
Research Article
Sequential Human Activity Recognition Based on Deep
Convolutional Network and Extreme Learning Machine Using
Wearable Sensors

Jian Sun ,1,2 Yongling Fu,1 Shengguang Li ,2 Jie He ,3 Cheng Xu,3 and Lin Tan2

1School of Mechanical Engineering & Automation, Beihang University, Beijing 100191, China
2The F.R.I. of Ministry of Public Security, Beijing 100048, China
3School of Computer and Communication Engineering, University of Science and Technology Beijing, Beijing 100083, China

Correspondence should be addressed to Shengguang Li; shijsun@163.com

Received 1 January 2018; Revised 29 July 2018; Accepted 6 August 2018; Published 27 September 2018

Academic Editor: Jaime Lloret

Copyright © 2018 Jian Sun et al. This is an open access article distributed under the Creative Commons Attribution License, which
permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Human activity recognition (HAR) problems have traditionally been solved by using engineered features obtained by heuristic
methods. These methods ignore the time information of the streaming sensor data and cannot achieve sequential human
activity recognition. With the use of traditional statistical learning methods, results could easily plunge into the local minimum
other than the global optimal and also face the problem of low efficiency. Therefore, we propose a hybrid deep framework based
on convolution operations, LSTM recurrent units, and ELM classifier; the advantages are as follows: (1) does not require expert
knowledge in extracting features; (2) models temporal dynamics of features; and (3) is more suitable to classify the extracted
features and shortens the runtime. All of these unique advantages make it superior to other HAR algorithms. We evaluate our
framework on OPPORTUNITY dataset which has been used in OPPORTUNITY challenge. Results show that our proposed
method outperforms deep nonrecurrent networks by 6%, outperforming the previous reported best result by 8%. When
compared with neural network using BP algorithm, testing time reduced by 38%.

1. Introduction

Human activity recognition (HAR) is a new technology that
can recognize human activities or gestures through computer
system. Identified signals can be obtained from different
types of detectors, such as audio sensors, image sensors,
barometers, and accelerometers. With the rapid development
of human-computer interaction (HCI) and wireless body
area networks (WBANs), more and more technologies and
methods have been applied to the sensor-based human activ-
ity recognition. Meanwhile, the growing maturity of ubiqui-
tous computing [1] and machine learning algorithms has
made human activity recognition widely used in athletic
competition [2], medical care [3], smart home [4], and health
care for the old people [5].

There are two methods of human activity recognition:
human activity recognition based on visual images [6, 7]
and based on wearable sensors [8]. Human motion analysis
in computer vision involves object detection, tracking, and
human motion recognition [6]. Computer vision-based
human activity recognition method has many limitations.
For example, the difficulty of motion detection will be greatly
improved under unconstrained conditions, occlusion of the
object, and video data acquisition problems for a long time.
In addition, the camera needs to be deployed in advance,
which cannot be used in some special scenarios, such as emer-
gency rescue. Compared with computer vision, it is more
advantageous to obtain signals from wearable sensors than
video cameras, due to the following reasons: (1) wearable
sensors alleviate the limitations of environmental constraints
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and fixed scenes that cameras often suffer from [9, 10]; (2)
wearable sensors can better protect the privacy of users, as
they can acquire signals for a specific target; and (3) multi-
ple sensors can be deployed more accurately and efficiently
on the body for signal acquisition.

In this paper, we study activity recognition based on
wearable sensors. This work is motivated by requirements
of activity recognition: decreasing dependence on engi-
neered features to address increasingly complex recognition
problems, improving recognition accuracy, and improving
recognition efficiency. Human activity recognition is chal-
lenging due to the large variability of the given action. In
order to obtain high accuracy, a large number of data are
required. For example, the OPPORTUNITY Activity Rec-
ognition Challenge that was organized in 2011, which aims
at recognizing activities and gestures in a complex home
environment, showed that recognition accuracy of 17 ges-
tures could not exceed 88% [11]. Therefore, addressing
the recognition problem in complex scenes will require fur-
ther improving recognition performance to face a wider set
of activities.

Statistical learning methods have been widely used to
solve activity recognition problems [12]. Gupta and Dallas
used a Naïve Bayes (NB) and a K-nearest neighbor (KNN)
classifier to recognize seven motions, such as walking, run-
ning, and jumping [13]. However, they relied on handcrafted
features and could not find discriminative features to accu-
rately distinguish different activities. The feature extraction
methods such as symbolic representation [14], statistics of
raw data [15], and transform coding [16] are widely applied
in human activity recognition, but they are heuristic and
require expert knowledge to design features.

Some methods can automatically extract features without
requiring expert knowledge such as convolutional neural net-
work (CNN). Yang et al. [17] used deep convolutional neural
networks to automatically learn features from the original
inputs. Through the deep structure, the learning features
are considered as higher-level abstract representations of
low-level raw time series signals. However, this structure
ignored the temporal dependencies on the features and was
not suitable to recognize real-time sensor signals. Applying
the time dependence to the features obtained from the origi-
nal sensors is a key factor for the success of sequential human
activity recognition.

HAR also faces many challenges, such as large variability
of a given action, similarity between classes, time consump-
tion, and the high proportion of Null class. All of these
challenges have led researchers to develop representation
methods of systematic features and efficient recognition
methods to effectively solve these problems. Ordóñez and
Roggen [18] proposed deep convolutional network with uti-
lization of CNN and LSTM. This paper took advantage of
LSTM to solve sequential human activity recognition prob-
lem and achieved a good precision. But the complex network
framework suffered from low efficiency and can hardly meet
real-time requirements in practice applications.

For the above reasons, we creatively integrate extreme
learning machine (ELM) [19] into deep convolutional net-
work. Different from [18], we adopt ELM to improve the

real-time performance of our framework. In ELM, the param-
eters of the hidden-layer nodes were chosen randomly and
the output weights were solved by the least squares method.
It was training-efficient and could be having a very good clas-
sification performance.

The contributions of this paper are as follows:

(i) We propose a hybrid deep structure called CNN-
LSTM-ELM, which solves the problem of sequential
activity recognition

(ii) The framework is composed of convolutional layers,
LSTM recurrent layers, and ELM classifier, which
can automatically learn feature representations and
model the temporal dependencies between features,
and improved the real-time capability with ELM

(iii) We show that the proposed deep framework using
the ELM classifier is superior to the one using fully
connected layer in running time, namely, with high
efficiency

The rest of this paper are organized as follows. In Section
2, we provide a primer on the relevant background in deep
learning for human activity recognition. A detailed descrip-
tion is presented in Section 3, illustrating the structure of
our proposed CnvLSTM-ELM model. Experiments are dem-
onstrated in Section 4, and the results show the superiorities
of our proposed model. Then, conclusions come in Section 5.

2. Related Work

Continuous human action recognition is a challenging issue
in machine learning with some difficulties to determine the
parameters and sizing required because it highly depended
upon some issues like feature selection in continuously train-
ing data streaming and the typical of classifier methods and
we have less prior knowledge to determine the final size of
training data and the size of machine learning architectures.
In human action data features, we have to deal with a vari-
ance problem as explained in the survey paper [6, 7, 15]. In
the typical of classifier methods, it makes uneasy require-
ments and conditions for any machine learning methods
[16], such as neural networks [17], dynamic Bayesian net-
works [4], extreme learning machine [19], and deep learning
[12] that may not give good generalization accuracy and pro-
cessing speed for all human action recognition cases. Here
we, summarize that state of the art for e-health monitoring
and other proposals for human activity recognition.

2.1. Convolutional Neural Network. The input of neural
network is generally the original signal; however, applying
features extracted from the original signal to the neural net-
work tends to improve performance. Extracting more useful
features from the original signal requires sufficient expert
knowledge, which inevitably limits a systematic exploration
of the feature space [20]. Convolutional neural networks
have been proposed to address this problem. Generally,
CNN can be considered to comprise two parts. The first
part is the hierarchical feature extractor, which contains

2 Journal of Sensors



convolutional layers and pooling layers. The input of each
layer is the output of its previous layer. As a result, the orig-
inal signal is mapped into feature vectors. The second part is
a fully connected layer, and the feature vectors are classified
by the fully connected layer.

The most widely used deep learning approach in the
ubiquitous computing field in general and in human activ-
ity recognition using wearables in particular employs
CNNs. CNNs typically contain multiple hidden layers that
implement convolutional filters that extract abstract repre-
sentations of input data. Combined with pooling and/or sub-
sampling layers and fully connected special layers, CNNs are
able to learn hierarchical data representations and classifiers
that lead to extremely effective analysis systems. A multitude
of applications are based on CNNs, including but not limited
to [21–24].

Recently, sophisticated model optimization techniques
have been introduced that actually allow for the implementa-
tion of deep CNNs in resource-constrained scenarios, most
prominently for real-time sensor data analysis on smart-
phones and even smart watches [25].

2.2. Long Short-Term Memory (LSTM) Network. The de
facto standard workflow for activity recognition in ubiqui-
tous and wearable computing [26] treats individual frames
of sensor data as statistically independent, that is, isolated
portions of data are converted into feature vectors that are
then presented to a classifier without further temporal con-
text. However, ignoring the temporal context beyond frame
boundaries during modelling may limit the recognition per-
formance for more challenging tasks. Instead, approaches
that specifically incorporate temporal dependencies of sen-
sor data streams seem more appropriate for human activity
recognition. In response to this, recurrent deep learning
methods have now gained popularity in the field. Most
prominent models based on so-called LSTM units [27] have
been used very successfully. In [18], deep recurrent neural
networks have been used for activity recognition on the
OPPORTUNITY benchmark dataset. The LSTM model
was combined with a number of preceding CNN layers in
a deep network that learned rich, abstract sensor represen-
tations and very effectively could cope with the nontrivial
recognition task. Through large-scale experimentation in
[28], appropriate training procedures have been analyzed
for a number of deep learning approaches to HAR includ-
ing deep LSTM networks. In all of the previous work, single
LSTM models have been used and standard training proce-
dures have been employed for parameter estimation. The
majority of existing methods [18, 27, 28] is based on (vari-
ants of) sliding-window procedures for frame extraction.
The focus of this paper is on capturing diversity of the data
during training and to incorporate diverse models into
ensemble classifiers.

2.3. Extreme Learning Machine (ELM). The sequential con-
cept in neural networks was mainly introduced by Yingwei
et al. [29] for function approximation and time series predic-
tion using a minimal radial basis function neural net-
work (RBFNN), named minimal resource allocation neural

network (MRAN). MRAN with sequential learning algo-
rithms then become popular for feedforward networks with
RBF nodes. Not like MRAN, OS-ELM (online sequential
ELM) can handle both additive and RBF nodes in a unified
framework and can learn the training data not only one-by-
one but also chunk-by-chunk (with fixed or varying length).
OS-ELM originates from the batch learning extreme learning
machine (ELM) that was developed by Huang et al. [19].

OS-ELM problem cannot automatically determine the
optimal number of hidden nodes in a hidden layer. In most
of the cases, searching for the suitable number of hidden
nodes relies on the trial and error method. There are two dis-
advantages: (1) it wastes lots of time and (2) it cannot always
guarantee to get the optimal solution, because too small a
network cannot learn the problem well and too large a net-
work may lead to overfitting and poor generalization perfor-
mance. According to Jun and Er [30], OSELM as well as the
ELM requires much more hidden nodes compared with
MRAN that would increase the processing time in real-time
applications. The EOS-ELM algorithm adapts the node
location, adjustment, and pruning method of the minimal
resource allocation neural network (MRAN), so that the
number of hidden nodes used in the OS-ELM can be modi-
fied. As a further improvement by Lan et al. [31], CEOS-
ELM was proposed with searching capability for the optimal
network architecture, and it can handle both additive and
radial basis function (RBF) hidden nodes. The optimal num-
ber of hidden nodes can be obtained automatically in the
sequential training process.

3. The Proposed Architecture

Current popular algorithms mainly use CNN for feature
extraction and classification. But these methods are often
not ideal in dealing with time series problems. We propose
a hybrid activity recognition architecture; the flow chart of
the architecture is depicted in Figure 1. We introduce the
LSTM units to model temporal dependencies on the features
extracted by CNN, which can be used to deal with time
series problems. In addition, we use the ELM classifier with
better generalization performance to classify the features
that contain time information, which can improve the clas-
sification performance and shorten the running time. The
structure combines convolutional layers, LSTM layers, and
ELM classifier.

3.1. Feature Extraction Using CNN-LSTM. The convolutional
neural network has great potential to identify various salient
features in human activity recognition signals. In particular,
the processing unit of the lower layers obtains local features
of the signal (to represent the nature of each elementary
motion in human activity). Higher-layer processing units
represent the data in a more abstract way (to characterize
the saliency of several basic motion combinations). Note that,
as described below, each layer can have multiple convolution
operations and pooling operations (specified by different
parameters), so the CNN takes the features contained in the
data into consideration from different aspects, and the
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learned features are more comprehensive than those of artifi-
cial extraction.

When these operations with the same parameters are
applied to sequence signals (or their mappings) at different
time periods, the property of translation invariance is
obtained. Therefore, what matters is the salient mode of
the signal, not its position or scale. However, in human
activity recognition, we are faced with multiple time series
signal channels, and traditional CNN cannot be used
directly. Our challenges include that: (1) the processing unit
in the CNN needs to be applied along the time dimension,
(2) sharing or unifying the units in the CNN between mul-
tiple sensors. Next, we will define the convolution operation
and the pooling operation along the time dimension, and
then present the entire architecture of the CNN used in
human activity recognition.

We use a sliding window strategy to decompose the time
series signal into a collection of short signals. Specifically, an
example used by CNN is a two-dimensional matrix contain-
ing r original samples (each sample contains D attributes).
Here, r is selected as the sampling rate (for example, 30 is
used in the experiment), and the sliding step size of the win-
dow is selected as r/2. We can choose a smaller step size to
increase the number of instances, but it may result in higher
computational cost. For training data, the actual label of the
matrix instance is determined by the most frequently occur-
ring labels of the r original records. For the jth feature map
in the ith layer of the CNN, it is also a matrix. For conve-
nience, the value of the Xth row of the sensor D is expressed
as vx,dij .

The convolutional neural network assumes that the
inputs and outputs of the model are independent from each
other. However, the collected data is time dependent; thus,
some time information must be included in the input data.
Long short-term memory (LSTM) network has been pro-
posed to solve this problem. The LSTM is an extension of
the recurrent neural network that uses memory cells instead
of loop units to store and output information. In this study,
we used LSTM to model the features extracted by CNN and
output the feature vectors containing time relationships.

The feature extraction network proposed in this paper
combines four convolutional layers, two LSTM layers, and a
fully connected (FC) layer, as shown in Figure 2. The convo-
lution layer acts as a feature extractor and provides an
abstract representation of the original data in the form of a
feature graph. The LSTM layer builds the time dynamics
for the feature graph. In order to illustrate the advantages
of the proposed ConvLSTM-FC network, we compare it with
the nonrecurrent deep convolution neural network (namely,
baseline CNN). They all use four convolutional layers. The
input is processed in a hierarchical manner, with each layer
handling the input and then passing it to the next layer.
Under these two frameworks, the number of convolution
kernels in the convolution layer is the same as that in the
dense layer. The only difference is that the ConvLSTM-FC
uses a loop unit, while the baseline CNN is nonrecurrent
and fully connected.

The input of the network is sequential data. These
sequences are extracted from the sensor data by using a
fixed-length sliding window. The convolution layer performs
convolution operations on these data sequences and repre-
sents the data in forms of feature graphs. The LSTM layer
constructs the time correlation of the feature graph and
extracts the features containing time information. When
the whole ConvLSTM-FC training is completed, we only
reserve the convolution layer and the LSTM layer.

3.2. Classification Using ELM. As we all know, the more the
discriminative features are and the more the powerful classi-
fier is, the higher the recognition rate will be. The full-
connected layer is equivalent to a general single hidden-
layer feedforward neural network classifier, which is trained
by backpropagation (BP). On one hand, the BP algorithm
can make the weight converge to a certain value, but it is
not guaranteed to be the global minimum of the error surface
[32]. On the other hand, the network may be overtrained and
obtain nonideal generalization performance when BP learn-
ing is used. In other words, the full-connected layer is not
suitable for classifying the discriminative deep convolutional
features.

Givena trainingsetof instance-labelpairs Xi, yi (Xi stands
for features, and yi is labels), where Xi = xi1, xi2,⋯, xin

T ∈
Rn and yi = yi1, yi2,⋯, yin ∈ Rm, for a single hidden-layer
neural network with M hidden nodes, the output of the net-
work (denoted as oj) is calculated by the following equation:

〠
M

i=1
βi f Wi ⋅ Xj + bi = oj, j = 1,… ,N , 1

Raw data

CNN feature extrator

LSTM models temporal
dependencies

ELM classifier

Recognition result

Figure 1: Hybrid activity recognition architecture: the structure
combines convolutional layers, LSTM layers, and ELM classifier.
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where f x is an activation function, Wi = wi1,wi2,⋯,win
is the input weight matrix, βi is the output weight vector,
and bi is the bias of the ith hidden node.

As shown in Figure 3, the learning goal of ELM is to min-
imize the output error (see (2)), that is, there exist βi,Wi, and
bi that make (3) hold true.

〠
M

J=1
oj − yj = 0, 2

〠
M

i=1
βi f Wi ⋅ Xj + bi = yj, j = 1,… ,N 3

Equation (4) is the compact version of (3), whereH is the
hidden-layer output matrix (see (4)), β is the output weight
vector, and Y is the desired output.

Hβ = Y ,

β =

βT
1

⋮

βT
M M×m

,

Y =

yT1

⋮

yTN N×m

,

4

Hw,b,X =

f W1 ⋅ X1 + b1 ⋯ f WM ⋅ X1 + bM

⋮ ⋯ ⋮

f W1 ⋅ XN + b1 ⋯ f WM ⋅ XN + bM N×M

5

The traditional gradient-based learning algorithm
requires that all parameters be adjusted during the iteration.
However, the output weight of ELM is solved in a nonitera-
tive way and there is no dependency between the input
weights and the output weights. A noniterative solution of

ELM provides a speedup of 5 orders of magnitude compared
to multilayer perceptron (MLP) [33] or 6 orders of magni-
tude compared to support vector machines (SVM) [34].

Using ELM to classify deep convolutional features can get
a good recognition result and has a good generalization abil-
ity. Unlike BP, the weights between the input layer and the
hidden layer of ELM are randomly set, and the output
weights are solved through the method of least squares
[19]. Therefore, the training speed of ELM is very fast.

3.3. Data Preprocessing. In this paper, we use the OPPORTU-
NITY dataset to evaluate the ConvLSTM-ELM model and
compare the performance with baseline CNN and other liter-
atures using some other machine learning algorithms used in
the dataset experiment. The baseline CNN provides a perfor-
mance reference for deep networks.

In this paper, we have used the OPPORTUNITY dataset
to train and test our model. OPPORTUNITY activity recog-
nition dataset is composed of a set of complex human natural
activities collected in an environment where rich sensors are
installed [35]. We only consider the on-body sensors, includ-
ing inertial measurement units and 3-axis accelerometers.
The wearing position of the sensors is shown in Figure 4.
Each sensor channel is treated as an individual channel, a
total of 113 channels. The sampling frequency of these
sensors is 30Hz. OPPORTUNITY dataset contains several

DeepConvLSTM
feature Fully connected

layer

Output layer

ClassifierFeature extractor

Four convolutional layers Lstm layer Lstm layer

CNN-LSTM

Input

Figure 2: Our proposed CnvLSTM-FC model, combining convolutional layers, LSTM layers, and ELM classifier.

1Yimix

xi1

xi2

Yi1

Yi2

w

Input layer

xin

Hidden layer Output layer

�훽

Figure 3: ELM classifier architecture.
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gestures and postures, and we mainly realize the recognition
of gestures either including or ignoring the Null class. This is
an 18-class classification problem; the gestures in the dataset
are summarized in Table 1.

We used 0 to fill in missing values of the sensor data, and
each sensor channel was normalized to interval 0, 1 . We
used a fixed-length sliding window to segment data; each seg-
mentation of data was called a sequence. The length of the
window is 500ms and the step size is 250ms. The model is
trained with a learning rate of 0.001 and a decay factor of
0.9. CNN-LSTM works as the feature extractor. The whole
setting of the CNN-LSTM architecture will be detailed later
in Section 4, which is shown in Table 2. When the training
is completed, parameters of convolutional layers and LSTM
layers are reserved, and the full-connected layer is removed.
Then, ELM is fed with features extracted by CNN-LSTM
and trained as classifier.

Corresponding to the serialized window data is the pose
observed during the time window. Given a sliding window
with a length of T , we choose the label of the t = T moment
as the class of the sequence; in other words, we choose the
label of the last data in the sequence as the label of the
sequence, as shown in Figure 5.

3.4. Model Implementation. We build and train the neural
network in Theano using Lasagne [36]. The model runs on
a 1536 core, 1050MHz clock speed, and 8GB RAM GPU.
The detailed software and hardware parameters are shown
in Tables 3 and 4, respectively.

RUA

RLA

LUA

LLABack

L-shoeR-shoe

=Complete inertial measurement unit

(a)

RUA^

RUA_

RWR

RH

LUA^

LUA_

Back

Hip

LWR

LH
RKN^

RKN_

=Triaxial accelerometer

(b)

Figure 4: Position of on-body sensors used in the OPPORTUNITY dataset ((a) IMU sensors; (b) 3-axis accelerometers) [11].

Table 1: Class labels for the mode of gesture recognition.

Gestures

Open dishwasher Close dishwasher

Open fridge Close fridge

Open drawer 1 Close drawer 1

Open drawer 2 Close drawer 2

Open drawer 3 Close drawer 3

Open door 1 Close door 1

Open door 2 Close door 2

Drink from cup Clean table

Toggle switch Null

Table 2: CNN-LSTM architecture parameters.

Layer Type Number of neurons Kernel size Stride

1 Input 24× 113 — —

2 Convolutional 20× 113 5× 1 1

3 Convolutional 16× 113 5× 1 1

4 Convolutional 12× 113 5× 1 1

5 Convolutional 8× 113 5× 1 1

6‐7 LSTM 128 — —

8 Fully connected n — —
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4. Result and Analysis

In this section, we test our model on the public OPPORTU-
NITY dataset. We will give a brief introduction to the dataset
used in the experiment and the indicators to evaluate the per-
formance of proposed models. Discussion on the experimen-
tal results is detailed. We demonstrated the performance of
the proposed method and evaluated the impact of some key
parameters on the methods.

4.1. Performance Measure. Human activity datasets collected
in natural scenes are often imbalanced between classes [37].
Some classes may contain a large number of samples while
other classes have only a few samples. The gestures of
OPPORTUNITY dataset are extremely imbalanced; the Null
class accounts for more than 70% of all the data. The classifier
predicts the classification accuracy of each class; the Null
class can achieve very high accuracy. The overall classifica-
tion accuracy is not an appropriate index for performance

evaluation. F-measure (F1) considers the correct classifica-
tion of each class as equally important. It takes into account
both the precision and the recall of each class to compute
the score and can evaluate the model better than the preci-
sion. Precision is defined as P − TP/ TP + FP , and recall
corresponds to R − TP/ TP + FN , where TP and FP are
the number of true and false positives, respectively, and FN
corresponds to the number of false negatives. Class imbal-
ance is countered by weighting classes according to their
sample proportion:

F1 =〠
i

2∗wi
precisioni ⋅ recalli
precisioni + recalli

, 6

where wi = ni/N is the proportion of samples of the ith class,
with ni being the number of samples of the ith class and N
being the total number of samples.

Class #1

Class #2

Class #n

Groundtruth

Sensor data

Sensor channel #1

Sensor channel #2

Sensor channel #n

t = 1 Sliding
window

t = T

Label = class #1

Label = class #2

Figure 5: Sequence tags after splitting data with sliding windows.

Table 3: Software parameter configuration.

Operating system Ubuntu 14.04

Programming language Python 2.7.11

IDE Spyder 3.1.4

Table 4: Hardware parameter configuration.

CPU Intel Xeon E3-1505M v5

CPU dominant frequency 2.8 GHz

Core/thread count 4 cores/8 threads

RAM volume 64GB

Graphics card NVIDIA Quadro M5000M

Graphic memory 8GB

Clock frequency 1050MHz

CUDA cores 1536

91.56
91.67

91.75 91.73 91.76
91.81

91.4

91.5

91.6

91.7

91.8

91.9

500 1000 1500 2000 2500 3000

F-
m

ea
su

re
 (%

)

Number of hidden nodes

Figure 6: CNN-LSTM-ELM performance with different numbers
of hidden nodes.

Table 5: The comparison of runtime.

Training time (s) Testing time (s)

CNN-LSTM [18] 12154.5 8.025

CNN-LSTM-ELM 11456.124 4.901
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4.2. Parameter Evaluation. We describe the impact of key
parameters of the architecture. We evaluate the influence of
ELM hidden-layer nodes. For ELM, it is fed with discrimina-
tive features and a different number of hidden nodes are cho-
sen, and the corresponding recognition performance is
recorded in Figure 6.

Apparently, the recognition performance increases as the
number of hidden nodes increases. When there are 500
hidden-layer nodes, the recognition performance is up to
91.56%, which is already better than that of many methods.
It reaches 91.81% with 3000 hidden-layer nodes. The results
show that the performance may be further improved if the
number of hidden nodes is increased.

4.3. Runtime Analysis of CNN-LSTM-ELM. The runtime
analysis of the CNN-LSTM-ELM is done on OPPORTU-
NITY dataset. It has 46495 training samples and 9894 testing
samples, and each sample is a sequence. The model training
and testing are run on a GPU with 1536 cores, 1050MHz
clock speed, and 8GB RAM.

Because the traditional feedforward neural network
adopts the iterative algorithm of gradient descent to update
the weight parameters, it has obvious defects: the learning
speed is slow, so the time cost is unacceptable; the learning
rate is difficult to be determined and the network is easy to
fall into the local minimum; it would probably be over-
trained; and its generalization performance is not guaranteed
to be optimal. These defects become a bottleneck for the wide
application of feedforward neural network using iterative
algorithms. In order to solve these problems, ELM is utilized
instead of the traditional algorithm with gradient descent.
The algorithm can calculate the output weights of the learn-
ing network by one step. Compared with the iterative algo-
rithm, the ELM greatly improves generalization ability and
the learning speed of the network. Therefore, for our network
compared with the traditional network, the runtime mainly
depends on the use of ELM classifier.

The CNN-LSTM with the fully connected layer is used to
compare the runtime with CNN-LSTM-LSTM; training time
and testing time are shown in Table 5.

As can be seen from Table 4, when compared to the
CNN-LSTM, training time is reduced by 5% and testing time
is reduced by 38%. The length of the sliding window is
500ms and the testing samples are composed of 9894 win-
dows, so the testing samples contain the original data of
4947 s. CNN-LSTM-ELM recognizes the test samples and
only takes 4.901 s, indicating that our framework can recog-
nize real-time sensor data.

4.4. Performance Comparison. The classification results of the
proposed deep methods on the OPPORTUNITY dataset are
shown in Figure 7 and Table 2. We report classification per-
formance either including or ignoring the Null class. Includ-
ing the Null class may lead to a much higher recognition rates
for Null class than rare classes. In other words, some samples
belonging to rare classes are often wrongly recognized as the
Null class. By providing both results, we can better under-
stand the type of errors caused by the model.

Figure 7 includes the classification performance of past
published classification techniques implemented on
OPPORTUNITY dataset. All of these methods are based on
sliding window and only the feature extraction and classifier
are different. Compared to the best approach of the OPPOR-
TUNITY challenge, our method improves the performance
by 8% on average. There is more than 13% improvement in
the gesture recognition task including the Null class when
compared to the OPPORTUNITY challenge methods.

From the results in Table 6, CNN-LSTM-ELM has better
performance than other deep models either including or
ignoring the Null class. CNN-LSTM-ELM improves by 6%
compared to CNN used by Yang et al. [17]. The Baseline
CNN has the same number of convolutional layers as the
CNN-LSTM-ELM, but it uses the traditional classifier based
on the gradient descent algorithm. When compared with
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Figure 7: F1 score comparison of the proposed architecture and the OPPORTUNITY challenge models, either including or ignoring the
Null class.
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baseline CNN, CNN-LSTM-ELM improves by 7.5% on
average. For the recognition of these similar gestures, CNN-
LSTM-ELM can get better classification performance
because LSTM cells have the ability to model time dynamics
of the data sequences. However, the baseline CNN ignores
the temporal dependencies between the data sequences.

5. Conclusions

In this article, we demonstrated the advantages of a deep
architecture based on the combination of convolutional
layers, LSTM recurrent layers, and ELM classifier for wear-
able activity recognition. This combined structure is used to
study multichannel time series data. It mainly utilizes convo-
lution operations and LSTM cells to capture significant fea-
tures of sensor signals with different time scales. Then, all
the extracted features are classified by the ELM classifier.
The main advantages of this framework are as follows: (i) fea-
ture extraction is automatically performed without manual
intervention; (ii) LSTM cells can capture the temporal depen-
dencies on features extracted by convolution operations; and
(iii) ELM classifier has outstanding generalization ability and
fast learning speed. This framework outperformed best result
of the OPPORTUNITY challenge by 13% on average in an
18-class gesture recognition task. In the experiment, we illus-
trate that the proposed method is superior to other best
methods, so we believe that the proposed method can be used
as a powerful tool for human activity recognition problems.

As for future work, we aim to improve sequential learn-
ing adaptive capability; thus, the machine learning has capa-
bility to continuously learn while at the same time doing
verification (learning by doing). Transfer learning approach
based on existing models to perform activity recognition on
large-scale data may be a potential working direction.
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