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Abstract. The omni-directional walking training robot for patients with lower limb

dysfunction has lately received great attention. However, the user still has the risk of fall

in walking training. Therefore, the recognizing of abnormal gait in active walking training

is essential to avoid danger of falling. For this purpose, we proposed a novel approach

based on the change of knee angle by non-contact detection method. Firstly, the sliding

discriminant algorithm was designed to improve the recognition accuracy of the depth data

collected by Kinect. Then, according to the key points, the time series model of the knee

angle combined with Kalman recursive prediction is purposed to predict the fall behaviour.

Finally, verification algorithm of local stationary characteristic based on dynamic time

warping is established to recognize the progressive instability. The experimental results

revealed that the proposed method can effectively predict the progressive instability and

fall gait, which can improve safety and intelligence of omni-directional walking training

robot.
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1. Introduction. Active walking rehabilitation training is a significant approach for re-
habilitation training of lower limb. For the stroke and the incomplete spinal cord disorder,
active walking rehabilitation training can effectively improve the lower core muscle group,
which can also be helpful to modify the gait and walking balance through mobilizing the
initiative cognitive and motivating autonomous walking. This method can achieve better
rehabilitation effect [1-3]. Due to the fact that the user has not thoroughly recovered
yet, the risk of fall and other abnormal gait in active walking training is still large [3].
Therefore, it is very necessary to predict the abnormal gait in advance in the process of
walking.

In recent years, visual perception algorithm of human motion is widely used in many
studies. Yin et al. proposed a C-mean clustering algorithm to identify the joint points
coordinate of human body based on Kinect that the key points of the upper limb movement
and the trunk action are extracted [4,5]. The key points are modeled by time series
histogram, which complete the human action recognition task. However, the involved
data is limited and some complex situations are not considered too much. Zhu et al. split
human body data automatically into separate fragments catching by Kinect and then
estimated the high precision angle trajectory based on the principle of correlation vector
machine. This method improved the time and space similarity of motion perception
and trajectory smoothness [6]. The balance constraints, structural constraints, action
prediction of complex action are not considered. Du et al. used two Kinect to align the
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two groups of upper limbs motion [7]. Using bursa linear model under the coordinate
changes can effectively eliminate the block, the sensor data error and loss of purpose
which improves the stability and reliability of data in the system. This algorithm can
accurately detect human movement, but the user synchronization problem of two Kinect
is not studied in this paper. The above studies show that it is an effective method to
obtain the movement information based on visual inspection based on multiple pattern
recognition algorithms. However, the accurate prediction of abnormal behavior in real-
time method need further research.

In this work, we proposed an algorithm aiming to accurately predict abnormal gait
during passing several gait which enable the robot to take protective measures before fall.
We used Kinect to collect depth data of key points. The time series model combined with
Kalman recursive prediction was proposed based on the data of knee angle in the gait
process to reflect the timing information. Moreover, verification algorithm of local sta-
tionary feature is proposed based on dynamic time regularization to monitor progressive
gait instability. Finally, the proposed algorithm was conducted in experiments aiming at
healthy people and walking disorder. It conclusively exhibited good prediction capability
in real-time method when the progressive instability, fall gait occur. The algorithm can
be used in the robot, which is beneficial for promoting the safety and intelligence of robot.

2. Features Extraction of Human Key Points. Kinect somatosensory camera is
used to get the depth information of legs. In order to minimize the noise of the sur-
rounding environment and enhance the stability of feature extraction, subjects wear black
trousers that is set up with eight markers as shown in Figure 1. The coordinates of dis-
tribution markers are A(x1, y1, z1), B(x2, y2, z2), C(x3, y3, z3), D(x4, y4, z4), E(x5, y5, z5),
F(x6, y6, z6), G(x7, y7, z7), H(x8, y8, z8).

Kinect is used to real-time measure dynamic distance data from the eight points to
Kinect detection plane, as is shown in Figure 2. The Kinect is installed in the inside
direction of the omni-directional support robot shown in Figure 3. In order to accurately
identify the dynamic changes of the eight marker points, it is necessary to accurately track

Figure 1. Eight mark points

Figure 2. Schematics of gait
information detection

Figure 3. Omni directional
walking training robot
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the coordinates of the mark points. Firstly, detection submodule of the depth image is
designed and the contours of the lower limbs of the human body are extracted by analyzing
mean and variance of the sub-module by sliding discriminant algorithm. It is recorded
of the depth data from each marker point to the detection plane. We define the knee
angle of lower limb as the included angle between the centerline femur and the extension
line of tibia. α and β represent the knee angle of left lower limb and right lower limb
respectively. The knee angle is calculated by Formula (1):

α = arctan[(z1 − z2)/(y1 − y2)] − arctan[(z3 − z4)/(y3 − y4)]
β = arctan[(z5 − z6)/(y5 − y6)] − arctan[(z7 − z8)/(y7 − y8)]

(1)

Patient’s gait timing information could be accurately reflected by angle. When the
patient shows progressive instability, fall and other abnormal gait, he/she will change
the knee flexion to adjust their gait and stabilize their center of gravity. However, for
patients who do not have the ability to adjust the center of gravity, such as stroke,
postoperative repair, incomplete spinal cord injury patients, it is dangerous to adjust
the gait by themselves. Therefore, it is necessary to detect and analyze patients’ knee
angle and take some necessary measures. At the same time, it is possible to provide a
theoretical basis for the rehabilitation process of the lower limbs of the patients in different
rehabilitation stages.

3. Model and Analysis of Gait Time Series. During the period of rehabilitation
training, the temporality and relevance of gait sequences provide adequate information
for rehabilitation training. Mainly based on unique volatility trends of knee angle, walking
time series model of rehabilitation training uses recursive mechanism to describe the future
changes. It is applicable to establish an AMRA (Autoregressive Moving Average) model
for gait series based on the above characteristics [8]. The time series model is expressed
as Formula (2):

Y (k) + a1Y (k − 1) + · · · + anY (k − n) = c0e(k) + c1e(k − 1) + · · · + cne(k − n) (2)

Y (k), Y (k−1), . . . , Y (k−n) represent observation value at sampling time k, k−1, . . . , k−n.
a1, a2, . . . , an represent the autoregressive coefficients of the time series model. c0, c1, . . . , cn

represent the moving average coefficients after simplify model. The time series model is
converted to a state space expression:
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In Formula (3), e(k) represents the white noise with a mean of σ2 and a variance of 0.
Observation array: H = [1 0 0 · · · 0]. State transition matrix F , Noise input matrix G:
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Time series model is converted into a state space expression according to Kalman filter
recursive Formulas (4)-(8), which can implement the recursive prediction and estimation.

X(k + 1 |k + 1) = FX(k + 1 |k ) + K(k + 1)[Y (k + 1) − HFX(k + 1 |k )] (4)
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X(k + 1 |k ) = FX(k |k ) (5)

K(k + 1) = P (k + 1 |k )HT
[

HP (k + 1 |k )HT + R
]

−1
(6)

P (k + 1 |k ) = FP (k |k )F T + GQGT (7)

P (k + 1 |k + 1) = [In − K(k + 1)H ]P (k + 1 |k ) (8)

In the formulas, X(k + 1|k) represents state prediction of time k + 1 at time k; X(k +
1|k + 1) represents the state estimation at time k + 1; K(k + 1) represents the Kalman
gain matrix at time k + 1; P (k + 1|k) represents covariance matrix of the prediction
error from time k to time k + 1; P (k + 1|k + 1) represents the filtering error covariance
matrix of time k+1; Qrepresents the error covariance matrix of state noise w(k); R is the
error covariance matrix of measurement noise; I is a unit matrix. According to recursive
formula of Kalman filter (4)-(8), we can predict the state vector X(k+1|k) and can revise
the predictive vector X(k + 1|k) so as to obtain the best estimate value X(k + 1|k + 1)
after new observations are obtained. Then, based on the best estimate value, we continue
to predict the next state vector.

4. Recognition of Abnormal Gait. Fall is a serious accident and it is necessary to
make timely predictions in rehabilitation training. Assuming that the current time is k,
the estimated values and predicted value of k − 3 time to k are known by Kalman filter.
The mean deviation between time k − 3 and time k is E(k).

E(k) =
1

4

k
∑

j=k−3

(

S(j) − S(j)
)

(9)

S(j) is defined as the estimate value at time j and S(j) is the predicted value at time
j. The average deviation threshold of system is set as ε. When E(k) ≥ ε, which means
the average deviation of gait at next time larger than the maximum allowable range of
normal gait, this behavior is regarded as fall behavior. On the other hand, E(k) ≤ ε, is
considered as the normal gait. The threshold avoidance strategy is used to set the security
interval for the predicted gait information. When the interval is exceeded, the emergency
measures will be implemented.

The progressive instability caused by the imbalance of center gravity may lead to serious
consequences such as accidental sprain and falls patients with lower limb dysfunction.
Therefore, it is necessary to predict the progressive instability gait in advance, and propose
a test algorithm based on local stationary feature. The unit gait sliding window is used to
cut the rehabilitation gait cycle. The dynamic time warping algorithm is used to measure
the similarity between time series Gi and stable gait cycle G1. d = [G1(j), Gi(k)] is the
distortion of adjacent gait sequences. D = [G1(j), Gi(k)] is calculated from the G1(1) and
Gi(1), after a number of node matching and accumulated till the amount of distortion:

d[G1(j), Gi(k)] =
n

∑

i=2

D[G1(j), Gi(k)] 1 ≤ j ≤ N, 1 ≤ k ≤ M (10)

where j represents the number of G1 series, and k represents the number of Gi series. It
can be found that d = [G1(k), Gi(j)] is equivalent to calculate the cumulative distortion
of a number of characteristic paths. The purpose of dynamic time warping algorithm is
to collect an optimal path whose d = [G1(j), Gi(k)] has the smallest value of all. Path
accumulation distance algorithm is as follows:

D[G1(j), Gi(k)] = d[G1(j), Gi(k)] + D[G1(j − 1), Gi(k − 1)] (11)

In Formula (11), D[G1(j − 1), Gi(k − 1)] = min(D[G1(j − 1), Gi(k)], D[G1(j − 1), Gi(k −
1)], [G1(j − 1), Gi(k − 2)]). Similarity calculation method is:

d[G1(j), Gi(k)] = [G1(j) − Gi(k)]2 (12)
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Matching the sequence G1 with the sequence Gi, it can be found that the smaller the
value d is, the higher the similarity is. According to the iterative process of the search path
iteration, we can get the distortion of the adjacent gait. A vector U = [d1, d2, d3, . . . , dn] is
established and δ is set for the instability factor. We defined di+1−di ≥ δ (1 ≤ i ≤ n−1)
as adjacent for instability of gait, which in two consecutive gait cycle gait instability is
increasing and more than the normal amount of distortion between the smooth gait, the
progressive instability, the set stable gait.

5. Experiment. The leg information of walking is collected by Kinect. According to
establishment method of the gait time series model, four subjects were introduced in
this study, i.e., 2 normal human, foot muscle injury and right knee fixation. The model
parameters of four subjects respectively are shown in Table 1. The model of subject a
is SARIMA(4, 0, 2) × (0, 1, 0)14, the model of subject b is SARIMA(2, 0, 2) × (0, 1, 0)15,
the model of subject c is SARIMA(4, 0, 3) × (0, 1, 0)25, and the model of sample d is
SARIMA(4, 0, 2) × (0, 1, 0)26. In Table 1, a1, a2, a3, a4, b1, b2, b3 represent the parameters
of the time series model. It can be indicated that low-order time series model has less
parameters, such as the sample d. Because the gait cycle between the legs has a good
symmetry, the time series model is more regular and behaves as a low-order parameter
model. The gait data of four samples were measured and compared with the time series
model.

Table 1. Parameter of SARIMA

Parameter Sample a Sample b Sample c Sample d
a1 −1.87 −1.22 −3.19 −1.62
a2 2.03 0.58 4.14 0.87
a3 −1.39 ⊠ −2.62 ⊠

a4 0.59 ⊠ 0.69 ⊠

b1 0.16 1.15 −0.77 0.41
b2 1.72 0.57 −0.07 ⊠

b3 ⊠ ⊠ −0.16 ⊠

Figure 4 shows, the time series model can be used to express the gait information
in walking training, which provides a theoretical basis for the follow-up analysis and
application. In the rehabilitation training, the gait is often accompanied by progressive
instability gait, fall and so on. In order to improve the accuracy of gait prediction and
reduce the burst error caused by sudden abnormal gait, Kalman recursive prediction
model based on time series model is proposed, the fitting condition is shown in Figure 5.
Figure 5 shows the experiment of subject with fall in training process.

As is shown in Figure 5, based on the Kalman filter, there is greatly improvement in
the fitting degree of the estimated model (Figure 5(b)) compared to the prediction model

(a) Subject a (b) Subject b (c) Subject c (d) Subject d

Figure 4. Curves fitting between subject model and gait series
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(a) Series prediction (b) Series estimation

Figure 5. Series prediction and estimation of abnormal gait sample

Figure 6. The average deviation

(Figure 5(a)). It is shown that the organic combination of low order time series model and
Kalman filter not only avoids the problem of establishing high-order time series model,
but also can solve difficulty of reasoning space state expression, which is effective for
patients with abnormal gait analysis and prediction. It is shown in Figure 6 that during
the time for 1s to 11s due to the initial state vector and the initial covariance matrix is
given, the average deviation of the initial time has some fluctuations, which belongs to
the normal gait phase. After 12 seconds, the average deviation E(k) increases sharply
over the threshold 5 that earlier set. Subjects may fall down and so on. Based on the
above analysis, under the condition of normal gait this paper set deviation range is 5.
Dynamic adjustment stage of the beginning period will not be considered. When the
deviation on the average value of the step state sequence fluctuation in the maximum
allowable range of normal gait deviation, it is defined as the normal gait. When the gait
sequence deviation exceeds the maximum allowable range of normal gait deviation, it is
regarded as abnormal gait and then trigger alarm signal to inform the medical staff to
take remedial measures.

As shown in Figure 7, the person has progressive instability gait. The knee angle
is monotonically increasing and gait frequency changes with the walking process. The
process of walking gait cycle is cut into single cycle of gait G1, G2, G3, G4. Based on the
DTW algorithm, Similarity is calculated between the adjacent gait cycle and normal gait
cycle, d1, d2, d3 and establish a similarity vector as the gait cycle

U = [d1, d2, d3] = [11.32, 65.90, 126.89]

It can be found that d2, d3 are much larger than d1 and d3 ≥ d2 ≥ ε in the vector.
It is indicated that G2 and G3 have changed a lot compared to the original stationary
time series cycle G1 and the distortion increases with the gait. d2, d3 exceed the smooth
factor ε which is set previously. Distortion of consecutive adjacent gait increases sharply.
Therefore, it is progressive instability of gait from gait G3.
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Figure 7. Progressive instability gait

6. Conclusions. In this paper, we proposed an unconventional approach of gait analysis
by exploring change of knee angle by non-contact detection. This method established
the ARMA gait time series model combined with Kalman filtering recursive prediction
based on the gait information, which can predict in advance the sudden abnormal gait
and fall effectively so as to improve the safety and intelligence during the walking training.
A detection algorithm of local stationary characteristic vector is proposed to predict
progressive gait instability, which can enable the robot to take safety measures. The
experimental results show that this approach can effectively reflect the information of
time series in the walking process and predict the abnormal gait accurately. It is the
prerequisite for daily living and walking training of the aged and the functional disorder
of lower extremity. It is the focus of the next step to carry out the fixed-point test for the
rehabilitation of the patients and to improve the interactive ability between the patient
and walking support machine.
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