markers. The 2D ML method offers a reliable quantification
of movement. It is a simpler and quicker measurement than
3D GA but, at the same time, more valuable than the visual
analysis based on manual anatomical landmark digitalization.

With the relatively subtle involvement of CP, we were unable
to study whether those individuals with more severe gait devi-
ations would show similar results. The rotational profile of the
participants in this study was not assessed, which naturally
could influence the results. We present, and assessed, the knee
joint kinematics only, although the proposed 2D ML method
can also estimate hip and ankle joint kinematics. However, a
full validation of the lower limb kinematics was beyond the
scope of our study.

In summary, despite overestimating, 2D ML is a convenient
tool that could be used to assess knee joint angles in the sagit-
tal plane and, more importantly, detect changes over time in a
follow-up program in ambulatory children with CP.

Supplementary data

Appendix is available as supplementary data in the online
version of this article, http://dx.doi.org/ 10.1080/17453674.
2018.1525195
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