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A B S T R A C T

Background: Gait event detection (GED) is an important aspect in identifying and interpret a user’s gait to assess
gait abnormalities and design intelligent assistive devices.
Research question: There is a need to develop robust GED models that can accurately detect various gait instances
in different scenarios and environments.
Methods: This paper presents a novel method of detecting heel strikes (HS) and toe offs (TO) during the user’s
gait cycle using a modified Long Short-Term Memory (LSTM) networks approach. The method was tested on a
database from Movement Analysis in Real-world Environments using Accelerometers (MAREA) (n= 20 healthy
subjects) that consisted of walking and running in indoor and outdoor environments with accelerometers po-
sitioned on waist, wrist and both ankles. Modifications include oversampling, composite accelerations and op-
timizing the LSTM network architecture were made.
Results: Performance of our modified model was found to be better than six state-of-the-art GED algorithms, with
a median F1 score of 0.98 for Heel Strikes and 0.98 for Toe Offs in the scenario of steady walking in an indoor
environment, and a median F1 score of 0.94 for Heel Strikes and 0.68 for Toe-offs in the scenario of walking and
running in an outdoor environment.
Significance: This paper highlights the potential of the single proposed model to be an alternative to the six GED
models in gait detection under various conditions.

1. Introduction

Gait analysis is a well-known practice to support and standardize
the researcher’s, clinician’s and therapist’s decisions in assessing gait
abnormalities and identifying changes due to orthopedic or phy-
siotherapeutic interventions [1]. Some aspects of gait analysis are in
identifying the freezing of gait (FoG) [2–4] and building control stra-
tegies for improving gait movements [5,6]. In the context of clinical
gait analysis, it is important to be able to accurately detect events in
order to make correct interpretations about a user’s gait, which can
then be applied to a wide variety of assistive devices [7,8]. One ex-
ample is functional electrical simulation where action potentials are
generated in subcutaneous efferent nerves during the swing phase of
the paretic foot by applying tiny electrical pulses via skin electrodes or
implanted electrodes [9].

To this end, the development of gait event detection (GED) algo-
rithms using various sensing modalities has been an active area of re-
search for many years [10]. In particular, algorithms have been

developed using accelerometer data as they are miniature, inexpensive
and low-powered devices [10,11] as compared to foot switches and foot
pressure sensors, which have been shown to be more accurate but are
disadvantaged by a shorter lifespan due to shock forces generated by
gait.

A key limitation of accelerometer data is that they suffer heavily
from noise due to mechanical vibrations. Furthermore, human gait is
dynamic in different environments, often involving varying gait speeds,
changing walking surfaces and varying surface inclinations [12]. These
additional factors make gait event detection from accelerometer read-
ings an evolving challenge.

2. Literature review

According to Vu et al. [5], a large set of techniques is available for
improving the performance of event and phase detection. More
common among these techniques are: kernel-based discriminant re-
gression [13], threshold-based methods [6,14–16], time-frequency
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analysis [17,18], peak heuristic algorithms [17,19,20], combinations of
these [21] and deep neural networks [22].

Khandewal et al. previously evaluated the performance of six state-
of-the-art accelerometer based GED algorithms in detecting Heel-strikes
(HS) and Toe-offs (TO) in different scenarios using the Movement
Analysis in Real-world Environments using Accelerometers (MAREA)
database from Halmstad University [12]. The six algorithms used
methods such as defining reference signals [23], applying thresholds
within sliding windows [24], dividing strides into faster and slower
strides and applying separate calculations to each group to detect the
events [25], wavelet transforms and Gaussian mixture models [26],
piecewise linear segmentation [27], and a combination of techniques
incorporating domain knowledge, wavelet transform and Gaussian
distribution fitting [18]. It was found that the performance of the al-
gorithms was inconsistent and varied with changing environments and
gait speeds and that all GED algorithms displayed better performance
for detecting heel strikes as compared to toe offs. Such models also
required complex preprocessing to filter out the noise and segment the
user’s gait before any analyses could be performed.

Several approaches based on machine learning in recent years
[28–30] were able to differentiate gait patterns and provide new in-
sights into the nature of human gait control without substantial pre-
processing of the data. It has also been said that deep learning algo-
rithms are best suited for gait-phase detection using inertial
measurement unit signals as they perform well on signals that have a
medium signal-to-noise ratio. In a recent study by Vu et al., an ex-
ponentially delayed fully connected neural network was shown to
predict the full gait cycle within a 1% interval [5].

With advances in deep learning and the increasing use of recurrent
neural networks such as long-short-term memory (LSTM) models for
event detection in various fields [31,32], our study investigates if such
methods can be applied as an alternative to the six algorithms to detect
HS and TO events under different conditions.

Furthermore, as compared to the other algorithms which are rule or
statistics-based and require time series feature extraction, the use of
LSTM architecture with memorizing and forgetting gates simplifies the
data preprocessing step [33]. Another advantage of LSTM network is
their ability to retain information from past outputs to predict the
current output. This is often useful for time series data as the current
output mainly depends on what has happened in the past [34–37].

3. Materials and methods

3.1. Overview of proposed modified LSTM approach

The proposed flow process and the modified LSTM approach are
presented in Fig. 1(a) and (b) respectively.

3.2. Database

The MAREA database from Halmstad University consists of labeled
gait events such as toe-offs and heel strikes at both right and left ankles
[12]. The database comprised of accelerometer data of 20 subjects
walking or running under indoor and outdoor conditions. 10 scenarios
were chosen for evaluation, and for each subject and scenario, median
filtering and scaling was applied to the accelerometer data. The pro-
cessed data was then used as input to train the model for detecting HS
and TOs.

Ten different scenarios were employed to test the performance of
Khandelwal’s and our GED algorithms in different environmental set-
tings, namely indoor walk, indoor run, indoor walk and run, treadmill
walk, treadmill run, treadmill walk and run, treadmill slope, outdoor
walk, outdoor run and outdoor walk and run. The motivation behind
this is to observe the changes in performance across different scenarios
with the use of the proposed modified LSTM model.

Data for each subject and scenario was split into training and testing

datasets with the first 70% of the total timesteps as training and the last
30% of timesteps as test data.

3.3. Data preprocessing

A recent study showed that GED methods are generally more ac-
curate when using ankle data than when using waist data [38]. Hence,
to reduce the number of accelerometers needed, only the data from
accelerometers that were attached to the left and right feet of the
subjects were used in this study.

Due to the relatively few positive samples for heel strikes and toe-
offs, an oversampling approach was adopted, where the time steps just
before and after the actual heel strikes and toe-offs were also labeled as
positive examples.

3.4. Composite acceleration and median filtering

To enhance the performance of the model, a few modifications were
made in the data processing steps. Firstly, four composite accelerations
were formed from the root sum of squares of the individual accelera-
tions, namely:

= +a a ac x y1
2 2 (1)

= +a a ac y z2
2 2 (2)

= +a a ac y z3
2 2 (3)

= + +a a a ac x y z4
2 2 2 (4)

where ax, ay, ax , are the acceleration the along the X, Y and Z axes
respectively; and ac1, ac2, ac3 and ac4 are the four composite accelera-
tions. This gave rise to four additional features for each foot or an ad-
ditional 8 features for the LSTM model.

Median filtering with a rolling window of 3 timesteps was used to
remove noise from the data. Data were scaled to a range of 0 to 5 using
Min-Max scaling before being used as inputs to the LSTM model.

3.5. Modified-LSTM network architecture

The first layer is a feedforward layer which consists of accel-
erometer data on the left and right ankles, in three directions x, y and z.
The second layer, or LSTM layer, consists of LSTM node units. Inputs
from the LSTM layer are fed into a feedforward dense layer with relu
activation function, which is connected to another extra LSTM layer
and feedforward layer with relu activation function. The output then is
then fed to a dropout layer with dropout rate of 0.5, another dense
layer, and lastly to one output node with sigmoid activation that gives
the probability of the event (left foot HS, left foot TO, right foot HS and
right foot TO), occurring for each timestep. If the output value was
above 0.5, it was taken that a heel strike or toe off had occurred inside
the predicted values. The extra LSTM layer allows for the introduction
of more hyperparameters.

Our model was trained on i7 8th generation Processor and RTX 2080
GPU using jupyter notebook with Python 3.

3.6. Hyperparameters

The hyperparameters need to be predefined before model building,
which greatly affects the performance of the trained model in terms of
both accuracy and complexity

In using an LSTM network architecture to determine which foot
should receive output stimulation, Tang et al. [33] found that the op-
timal condition was a look back window of 3 timesteps, 2 features (total
acceleration of left and right foot), and 44 LSTM nodes. Their model
used similar parameters, with 6 features (acceleration of the left and
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right feet along the X, Y and Z axes), 3 timesteps and 44 LSTM nodes.
Each dataset was split into 70% training and 30% testing. The

training set was further divided into 67% training and 33% validation
data. The training was done with a batch size of 20, the number of
epochs as 50, with early stopping applied when the validation loss
started to increase beyond 5 training epochs. The model was built in
Python version 3 using the Keras and Tensorflow packages.

3.7. Statistical analysis

A temporal tolerance of ± 5 samples was used to match the gait
events with those detected by the algorithms.

The results were evaluated based on the F1 score, defined as

=
×

+
F Precision Recall

Precision Recall
21 (5)

where

=
+

Precision True Positives
True Positives False Positives (6)

and

=
+

Recall True Positives
True Positives False Negatives (7)

To evaluate the accuracy, the mean absolute error (MAE) was
computed by finding the mean of the absolute difference (in time) be-
tween the true positives and the corresponding events. 3-fold cross-
validation under the following scenarios was further performed on the
modified LSTM model to better measure model performance:

1 training on first 70% and testing on last 30% of data
2 training on 1 st 35% and last 35%, testing on middle 30% of data

3 training on 1ast 70% and testing on first 30% of data

4. Results

Fig. 2 shows the F1 scores for detecting the HSs and TOs in five
different scenarios, defined earlier, as well as three additional scenarios
of indoor run, treadmill run and outdoor run for both the original
(Fig. 1a) and modified LSTM (Fig. 1b) models. Each colored boxplot
consists of the F1 scores from all subjects collected for a given scenario,
for either a heel strike or toe-off event. Overall, the new model per-
formed better with an increase in recall with only a slight compensation
in precision. Variability of F1 scores across subjects also decreased. The
new model also led to a concurrent mild reduction in the F1 score for
the treadmill walk scenario. Tables 1 and 2 show the Average Precision,
Recall and F1-score for each of the scenarios using the original and
modified LSTM models.

On the whole, the average HS detection precision, recall and F1
score for the original (modified) LSTM models was between 0.68-0.91
(0.69-0.94), 0.78-0.99 (0.95–1.00) and 0.77-0.93 (0.79-0.96) respec-
tively. The mean TO detection precision, recall and F1 score was be-
tween 0.04-0.88 (0.06-0.87), 0.15-0.96 (0.29-0.97) and 0.06-0.90
(0.10-0.90) respectively. The best performance was in the detection of
heel strikes under walking conditions. Fig. 3 shows the MAE in de-
tecting HSs and TOs under the various scenarios for both the original
(a) and modified (b) models. The MAE was less for heel strikes than for
toe-offs. Overall, the proposed modified model showed superior per-
formance compared to the six state-of-the art algorithms studied by
Khandelwal et al. (Table 3) [12].

Fig. 1. Novel proposed process flow (a) and the modified-LSTM network architecture (b).
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5. Discussion

5.1. Evaluation of results

In the study, the six algorithms demonstrated good performance for
the scenario of steady walking in a controlled indoor environment with
a combined median F1 score of 0.98 for heel strikes and 0.94 for toe-
offs. They exhibited significantly decreased performance when

evaluated in other lesser controlled scenarios such as walking and
running in an outdoor street, with a combined median F1 score of 0.82
for heel strikes and 0.53 for toe offs.

Similar to the GED methods featured in the study by Khandelwal
et al., the modified LSTM method showed better performance in de-
tecting heel strikes than toe offs. It is postulated that this may be due to
the peaks and sudden changes in acceleration that tend to happen
during heel strikes but not in toe-offs, hence it is easier for the LSTM
model to learn the patterns for detecting HSs.

F1 scores were not consistent across different environment and ac-
tivities, however, applying the modified LSTM model to purely walking
or purely running scenarios achieved much better performance than

Fig. 2. F1 Scores for Heel Strikes and Toe-off Detection under Indoor and
Outdoor scenarios for original (a) and modified LSTM models (b).

Table 1
Average Precision (P), Recall (R) and F1-score for each scenario using original
LSTM Model Approach.

Environment Scenario Heel Strikes

P R F1

Indoors Treadmill Walk 0.85 0.92 0.84
Treadmill Walk+Run 0.76 0.99 0.85
Treadmill Run 0.82 0.78 0.78
Treadmill All 0.86 0.82 0.82
Indoor Walk 0.91 0.94 0.93
Indoor Run 0.86 0.81 0.81
Indoor Walk+Run 0.71 0.91 0.78

Outdoors Outdoor Walk 0.88 0.91 0.89
Outdoor Run 0.90 0.88 0.88
Outdoor Walk+Run 0.68 0.92 0.77

Toe Offs
Indoors Treadmill Walk 0.67 0.86 0.74

Treadmill Walk+Run 0.21 0.44 0.28
Treadmill Run 0.48 0.57 0.51
Treadmill All 0.59 0.49 0.48
Indoor Walk 0.88 0.96 0.90
Indoor Run 0.61 0.61 0.60
Indoor Walk+Run 0.04 0.15 0.06

Outdoors Outdoor Walk 0.88 0.82 0.80
Outdoor Run 0.59 0.62 0.57
Outdoor Walk+Run 0.09 0.26 0.13

Table 2
Average Precision (P), Recall (R) and F1-score for each scenario using the
Modified LSTM Model Approach.

Environment Scenario Heel Strikes

P R F1

Indoors Treadmill Walk 0.90 (0.93) 1.00 (0.99) 0.94 (0.96)
Treadmill Walk+Run 0.77 (0.89) 1.00 (0.99) 0.86 (0.93)
Treadmill Run 0.90 (0.92) 0.96 (0.98) 0.92 (0.95)
Treadmill All 0.89 (0.90) 0.97 (0.99) 0.92 (0.94)
Indoor Walk 0.94 (0.95) 1.00 (1.00) 0.96 (0.97)
Indoor Run 0.92 (0.92) 1.00 (0.99) 0.96 (0.94)
Indoor Walk+Run 0.77 (0.85) 0.95 (0.98) 0.83 (0.90)

Outdoors Outdoor Walk 0.90 (0.90) 0.99 (0.98) 0.94 (0.94)
Outdoor Run 0.87 (0.89) 0.99 (0.99) 0.92 (0.93)
Outdoor Walk+Run 0.69 (0.78) 0.97 (0.96) 0.79 (0.85)

Toe Offs
Indoors Treadmill Walk 0.66 (0.80) 0.95 (0.94) 0.75 (0.84)

Treadmill Walk+Run 0.20 (0.57) 0.52 (0.77) 0.28 (0.63)
Treadmill Run 0.73 (0.79) 0.86 (0.94) 0.77 (0.85)
Treadmill All 0.64 (0.65) 0.71 (0.83) 0.65 (0.71)
Indoor Walk 0.87 (0.90) 0.96 (0.99) 0.90 (0.93)
Indoor Run 0.78 (0.83) 0.97 (0.98) 0.86 (0.89)
Indoor Walk+Run 0.06 (0.50) 0.29 (0.72) 0.10 (0.56)

Outdoors Outdoor Walk 0.77 (0.81) 0.96 (0.97) 0.84 (0.87)
Outdoor Run 0.78 (0.84) 0.92 (0.95) 0.81 (0.87)
Outdoor Walk+Run 0.09 (0.49) 0.40 (0.76) 0.13 (0.56)

Note: values in bracket refer to median precision, recall and F1 when evaluated
using 3-fold cross-validation.
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applying it to scenarios with a mixture of walking and running activ-
ities. This shows that the modified LSTM algorithm from one activity
cannot be extended to other contexts where speed and acceleration are
different.

5.2. Observations

In many cases, time steps that were closer to the real heel strike (or
toe off) were also predicted as heel strikes (or toe offs) by the modified
LSTM model. One way to make our algorithm more precise (that is, to
reduce the false positives) is to specify a model that recognizes pre-
dicted heel strikes as true heel strikes only when they are found near
other predicted heel strikes; as these are more likely to be true heel
strikes.

In addition, applying median filtering helped to remove the noise in
the data. In particular, the model missed many heel strike and toe offs
in its prediction before median filtering was applied. This issue then
improved with the application of median filtering.

Interestingly, rescaling the variables to a range of (0,5) produced
better predictions than rescaling them to a range of (0,1). It could be the
fact that subtle differences in acceleration could only be captured with a
larger range of values despite the black-box nature of the neural net-
work model. The reasons behind this are still unclear.

On the whole, the improvement in F1 scores under the new model
shows that the data preprocessing steps were crucial for the subsequent
performance of the models. However, the choice of data preprocessing
is important as well. Um et al. proposed a method of data augmentation
for convolution neural networks in the classification of the motor state
of Parkinson’s Disease patients [39] but when the same data augmen-
tation techniques were applied to our model, the acceleration signals
were distorted such that the final LSTM model was unable to detect the
events in the test set.

The use of only readings from the accelerometer positioned on the
left and right feet also produced good results, hence one of the ad-
vantages of the models is that a reduction in the total number of sensors
leads to an equally good outcome in predicting heel strikes and toe-offs.

In theory, a deep learning model should be able to derive patterns
directly from the three-dimensional accelerations, given the many
layers of a neural network, rendering the use of composite accelerations
superfluous. However, our rationale for using the composite accelera-
tions is that the current neural network architecture may not be so-
phisticated enough to pick up patterns related to composite accelera-
tions in a short span of training time, hence we feed the composite
accelerations in directly to the model.

Researchers have made use of computational methods of event de-
tection that rely on data from reflective marker systems where the
position of the heel or marker is tracked through multiple frames. In
particular, Zeni et al. [40] considered two algorithms to detect HS and
TOs during treadmill walking. These comprised the coordinate-based
algorithm that identified the HS and TOs from the maximal displace-
ment of the heel and toe from the sacrum marker, and the velocity-
based algorithm that looked at changes in the direction of velocity to do

Fig. 3. Mean Absolute Error for heel strikes and toe-off detection under indoor
and outdoor scenarios for original (a) and modified (b) LSTM models.

Table 3
Comparison with overall performance of six existing algorithms by Khandelal
et al (Median F1 Score).

Indoor, Steady
Walking

Outdoor, Walking and
Running

Heel
Strikes

Toe
Offs

Heel Strikes Toe Offs

Original LSTM Model 0.99 0.97 0.93 0.53
Modified LSTM Model 0.98 0.98 0.94 0.68
Overall Performance of Six

Existing Algorithms
0.98 0.94 0.82 0.53
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so. In recent work by Kidziński et al., researchers studied a GED algo-
rithm that employed LSTM-based artificial neural networks on marker
data to detect heel-strikes and toe-offs [41]. The LSTM model was
shown to have a substantial advantage over coordinate and velocity-
based algorithms. Similarly, our study suggests that deep learning
techniques could be more adept at picking out gait events that such
computational methods may have missed.

5.3. Limitation

A limitation to this study would be the small sample size of 20
subjects (11 for indoor activities and 9 for outdoor activities).

5.4. Future works

Future works would include further fine-tuning of the hyperpara-
meters, which may potentially improve model performance. A grid
search could be performed to find the optimal set of parameters given
the LSTM architecture. LSTM are also well suited for multi-label clas-
sification tasks [42–44], hence another possible area of study would be
to see if an LSTM to that predicts all HS and TO simultaneously will
have better performance than one that predicts only one event at a
time. Transfer learning techniques can also be considered in future
works to achieve better results on the current dataset.

5.5. Source codes for reproducing results

The source code is freely available at https://github.com/
nwaynwaylily/Time-series-classification-using-a-modified-LSTM-
approach-from-accelerometer-based-data.

6. Conclusion

Our proposed novel approach using a modified LSTM had better
performance compared to the existing GED methods, but also faced the
same limitations. These limitations include the inability to adapt to
large differences in gait speeds, and the poorer performance in de-
tecting TO events.

However, the median F1 score for predicting heel strikes was more
than 0.8, thus while the LSTM model cannot be used for applications
that require very accurate predictions on HS and TO from accel-
erometer data, it can be applied to cases where a larger margin of error
can be tolerated but faster processing is needed, for example in ped-
ometers.

When training and testing on smaller subsets of scenarios, the per-
formance was shown to improve, suggesting that more complex deep
learning algorithms that can learn the scenario and apply the appro-
priate algorithm accordingly may achieve even better performance.
This is an area that researchers may wish to explore in the future as
computing capabilities increase. Moreover, human gait involves sig-
nificant subject-based variability and the model trained on a particular
subject’s data may not generalize well to other patients. One way to
extend the usefulness of the current model is to apply a secondary deep
learning filter to a single patient’s gait to optimize the results for a
particular individual. Nonetheless, this research will serve as a stepping
stone toward the development of more advanced algorithms for gait
event detection. Potential applications of the proposed machine
learning approach would be for humanoids and other bi-pedal assistive
robotics, in order to achieve closer resemblance to human gait.
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Statistics-based technique for automated detection of gait events from accel-
erometer signals, Electron. Lett. 46 (22) (2010).

H.X. Tan, et al. Gait & Posture 74 (2019) 128–134

133

https://github.com/nwaynwaylily/Time-series-classification-using-a-modified-LSTM-approach-from-accelerometer-based-data
https://github.com/nwaynwaylily/Time-series-classification-using-a-modified-LSTM-approach-from-accelerometer-based-data
https://github.com/nwaynwaylily/Time-series-classification-using-a-modified-LSTM-approach-from-accelerometer-based-data
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0005
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0005
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0010
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0010
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0010
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0015
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0015
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0015
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0015
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0020
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0020
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0020
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0020
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0025
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0025
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0025
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0030
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0030
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0030
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0035
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0035
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0035
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0035
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0040
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0040
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0040
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0040
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0045
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0045
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0050
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0050
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0050
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0055
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0055
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0060
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0060
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0060
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0065
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0065
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0065
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0070
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0070
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0070
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0075
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0075
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0075
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0080
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0080
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0080
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0080
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0085
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0085
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0085
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0090
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0090
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0090
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0095
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0095
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0100
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0100
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0100
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0100
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0105
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0105
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0105
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0110
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0110
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0115
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0115
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0115
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0120
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0120
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0120


[25] R.W. Selles, M.A. Formanoy, J.B. Bussmann, P.J. Janssens, H.J. Stam, Automated
estimation of initial and terminal contact timing using accelerometers; development
and validation in transtibial amputees and controls, IEEE Trans. Neural Syst.
Rehabil. Eng. 13 (March (1)) (2005) 81–88.

[26] M.S. Aung, et al., Automated detection of instantaneous gait events using time
frequency analysis and manifold embedding, IEEE Trans. Neural Syst. Rehabil. Eng.
21 (November (6)) (2013) 908–916.

[27] A. Sant’anna, N. Wickstrom, A symbol-based approach to gait analysis from ac-
celeration signals: identification and detection of gait events and a new measure of
gait symmetry, IEEE Trans. Inf. Technol. Biomed. 14 (September (5)) (2010)
1180–1187.

[28] J. Figueiredo, C.P. Santos, J.C. Moreno, Automatic recognition of gait patterns in
human motor disorders using machine learning: a review, Med. Eng. Phys. 53
(March) (2018) 1–12.

[29] W.I. Schollhorn, Applications of artificial neural nets in clinical biomechanics, Clin.
Biomech. (Bristol, Avon) 19 (November (9)) (2004) 876–898.

[30] A. Phinyomark, G. Petri, E. Ibanez-Marcelo, S.T. Osis, R. Ferber, Analysis of big data
in gait biomechanics: current trends and future directions, J. Med. Biol. Eng. 38 (2)
(2018) 244–260.

[31] A. Graves, J. Schmidhuber, Framewise phoneme classification with bidirectional
LSTM and other neural network architectures, Neural Netw. 18 (5–6) (2015)
602–610.

[32] X. Feng, B. Qin, T. Liu, A language-independent neural network for event detection,
Sci. China Inf. Sci. 61 (9) (2018).

[33] S.Y. Tang, N.S. Hoang, C.K. Chui, J.H. Lim, C. M. C. H, Development of wearable
gait assistive device using recurrent neural network, 2019 IEEE/SICE International
Symposium on System Integration (SII) (2019) 626–631.

[34] F.A. Gers, J. Schmidhuber, F. Cummins, Learning to forget: continual prediction
with LSTM, 9th International Conference on Artificial Neural Networks (ICANN’
99), Edinburgh, Scotland, 1999, pp. 850–855.

[35] X. Du, R. Vasudevan, M. Johnson-Roberson, BioLSTM: a biomechanically inspired
recurrent neural network for 3D pedestrian pose and gait prediction, IEEE Robot.
Autom. Lett. 4 (2019) 1501–1508.

[36] A. Turner, S. Hayes, The classification of minor gait alterations using wearable
sensors and deep learning, IEEE Trans. Biomed. Eng. (February (21)) (2019).

[37] P. Malhotra, L. Vig, G. Shroff, P. Agarwal, Long short term memory networks for
anomaly detection in time series, European Symposium on Artificial Neural
Networks, Computational Intelligence and Machine Learning (ESANN 2015),
Bruges, Belgium, 2015.

[38] F.A. Storm, C.J. Buckley, C. Mazza, Gait event detection in laboratory and real life
settings: accuracy of ankle and waist sensor based methods, Gait Posture 50
(October) (2016) 42–46.

[39] T.T. Um, et al., Data augmentation of wearable sensor data for parkinson’s disease
monitoring using convolutional neural networks, Presented at the Proceedings of
the 19th ACM International Conference on Multimodal Interaction - ICMI 2017
(2017).

[40] J.A. Zeni Jr., J.G. Richards, J.S. Higginson, Two simple methods for determining
gait events during treadmill and overground walking using kinematic data, Gait
Posture 27 (May (4)) (2008) 710–714.

[41] M. Srinivasan, Ł. Kidziński, S. Delp, M. Schwartz, Automatic real-time gait event
detection in children using deep neural networks, PLoS One 14 (1) (2019).

[42] S. Yeung, O. Russakovsky, N. Jin, M. Andriluka, G. Mori, L. Fei-Fei, Every moment
counts: dense detailed labeling of actions in complex videos, Int. J. Comput. Vis.
126 (2–4) (2017) 375–389.

[43] Z.C. Lipton, D.C. Kale, C. Elkan, R. Wetzel, Learning to diagnose with LSTM re-
current neural networks, arXiv Preprint 1511.03677 (2017).

[44] K.R. Mun, G. Song, S. Chun, J. Kim, Gait estimation from anatomical foot para-
meters measured by a foot feature measurement system using a deep neural net-
work model, Sci. Rep. 8 (June (1)) (2018) 9879.

H.X. Tan, et al. Gait & Posture 74 (2019) 128–134

134

http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0125
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0125
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0125
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0125
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0130
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0130
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0130
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0135
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0135
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0135
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0135
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0140
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0140
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0140
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0145
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0145
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0150
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0150
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0150
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0155
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0155
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0155
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0160
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0160
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0165
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0165
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0165
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0170
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0170
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0170
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0175
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0175
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0175
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0180
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0180
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0185
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0185
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0185
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0185
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0190
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0190
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0190
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0195
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0195
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0195
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0195
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0200
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0200
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0200
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0205
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0205
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0210
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0210
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0210
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0215
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0215
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0220
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0220
http://refhub.elsevier.com/S0966-6362(19)30695-2/sbref0220

	Time series classification using a modified LSTM approach from accelerometer-based data: A comparative study for gait cycle detection
	Introduction
	Literature review
	Materials and methods
	Overview of proposed modified LSTM approach
	Database
	Data preprocessing
	Composite acceleration and median filtering
	Modified-LSTM network architecture
	Hyperparameters
	Statistical analysis

	Results
	Discussion
	Evaluation of results
	Observations
	Limitation
	Future works
	Source codes for reproducing results

	Conclusion
	mk:H1_19
	Acknowledgments
	References




