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Abstract: Crouch gait is one of the most common gait abnormalities. In the literature, there are few works related

to the crouch gait recognition. In this work, we aim at the integration of a framework for multiclass crouch gait

recognition using synthetic eight-DoF model gait data in anatomical space. The main contribution of our study is

the joint function generator algorithm, which could be used to generate other physiological signals; and the gait

data validation stage. In addition, we use a feature selection method and a body region segmentation approach to

improve classification performance. We generated a gait dataset containing 25 join functions of each DoF for each

gait class (4 crouched and normal). The algorithms that we evaluated for classification were: K-nearest neighbors

(kNN), Naive Bayes (NB), discriminant analysis (DA), decision trees (DT), and an artificial neural network (ANN).

We calculated the metrics: accuracy (Acc), recall (R), specificity (SP), precision (P) and the F-measure (FM) to

asses the classification performance. In general, for this work, the best algorithms were discriminant analysis and

artificial neural networks. The main results of the proposed recognition framework provide evidence that can be

used in real clinical settings to diagnose and make decisions about treatments related to crouch gait diseases.

Keywords: gait recognition; crouch gait; synthetic gait data

1. Introduction

Crouch gait (CG) is one of the most common gait abnormalities, often seen in stroke, cerebral palsy
(CP), spastic diplegic, and quadriplegic patients [1]. Crouch gait is characterized by excessive flexion
of the hips, knees, and ankles during the stance phase, significantly reducing the range of motion of the
joints and timing in the gait cycle [2,3]. Therefore, treatments and assistive technologies are required to
prevent the worsening of the crouch posture and subsequent functional deterioration [4].

Most articles in the literature base the analysis of crouch gait only on knee flexion [5–9]. In fact,
generally not only in the crouh, gait analysis is developed using only the sagittal plane [10]. Since CG
is clinically recognized as a complex multi-joint and multiplanar gait disorder [11], it is necessary to
consider movements of the hip, ankle, and even the pelvis in the 3 anatomical planes.

On the other hand, computational kinematic modeling is useful for simulating human gait
and determining abnormalities based on the gait pattern [12]. In this way, the evaluation of two
musculoskeletal models in children with crouch gait is presented in [13]. Using this approach, mild,
moderate and severe crouch gait of patients with cerebral palsy has been simulated in [14]. In addition,
in [15] the simulation of the effect of muscle activations on the performance of a knee prosthesis of a
person with a crouch gait was presented.

In addition, the data from the analysis of the crouch gait are large, multivariable, and multidimen-
sional, making it necessary to use the gait recognition approach to detect gait abnormalities [16]. In
this sense, cluster analysis was applied using the gait kinematics data of the lower limbs, pelvis, and
trunk to assess children with cerebral palsy [10]. Finally, [7], presented a gait classification method for
subjects with cerebral palsy. The features of the gait data from the sagittal plane were used as input
into a cluster analysis based on k-means to determine five homogeneous groups. These groups were
labeled, in order of increasing gait pathology: i) mild crouch with mild equinus, ii) moderate crouch,
iii) moderate crouch with anterior pelvic tilt, iv) moderate crouch with equinus, and v) severe crouch.
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Furthermore, an adaptive wavelet extreme learning machine (AW-ELM) has been applied to
classify (accuracy up to 91%) crouch gait categories in four patients with hemiplegia and healthy [17];
but the number of participants in this study is not statistically significant. Most studies in patients with
crouch gait focus on estimating muscular behavior and force evaluation; however, few have addressed
kinematic modeling and recognition [13].

For any gait recognition system, the availability of adequate data is an essential requirement,
especially for supervised methods. The size of the gait data set must be large enough to reflect the
variety of factors. So far, existing work on the generation of gait and physiological data sets is still
far from this objective [18,19]. A possible solution to these problems is to use realistic synthetic data
generated from computational and mathematical models [20,21]. Using synthetic data for training
learning models is a recent strategy to address missing data [22]. In terms of gait, data sets of
silhouettes for a game engine [23] or joint functions for controlling prosthetic legs [24] have recently
been generated.

To address the limitations and opportunities mentioned above, in this work we present a general
framework for crouch gait recognition. Multiclass recognition was performed using synthetic gait data
in anatomical space using the eight-DoF multijoint and multiplanar model presented in a previous
work [25]. The research question that we have addressed is: is it possible to recognize multiclass
crouch gait in the anatomical space using gait synthetic data? The main contribution of this work is
the framework approach for crouch gait recognition and the synthetic joint function generator.

2. Materials and Methods

The general framework used in this work to recognize crouch gait is shown in Figure 1. We
propose two main approaches. The first one considers the availability of the gait joint signals, in which
in this case the signals are generated synthetically. The second approach contemplates the calculation
of the joint coordinates from the Cartesian coordinates, using the inverse kinematics method proposed
in [25]. In this work, we only explore the first proposal.

Figure 1. Framework for crouch gait analysis and recognition of the crouch gait in anatomical space.

The model of the lower limbs during the gait cycle that we use is a reduction of the conventional
gait model [26]. Figure 2 shows the proposed eight-DoF multiplanar and multijoint system. The
model considers the lower limbs as eight rigid body segments as follows: right pelvis (l1R), left pelvis
(l1L), right femur (l2R), left femur (l2L), right tibia (l3R), left tibia (l3L), right foot (l4R) and left foot (l4L).
Meanwhile, the corresponding joint functions, rotation axis and reference frame for the eight motions
are: pelvic rotation (q1, Σ0, y0), pelvic list (q2, Σ0,x0), right hip flexoextension (q3R, Σ1R, z1R), left hip
flexoextension (q3L, Σ1L, z1L), right knee flexoextension (q4R, Σ2R, z2R), left knee flexoextension (q4L,
Σ2L, z2L), right ankle dorsi/plantar flexion (q5R, Σ3R, z3R) and left ankle dorsi/plantar flexion (q5L,
Σ3L,z3L).
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Figure 2. 8 DoF gait kinematics model. Right (Eskeletal model), center (open kinematic chain) and left
(3D anatomical gait cycle representation) [12,27].

Gait recognition is an approach to assess and compare different gait performances of different
users based on the gait pattern. For the grouch gait recognition approach, we consider four levels of
crouch severity: crouch 1 (C1), crouch 2 (C2), crouch 3 (C3), crouch 4 (C4), and normal gait (N). The
initial eight joint functions taken as signal references for the five gaits (Figure 1) were obtained from
the dataset of the well-known model 2392 − OpenSim [28]. However, for the crouch gait recognition
framework proposed in this work, one signal for each joint variable is not sufficient, so we implemented
a synthetic joint function generator. Gait angles are stored in a gait angles dataset to be subsequently
used as input in the acquisition stage. The framework of a gait recognition system consists of different
modules, as shown in Figure 3 [29].

Figure 3. Workflow for the crouch gait recognition in the anatomical space.
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2.1. Gait Data Acquisition

The first step of any gait recognition system is the data acquisition module, which is used to
collect human gait data. Generally, there are four ways to do it, marker-based, non marker-based, floor
sensors, and wearable sensors [30]. To address the lack of a crouch gait dataset of real patients available
to evaluate and validate our approach; In this work, in the first stage, we propose the generation of
synthetic gait data based on reference joint functions [28]. The flowchart of the gait joint functions
generator is shown in Figure 4, where, GJF: gait joint function, N: number of desired joint functions,
DAE: desired approximation error, AE: approximation error, K: polynomial degree, RNA: random
noise amplitude and SNR: signal noise relationship.

Figure 4. Flowchart of the gait joint functions generation algorithm.

Given any joint function qi, the initial point of the algorithm is to fit a polynomial curve to obtain
the coefficients of a polynomial p(x) of degree k that is the best fit to the joint function. Subsequently,
the polynomial p(x) is evaluated at each point in x, where x in this case is the array of samples from
the gait cycle. Next, we calculate the mean square error (MSE) (AE), between qi and the evaluation
of p(x), and if AE ≤ DAE, the process is repeated until the stop condition is met. The degree of
polynomial k is inversely proportional to the error associated with the desired error DAE = 0.2. A
small error generates a greater degree of polynomial, which increases the mathematical complexity
and thus the computational cost during the evaluation.

The function applied to fit the polynomial curve returns a polynomial p(x) (synthetic joint
function) of degree k that is a best fit (in the least-squares sense) for the data in qi. The coefficients of
p(x) (1) are of descending powers, and the number of coefficients is k + 1.

p(x) = p1xk + p2xk−1 + ... + pkx + pk+1, (1)

The fitting function uses x to form Vandermonde matrix V with k + 1 columns and m = length(x)
rows, resulting in the linear system
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The fitted polynomial is considered the polynomial generator of the join function, which is used
as a base function to synthesize the joint functions. In table 1 we present the degree of the fitted
polynomial for each joint function of the five gaits.

Table 1. Degree of the fitted polynomial for each joint function qi of the five gaits.

Gaits q1 q2 q3R q4R q4R q3L q4L q5L

N 8 8 11 13 19 9 16 18
C1 13 7 10 15 16 10 17 16
C2 11 8 12 8 12 14 12 25
C3 10 9 11 9 9 17 20 10
C4 13 6 11 14 11 12 15 17

The degree of the fitted polynomial is related to the complexity of the joint function. In this case,
the more complex is the dorsiplantar function of C2, while the simplest is the list of C4. Then, we
generate joint functions N = 50 for each gait (N, C1, C2, C3, and C4). Figure 5 shows the eight joint
functions of the five gait classes during a gait cycle [28].

Figure 5. Gait joint angles for the eight movements for the five gaits. Green (N), blue (C1), red (C2),
black (C3) and magenta (C4) [28].

In order to provide the coefficients of the generating polynomials for the normal gait, Table 2
summarizes the values of the fitted polynomial coefficients for the 8 DoF of the joint functions for a
normal gait.
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Table 2. Coefficients of the 8 fitted polynomials related to the joint angles (JA) normal gait.

Degree q1 q2 q3R q4R q4R q3L q4L q5L

0 2.55 -0.61 24.54 -16.70 -4.07 -8.23 -1.68 9.83
1 7.40 23.49 21.75 7.22 -4.84 17.98 -483.51 236.07
2 -492.37 -1472.05 -1369.65 -722.66 -7670.96 -14597.64 48218.72 -34696.65
3 5544.54 14185.41 22725.49 24034.68 161661.15 458524.13 -

2253486.62
1504465.30

4 -26216.01 -59323.86 -241392.15 -154960.95 -
1767801.57

-
8046722.75

56425115.24 -
35800895.63

5 61950.47 130871.89 1399106.93 469784.71 12194158.15 83268450.62 -
862057667.9

508490937

6 -77761.28 -158286.79 -
4761956.61

-789262.96 -
55670796.21

-
551813305.7

8772028344 -
4687249980

7 49728.93 99084.50 9980083.31 754677.56 172033407.9 2489659884 -6.2E10 29838603312
8 -12763.75 -25082.45 -

13020755.88
-385074.79 -

363732411.8
-

7945107407
3.28E+11 -1.36E+11

9 0 0 10298543.96 81518.01 525222063.2 18341337557 -1.28E+12 4.63E+11
10 0 0 -

4520035.13
0 -

508420218.7
-

30965724446
3.83E+12 -1.18E+12

11 0 0 845028.27 0 315197063.8 38256307914 -8.74E+12 2.27E+12
12 0 0 0 0 -

113039758.2
-

34210329856
1.53E+13 -3.33E+12

13 0 0 0 0 17830308.13 21563269103 -2.07E+13 3.67E+12
14 0 0 0 0 0 -

9089398136
2.12E+13 -3.00E+12

15 0 0 0 0 0 2300657105 -1.62E+13 1.75E+12
16 0 0 0 0 0 -

264524081.1
8.95E+12 -6.98E+11

17 0 0 0 0 0 0 -3.37E+12 1.68E+11
18 0 0 0 0 0 0 7.73E+11 -1.9E10
19 0 0 0 0 0 0 -8.2E10 0

Subsequently, to generate the joint function dataset of the five gaits with the eight movements,
the coefficients of the polynomial generator are modified using normally distributed random numbers
and evaluated in x. In addition, to simulate real world random disturbances that can occur in practical
systems, we add that white Gaussian noise is used in signal processing , where the signal noise
relationship was defined previously SNR = 20.

Finally, each joint synthetic function is stored. To validate our generator approach, we developed
a test z only on the eighth normal gait functions, where the null hypothesis H0: A synthetic normal
function has the same statistical distribution as the reference normal function; and the alternative
hypothesis H1: A synthetic normal function has a different statistical distribution than the reference
normal function. The value of statistical significance established for all cases is α = 0.05. In all cases,
the null hypothesis was accepted. Table 3 summarizes the minimum and maximum values of the
eight references to joint functions during a gait cycle [28], which is useful for local analysis if each
joint is evaluated independently or by each lower limb. Also, it makes possible to develop a global
multiplanar analysis; however, to determine a global pattern to classify each crouch gait abnormalities,
it necessary apply a gait recognition framework as is in this study.
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Table 3. Maximum and minimum range of movement (ROM) in degrees of the eight joint angles for
the five gaits.

Normal Crouch 1 Crouch 2 Crouch 3 Crouch 4
JA Min Max Min Max Min Max Min Max Min Max

q1 -3.57 2.56 0.02 11.56 -29.01 -6.14 -24.5 -2.31 28.86 45.37
q2 -4.10 4.42 -8.12 -2.27 -5.54 6.05 -9.52 -0.84 -24.92 -14.8

q3R -16.82 25.26 18.29 54.36 14.23 42.54 9.89 45.91 17.25 64.45
q4R -58.25 -2.27 -68.75 -57.64 -73.46 -54.91 -47.27 -26.25 -72.13 -37.31
q5R -14.07 10.75 13.07 34.16 -24.15 -8.2 -39.07 -29.96 13.55 29.48
q3L -16.82 25.26 29.90 58.78 -6.99 28.55 -6.44 31.28 33.51 59.40
q4L -58.25 -2.27 -81.97 -55.32 -55.86 -39.10 -39.76 -12.06 -67.43 -31.68
q5L -14.07 10.75 6.89 29.31 -9.56 17.96 -3.66 15.10 -1.06 9.30

2.2. Gait Data Validation

Most of the machine learning work focuses on improving the accuracy and efficiency of training
and inference algorithms, but little addresses the problem of monitoring the quality and validity of raw
data. Errors in input data can determine poor performance in accelerating and assessing the precision
of the framework [31]. Therefore, in this work, we perform the statistical test z to confirm that the data
sets generated for each type of gait are statistically different [32].

Thus, using the brute force method in the data sets of the five types of gait, we established H0:
the synthetic joint angles of the test gait are outliers from the synthetic joint angles of the reference gait;
and the alternative hypothesis H1: the synthetic joint angles of the test gait have a different statistical
distribution than the synthetic joint angles of the reference gait. The value of statistical significance
established for all cases is α = 0.05. Table 4 summarizes the z values of the ten combinations between
gait types.

Table 4. Statistical z-values for the eight joint angles of the five gaits of the z test.

Gaits q1 q2 q3R q4R q4R q3L q4L q5L

N, C1 -12.12 12.47 -67.14 85.51 -40.72 -68.55 80.28 -36.012
N, C2 30.31 -0.63 -47.45 82.77 31.49 -6.50 50.78 -3.59
N, C3 24.35 9.41 -46.24 35.27 61.57 -13.13 2.44 -6.20
N, C4 -64.40 34.69 -81.16 64.44 -38.64 -68.15 47.96 -6.58
C1, C2 43.38 -15.85 20.50 -2.55 72.63 72.73 -33.20 32.82
C1, C3 37.29 -3.70 21.76 -46.77 102.88 64.96 -87.62 30.17
C1, C4 -53.44 26.87 -14.59 -19.61 2.09 0.46 -36.38 29.8
C2, C3 -5.22 11.99 0.88 -51.92 29.47 -6.78 -52.18 -2.60
C2, C4 -82.97 42.18 -24.77 -20.03 -68.71 -63.06 -3.05 -2.98
C3, C4 -80.65 32.53 -30.69 31.83 -100.02 -46.95 43.71 -0.38

For this approach, one of the gait dataset of each type was taken as a reference, and the other gait
dataset of the other typo was used as a test. For example, in the first case, normal gait is the reference
and crouch 1 is the test (N-C1), and the z value is −3.57 . The p values depending on the z values, to q1,
q4R, q4L and q5L lead to rejection H0, that is, the data sets of the five datasets of joint functions have
a statistically different distribution from each other. However, with respect to q2, q3R, q3L and q5R in
one case for each, C1-C3, C2-C3 and C1-C4, respectively, we accept H0. This implies that for those
cases the data sets are not statistically different. In Figure 6 we can visualize and compare using the
distributions boxplots of the data from the five angles for each joint function.
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Figure 6. Statistical distribution of the dataset of five gait classes for each joint function.

2.3. Data Access and Preprocessing

Gait data access and preprocessing are the next steps after data acquisition [33]. In this work, the
raw data contain a dataset with 250 joint angle functions, 50 per each gait class. Subsequently, the
preprocessing stage is useful for integrating, cleaning, transforming, and reducing data. Because we
do not have incomplete, noisy, multivariable data or with many elements for each function, we do not
perform any of these actions at this stage.

2.4. Feature Extraction and Selection

In order to identify the individuals corresponding to the five classes of gait in a general and
non-redundant way, it is required in the gait recognition system to extract useful features from the
raw data [30]. To this end, we calculate the arithmetic mean (AM), standard deviation (STD) [34], root
mean square value (RMS). In addition, as a novel feature, we propose the shape factor (SF), which is
based on the waveform of the join angle function and is calculated from (3).

SF =
RMS

1
M

M
∑

i=1
|qi|

, (3)

where the RMS value is calculated as

RMS =

√√√√ 1
M

M

∑
i=1

|qi|2. (4)

where M is the length of the joint angle function. From each gait example in the feature extraction
stage, we obtain a, array with 32 features, containing the four metrics for the eight joint angles. But,
this initial approach makes the system tend to overfitting. Table 5 summarizes the average values of
each feature for each joint angle function for each gait type. Therefore, we proposed a classification
based on 3 different areas of the body such as pelvic (q1 and q2), right lower limb (q3R, q4R and q5R)
and left lower limb (q3L , q4L and q5L). It makes possible a local classification and analysis. Hence, now,
each example only contains the four features of the corresponding angles.
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Table 5. Gait features average, arithmetic mean (AM), standard deviation(STD), root mean square
(RMS) and shape factor (SF).

Normal Crouch 1 Crouch 2 Crouch 3 Crouch 4

JA AM STD RMS SF AM STD RMS SF AM STD RMS SF AM STD RMS SF AM STD RMS SF

q1 -
0.65

2.28 2.35 1.09 6.22 3.14 6.97 1.11 -
16.49

7.53 18.12 1.09 -
12.70

7.25 14.60 1.15 35.34 5.08 35.70 1.01

q2 0.21 2.32 2.31 1.29 -
6.01

1.89 6.30 1.04 0.76 4.09 4.14 1.09 -
5.60

2.58 6.16 1.09 -
20.15

3.29 20.42 1.01

q3R 8.02 15.35 17.18 1.12 38.44 13.39 40.69 1.05 30.08 9.46 31.52 1.04 29.53 10.84 31.44 1.06 44.78 15.19 47.26 1.05
q4R -

19.98
18.32 26.99 1.35 -

64.36
2.86 64.43 1.00 -

62.51
6.22 62.82 1.00 -

37.68
5.05 38.01 1.00 -

53.25
9.85 54.15 1.01

q5R 1.08 6.47 6.50 1.25 23.66 6.81 24.62 1.04 -
16.86

5.05 17.59 1.04 -
33.24

1.95 33.30 1.00 22.69 4.11 23.05 1.01

q3L 8.02 15.35 17.18 1.12 46.47 10.35 47.60 1.02 12.81 13.10 18.28 1.19 15.51 11.89 19.51 1.15 45.26 8.26 46.01 1.01
q4L -

19.98
18.32 26.99 1.35 -

67.83
8.29 68.34 1.00 -

49.29
4.82 49.52 1.00 -

21.60
9.11 23.43 1.08 -

47.32
11.39 48.66 1.02

q5L 1.08 6.47 6.50 1.25 20.32 6.19 21.23 1.04 2.50 8.55 8.87 1.21 5.07 6.17 7.97 1.27 4.75 3.29 5.77 1.18

Then, for the feature selection stage, we determine the relevance of each of the features and,
based on a threshold = 0.4, we only select the most important features using neighborhood component
analysis for classification. Finally, we use the selected features for the training stage.

2.5. Training Classification Model

The gait dataset containing the five gait for each class was randomly partitioned into two sets,
where 80% for training and 20% as test data. For the supervised classification training stage, we use the
algorithms: K-nearest neighbors, Naive Bayes, discriminant analysis, decision trees, and an artificial
neural network. In order to evaluate the algorithm performance, we test each trained model, and the
metrics that we used were: accuracy (Acc), recall (R), specificity (SP), precision (P) and the F-measure
(FM) [35], using the following equations, respectively.

• Accuracy (Acc)

Acc =
TP + TN

TP + TN + FP + FN
× 100 (5)

• Recall or sensitivity (R)

R =
TP

TP + FN
× 100 (6)

• Specificity (SP)

SP =
TN

TN + FP
× 100 (7)

• Precision (P)

P =
TP

TP + F
× 100 (8)

• F-measure (F)

F =
2 × P × R

P + Ri
× 100, (9)

where TP: true positives, TN: true negatives, FP: false positives y FN false negatives.

3. Results and Discussion

In this work, we propose multiclass recognition of crouch gait based on three body sections such
as the pelvic (q1 and q2), the right lower limb (q3R, q4R and q5R) and the left lower limb (q3L , q4L
and q5L). The experimental results for each classification algorithm were calculated using a k-fold
cross-validation with k = 10. Table 6 and Table 7 present the results of accuracy (Acc), recall (R),
specificity (SP), precision (P), and F-measure (FM) using the first body section with K-nearest neighbors
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(kNN), Naive Bayes (NB), discriminant analysis (DA), decision trees (DT) and an initial neural network
(ANN), respectively.

Table 6. Classification performance of 5 gaits using pelvic section with KNN, NB and DA.

KNN NB DA

Metric N C1 C2 C3 C4 N C1 C2 C3 C4 N C1 C2 C3 C4

Acc 92.60 92.20 92.20 92.80 93.40 94.40 97.00 96.80 94.20 95.60 97.80 98.20 95.80 96.6 96.40
R 83.06 79.29 83.62 86.98 79.43 88.01 98.32 87.48 88.59 84.24 92.75 95.16 91.88 91.40 92.25
SP 95.18 95.41 94.66 94.41 97.23 96.36 96.634 98.59 95.70 98.70 99.01 98.98 97.03 98.26 97.27
P 79.90 81.95 82.56 78.54 88.87 88.52 90.22 91.65 85.45 95.30 95.69 96.41 88.69 92.30 90.41

FM 79.87 80.18 81.84 81.73 80.77 86.84 93.85 88.86 85.68 89.01 93.98 95.63 89.84 91.50 90.79

Table 7. Classification performance of 5 gaits using using pelvic section with DT and ANN.

DT ANN

Metric N C1 C2 C3 C4 N C1 C2 C3 C4

Acc 92.80 93.20 93.60 95.00 93.40 95.00 95.00 95.20 96.20 97.40
R 80.64 81.00 80.91 86.20 84.32 88.58 83.38 92.14 91.05 90.32
SP 95.82 96.12 96.26 97.55 94.78 96.78 97.71 95.99 97.52 98.72
P 81.24 81.36 84.16 89.57 77.25 86.38 90.35 85.10 91.01 93.80

FM 80.65 80.19 81.81 86.91 80.054 86.85 86.08 88.06 90.61 91.58

The metrics were calculated using a multiclass confusion matrix. The algorithm with the best
accuracy to correctly predict the outcome of the pelvic section for N, C1, C2, and C3 is DA, except
that for C4 it is ANN. Sensitivity or recall (R) is the probability of correctly identifying the gait in
people characterized by this type of gait. The best performance on the recall for the five gaits is DA.
Precision is the rate of relevant instances among retrieved instances, which implies the probability of
correctly classifying specific crouch individuals as general subjects with this condition. Specificity, on
the other hand, is the true negative rate. These are the negative cases that the algorithm has classified
as corresponding to other gaits. Precision refers to the distance from the measurement result to the
true value. The algorithm with the best precision is DA for the five gaits. The F measure is a measure
of predictive performance and the DA is the best algorithm in this way, while, KNN has the lowest
performance. Table 8 and Table 9 show the performance using a similar approach, but using the body
section of the right lower limb.

Table 8. Classification performance of 5 gaits using right lower limb body section with KNN, NB and
DA.

KNN NB DA

Metric N C1 C2 C3 C4 N C1 C2 C3 C4 N C1 C2 C3 C4

Acc 99.20 99.20 99.80 98.60 99.20 99.60 99.80 99.60 99.20 99.40 99.40 96.2 95.4 98.6 98.00
R 97.55 97.00 99.23 99.00 97.67 97.98 100.00 100.00 94.97 100.00 99.09 91.94 87.62 96.09 94.56
SP 99.75 99.75 100.00 98.55 99.75 100.00 99.76 99.50 100.00 99.26 99.50 97.47 97.36 99.24 98.72
P 99.09 98.75 100.00 94.42 99.09 100.00 99.00 98.04 100.00 96.92 98.09 90.56 90.00 96.87 94.95

FM 98.22 97.78 99.60 96.40 98.28 98.94 99.47 98.96 97.31 98.37 98.56 90.99 88.32 96.46 94.55
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Table 9. Classification performance of 5 gaits using right lower limb body section with DT and ANN.

DT ANN

Metric N C1 C2 C3 C4 N C1 C2 C3 C4

Acc 99.40 99.00 99.20 99.00 99.40 98.00 97.00 97.56 99.40 96.20
R 98.09 97.63 98.00 99.41 98.04 96.33 99.17 100.00 99.17 98.20
SP 99.74 99.50 99.50 98.92 99.77 98.52 96.63 97.09 99.52 97.14
P 99.23 98.18 98.00 96.98 98.57 94.57 91.35 93.57 98.00 92.43

FM 98.60 97.81 98.00 98.14 98.19 95.03 93.95 95.47 98.45 94.14

As we can see in Tables 8 and 9 related with the righ lower limb body section, the performance
for the five gait types with the five metrics increases. This is because now it is considered an articular
function for more and before the feature selection stage derived from the feature relevance there are 4
more predictors, which improves the classification performance. For normal, crouch1, crouch 3 and
crouch 4 gaits, the best performance is achieved by NB, while for crouch 2 is by KNN. In the same
sense, to evaluate the classification performance by regions, Table 10 and Table 11 summarize the
results for the 5 gaits and the five metrics using the left lower limb body region.

Table 10. Classification performance of 5 gaits using using left lower limb with KNN, NB and DA.

KNN NB DA

Metric N C1 C2 C3 C4 N C1 C2 C3 C4 N C1 C2 C3 C4

Acc 99.40 98.60 99.60 98.60 99.80 98.60 99.20 98.60 99.60 98.80 99.80 99.60 100.00 99.40 100.00
R 100.00 98.57 97.98 95.00 99.00 94.31 100.00 95.84 98.33 97.08 98.57 98.26 100.00 100.00 100.00
SP 99.26 98.61 100.00 99.50 100.00 99.51 99.01 99.23 99.76 99.20 100.00 100.00 100.00 99.26 100.00
P 96.92 97.06 100.00 97.14 100.00 97.14 96.36 97.27 98.89 97.60 100.00 100.00 100.00 96.90 100.00

FM 98.37 97.74 98.94 95.88 99.47 95.58 98.04 96.50 98.50 97.18 99.23 99.09 100.00 98.36 100.00

Table 11. Classification performance of 5 gaits using using left lower limb with DT and ANN.

DT ANN

Metric N C1 C2 C3 C4 N C1 C2 C3 C4

Acc 98.80 99.20 99.40 99.60 99.40 98.40 97.80 98.40 98.60 98.20
R 96.33 97.26 99.00 98.57 99.41 94.43 96.14 93.52 95.66 97.23
SP 99.23 99.74 99.50 99.72 99.52 99.22 98.05 99.47 99.26 98.54
P 97.28 99.17 98.04 99.33 98.00 97.40 91.31 98.40 96.92 94.14

FM 96.68 98.13 98.44 98.89 98.59 95.64 93.59 95.63 96.08 95.31

As we can visualize the results in Table 10 and Table 11, in general the performance of the 5
algorithms for the 5 metrics increases using the body region of the left lower limb, and discriminant
analysis is the best algorithm. Finally, we analyze the global performance of the algorithms for each
metric, Table 12 summarizes the average performance of the algorithms to classify the 5 gaits by body
region.

Table 12. lassification performance average of the 5 gaits for all algorithms and 3 regions (pelvic, right
and left lower limbs.

Pelvic (Q1 and Q2) Right lower limb (Q3R , Q4R and Q5R) Left lower limb (Q3L , Q4L and Q5L)

MetricKNN NB DA DT ANN KNN NB DA DT ANN KNN NB DA DT ANN

Acc 92.64 95.60 96.96 93.60 95.76 99.20 99.52 97.52 99.20 97.63 99.20 98.96 99.76 99.28 98.28
R 82.47 89.33 92.69 82.61 89.10 98.09 98.59 93.86 98.23 98.53 98.11 97.11 99.36 98.11 95.40
SP 95.38 97.19 98.11 96.10 97.34 99.56 99.70 98.46 99.48 97.78 99.47 99.34 99.85 99.54 98.91
P 82.36 90.23 92.70 82.72 89.33 98.27 98.79 94.09 98.19 93.99 98.22 97.45 99.38 98.36 95.64
FM 80.88 88.85 92.34 81.92 88.64 98.06 98.61 93.77 98.15 95.41 98.08 97.16 99.34 98.14 95.25
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Considering average performance, for accuracy the algorithm best evaluated in the pelvic and
left regions is DA with 96.96 and 99.52%, respectively, while in the right region it is NB 99. 52%. The
algorithm with the worst performance is KNN for the 3 cases. Regarding recall and specificity, the best
performance was achieved in a similar way to the accuracy for the pelvic and left region, only for the
left region, the algorithm with the best performance is NB with 98.59% and 99.70%, respectively. A
similar performance occurs with the precision and f-measure, DA being the algorithm with the best
performance for the first and third regions, and NB with 98. 79% and 98. 61%, respectively, for the
region of the right lower limb.

4. Conclusions

This paper presents a framework for multiclass crouch gait recognition in anatomical space using
synthetic data. Anatomical space metrics are useful for establishing normal gait ranges as a pattern
to assess gait objectively. The main contribution of this work is the novel algorithm used to generate
synthetic joint functions, which could be used to synthesize other physiological signals from body
systems. On the other hand, the features that we used in the feature extraction stage are the arithmetic
mean, standard deviation, root mean square, and, in a novel way, the shape factor are sufficient to
classify the crouch gait with high performance. In addition, to the 8 DoF model used as the basis for
this work, which reduces the level of instrumentation required; the feature relevance and selection
method used in this work allows one to reduce computational complexity, optimizing the classification
results. The body region approach used for classification allows us to avoid overfitting and also
develops a global and local analysis. In general, regarding the accuracy using the pelvic and lower
limb regions the best algorithm was DA, while in right lower limb was ANN, which implies none
algorithm has the best performance for each problem and the metric used as a reference depends of
the objective of the study.

Finally, this proposed classification framework can be used to define homogeneous groups of
subjects with crouch gait, which can help diagnose and make decisions about treatments related
to crouch gait diseases. In addition, the signal generation approach can be used as a reference in
the control of robotic systems for rehabilitation purposes. Although the framework has obtained
interesting results, some areas of opportunity may remain for future research. In this sense, this
framework could be used for recognizing another kind of abnormal gaits, as well as the use of other
spatio-temporal and in the frequency domain metrics. Ultimately, we intend to develop a crouch gait
recognition system in the work space.
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Abbreviations

The following abbreviations are used in this manuscript:

DoF Degrees of fredom
kNN K-nearest neighbors
NB Naive Bayes
DA discriminant analysis
DT decision trees
ANN artificial neural networks
Acc accuracy
R recall
SP specificity
P precision
FM F-measure
CG crouch gait
CP Cerebral palsy
AW-ELM adaptive wavelet extreme learning machine
GJF gait joint function
DAE desired approximation error
AE approximation error
RNA random noise amplitude
SNR signal noise relationship
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