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Abstract

This project focuses on semi-supervised human activity recognition
(HAR) tasks, in which the inputs are partly labeled time series data ac-
quired from sensors such as accelerometer data, and the outputs are
predefined human activities. Most state-of-the-art existing work in
HAR area is supervised now, which relies on fully labeled datasets.
Since the cost to label the collective instances increases fast with the
increasing scale of data, semi-supervised methods are now widely re-
quired.

This report proposed two semi-supervised methods and then in-
vestigated how well they perform on a partly labeled dataset, compar-
ing to the state-of-the-art supervised method. One of these methods
is designed based on the state-of-the-art supervised method, Deep-
ConvLSTM, together with the semi-supervised learning concepts, self-
training. Another one is modified based on a semi-supervised deep
learning method, LSTM initialized by seq2seq autoencoder, which is
firstly introduced for natural language processing. According to the
experiments on a published dataset (Opportunity Activity Recogni-
tion dataset), both of these semi-supervised methods have better per-
formance than the state-of-the-art supervised methods.
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Sammanfattning

Detta projekt fokuserar på halvövervakad Human Activity Recognition
(HAR), där indata delvis är märkta tidsseriedata från sensorer som
t.ex. accelerometrar, och utdata är fördefinierade mänskliga aktiviteter.

De främsta arbetena inom HAR-området använder numera över-
vakade metoder, vilka bygger på fullt märkta dataset.

Eftersom kostnaden för att märka de samlade instanserna ökar snabbt
med den ökade omfattningen av data, föredras numera ofta halvöver-
vakade metoder.

I denna rapport föreslås två halvövervakade metoder och det un-
dersöks hur bra de presterar på ett delvis märkt dataset jämfört med
den moderna övervakade metoden. En av dessa metoder utformas ba-
serat på en högkvalitativ övervakad metod, DeepConvLSTM, kombi-
nerad med självutbildning.

En annan metod baseras på en halvövervakad djupinlärningsme-
tod, LSTM, initierad av seq2seq autoencoder, som först införs för be-
handling av naturligt språk. Enligt experimenten på ett publicerat da-
taset (Opportunity Activity Recognition dataset) har båda dessa metoder
bättre prestanda än de toppmoderna övervakade metoderna.
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Chapter 1

Introduction

1.1 Background and Objective

Human activity recognition (HAR) could help public health researchers
to measure the daily activities of people, which is important for medi-
cal purposes. During the past decades, paper survey was an important
way to collect information about people’s lifestyle (e.g., how long do
they walk/bike/drive every day), but its performance becomes worse
and worse recently. There are plenty of reasons leading to the bad per-
formance, for example, young people are reluctant to write this kind
of survey. More over, people sometimes lie to the survey, even they are
not conscious, which makes the survey results not reliable enough.

To find out an effective way to collect precise information of peo-
ple’s lifestyle, a Master project was performed in 2017 [11], which in-
troduces methods to do human activity recognition tasks based on
data collected by sensors. The conclusion from this project is that a
Deep Learning method, Deep Convolutional Long Short-term Mem-
ory (DeepConvLSTM) [27], has the best performance and could ba-
sically solve the HAR tasks. However, a bottleneck in the suggested
method is that all training data must be fully labeled, which requires
plenty of experienced annotators to do the labeling work when the
scale of data becomes more and more extensive.

The main propose of the present project is to get around this bot-
tleneck, by doing HAR tasks in a semi-supervised way. This would
decrease the cost of data preparation, since a semi-supervised method
would require only a small labeled dataset and a large unlabeled dataset,
rather than a large labeled dataset.

1



2 CHAPTER 1. INTRODUCTION

This thesis is a part of a project conducted at Karolinska Institutet,
where the goal is to monitor peoples’ daily activities for public health
purposes. In the thesis project, we used the Opportunity Activity
Recognition dataset [1] collected by accelerometer sensors to investi-
gate whether there is a suitable semi-supervised method and, if so,
how it performs.

1.2 Research Question

In this thesis, we mainly investigate the following question:

• How to design suitable semi-supervised deep learning methods
to do HAR tasks based on partly labeled sensor data? And how
would they perform, comparing to the state-of-the-art supervised
model, DeepConvLSTM, which is built based on labeled part of
the training set.

1.3 Contribution

We have adapted and evaluated two alternative methods for semi-
supervised learning for daily activity classification.

Firstly, based on the DeepConvLSTM network (see section 2.1.4),
which is a state-of-the-art human activity recognition method, we in-
troduced a semi-supervised method called Self-training DeepConvL-
STM (see section 4.1). This method adds the self-training process to
the original DeepConvLSTM so that it can deal with semi-supervised
problems.

Secondly, we modified the structure of method, Long Short-term
Memory (LSTM) initialized by seq2seq autoencoder (see section 4.2),
which was firstly introduced to solve natural language processing tasks,
to apply to HAR tasks.

Then we evaluated these two methods, Self-training DeepConvL-
STM performs better in most situations, LSTM initialized by seq2seq
autoencoder is generally more time efficient. And comparing to the
performance of their fully supervised variant, which are built based on
only the labeled part of the training set, both semi-supervised methods
have better performances.
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1.4 Ethical, Sustainability, and Societal As-
pects

Research methods in this project are built based on the Opportunity
Activity Recognition dataset [1], which is one of the most widely used
open datasets in HAR area. Generally, it is impossible to avoid false
positive/negative, and obviously, the lifestyle of people might be some-
how misidentified. But it is basically enough to be an auxiliary tool for
doctors.

Then for the sustainability and societal aspects, this project is to
classify the motions of people, then to help identify the lifestyle of peo-
ple. So this could help people to arrange exercising time and then keep
a healthier lifestyle. Also, it could help doctors to know more about
how people exercise in their daily life in a more accurate way. And
it could be further developed to help simplify medical researchers’
work, especially in HAR area.

Besides of these, in the research area, these methods have also pro-
vided some useful ideas. Self-training DeepConvLSTM brings the self-
training process to deep learning area, which provides a new way to
apply supervised methods to semi-supervised problems. Also, LSTM
initialized by seq2seq autoencoder proves that it is a viable way to re-
gard LSTM model as a generative model and then treat it in the semi-
supervised way. Based on this, it is also viable to treat other neural
networks like CNN in a similar way. It is also an ideal way in semi-
supervised deep learning research area.

1.5 Outline of the Thesis

Chapter 2, Background, gives a detailed introduction about the con-
cepts and methods used in this thesis.

Chapter 3, Related Work, introduces methods in human activity
recognition area during the past decades of years, as well as some se-
quence learning methods and semi-supervised learning methods.

Chapter 4, Methods, contains how the methods in this thesis are
designed based on concepts and methods introduced in chapter 2 and
3.

Chapter 5, Dataset and Pre-Processing, introduces the dataset used
in the experiment, also how it is pre-processed before experiments.
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Chapter 6, Experiments and Results, shows how experiments are
designed and also a brief discussion of their results.

Last comes a short conclusion of this thesis, and some discussions
of the future work.



Chapter 2

Background

In this chapter, some useful concepts in this thesis, like artificial neu-
ral networks (ANNs) and its variants, are detailed introduced, as well
as some important thoughts in semi-supervised learning area such as
self-training. Besides, there is also a detailed introduction of DeepCon-
vLSTM, which is thought to be one of the state-of-the-art methods in
HAR.

2.1 Artificial Neural Networks

ANNs are computing systems inspired by the biological neural net-
works, which are generally without being programmed with any task-
specific rules [35]. ANNs formed by linear kinds of perceptrons were
firstly introduced by McCulloch et al. [24] in the 1940s. The most com-
monly used ANNs with nonlinearities and trained by back-propagation
were introduced during 1980s [30].

An artificial neural network is usually a computational graph, all
computational units inside are called neurons. Usually, an artificial
neural network consists of one or various types of neurons, depending
on its aim and the architecture designed by experts.

The general structure of ANN is shown as Figure 2.1 below. Gener-
ally, for an ANN with N hidden layers, there would be ni neurons for
each hidden layer i, i ∈ [1, N ], also nin input neurons and nout output
neurons, where nin is the same as the input variables and nout is the
same as the expected output variables. In fully connected neural net-
works, neurons are limited only to receive information from the previ-
ous layer and give information to the next layer. So, for each neuron in

5
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hidden layer Hi, there would be inputs from all neurons in the previ-
ous hidden layer Hi−1 with the weight matrix Wi, and give outputs to
all neurons in the next hidden layer Hi+1 with the weight matrix Wi+1

(assume input layer as H0 and output as HN+1).

Figure 2.1: Structure of fully connective ANN with 2 hidden-layers.

The case in Figure 2.1 is an ANN with 2 hidden-layers, n1 = 5,
n2 = 7, nin = 4 and nout = 3. This network is built to deal with 4
variables input space, and it would give an output of 3 variables. And
the computational process would be as below:

Assuming input layer as H0, neurons oi,j means the jth neuron in
hidden layers Hi. Then there would be:
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oi,j =

ni−1∑
k=1

oi−1,k ∗W k,j
i

Generally, activation function φ() is applied in neural networks to
translate the output variables to the target space. The representation
of oi,j leads to:

oi,j = φ(

ni−1∑
k=1

oi−1,k ∗W k,j
i + bi,j)

where bi,j leads to the bias in bias matrix Bi.
Similarly, for neurons oj in output layer, i leads to N and Wi would

be Wo, the presentation of oj would be:

oj = φ(

nN∑
k=1

oN,k ∗W k,j
o + bo,j)

So far, all neurons in the ANN above could be calculated. This
kind of neural network layer is called fully-connected layer. Fully-
connected layers are usually the most commonly used layers in ANN.
Further, to deal with various complex situations, some variants were
introduced by experts.

2.1.1 Convolutional Neural Networks (CNNs)

When the input data is high-dimensional, the number of parameters of
a fully-connected network would be large, so the convolutional neu-
ral network was introduced to reduce the number by using shared
weights.

The most distinguishing feature of CNN is that it contains the lin-
ear mathematical operation convolution. A convolution operation on
two functions returns the third function. Since it is usually used in a
discrete form in deep learning work, it is usually presented as below:

(x ∗ w)(t) =
∑
a

x(a)w(t− a)

In convolutional neural networks, the function x(t) is usually an
input function, and w(t) is the kernel function, and the output of this
operation is generally used as a feature map.
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In ANNs, differing from fully-connected layers, convolutional lay-
ers are connected sparsely with each other.

For fully-connected layers, all connections are independent, so the
size of parameter space Wi between hidden layer Hi−1 and Hi is ni−1 ∗
ni, where ni refers to the number of neurons in layer Hi.

In contrast, the connection between a convolutional layer and the
previous layer is more sparse. As shown in Figure 2.2 below, with
a convolutional kernel with size 5 × 5, those 25 neurons in the input
layer are only connected to the upper left neuron in the hidden convo-
lutional layer.

Figure 2.2: Typical sparse connectivity in a convolutional network layer.

Figure 2.3: Convolutional kernel moved to the right with stride 1, from Fig-
ure 2.2.
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From Figure 2.2 and 2.3, a 2D convolution process with a 5× 5 ker-
nel is shown. In this example, the strides in both directions are 1. For
each neuron oconvi,j in the 2D convolutional layer, it could be presented
as (I,K)(i, j), where I() refers to the neurons in the input layer, and
K() refers to the kernel matrix of the size M × N , so (I,K)(i, j) could
be presented as:

(I,K)(i, j) =
M∑

m=0

N∑
n=0

I(i+m, j + n)K(m,n)

If the strides are not both 1, assuming (px, py) as the strides, I(i +
m, j + n) would be I(px ∗ i+m, py ∗ j + n).

Usually, a convolutional layer is followed by a non-linearity activa-
tion function (layer) and a pooling layer to get better results.

2.1.2 Recurrent Neural Networks (RNNs)

To deal with sequential data, especially time series data, recurrent neu-
ral networks were introduced. Differing from other structures, there
are recurrent connections between nodes in RNNs. The idea of this
kind of structure is to retain the information across different time steps
(or the position/order in the sequence) by the cyclical connection be-
tween neurons. Thus this structure could analyze the connection be-
tween different temporal parts of the data.

To "memorize" the information at the previous time step, RNNs
feed the activation from the previous time step to the same node at the
present time step. Besides, to reduce the number of parameters, there
is also parameter sharing. In one recurrent layer, the recursive weight
matrix throughout different time steps keeps the same. As shown in
Figure 2.4 below, the weight matrixW for each st at different time steps
t remains the same.
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Figure 2.4: A Recurrent Neural Network sample.

For the sample in Figure 2.4, the recursive equation for hidden
node st at time step t could be presented as:

st = φ(Uxt +Wst−1 + bth)

where φ() refers to the activation function, which is usually the tanh

function, and bh refers to the bias matrix for hidden layer.
The output of a recurrent layer could be either a sequence or a sin-

gle output. If it is a sequence, the output ot at time step t could be
calculated similarly to the fully-connected layer:

ot = V st + bto

where bo refers to the bias matrix for output. Also, there could be
only one single output while doing classification or other similar tasks,
which is usually the output at the last time step.

But classical RNN is not suitable enough for dealing with long du-
ration pattern dependence data. According to Bengio et al.’s work in
1994 [10], it would cause gradient vanishing and exploding while com-
puting the back-propagation through time (BPTT) on long term depen-
dencies data. To avoid this kind of risk, LSTM and some other variants
of RNNs were introduced.

Long short-term memory

LSTM unit was firstly introduced by Hochreiter and Schmidhuber in
1997 [21] and then modified by Gers [16, 17]. It is designed to mitigate
the risk of gradient vanishing and exploding while dealing with long-
term dependencies data.
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Comparing to the classical RNNs, LSTM has a much more complex
structure in the hidden node, which is called the LSTM unit. Compar-
ing Figure 2.5 and Figure 2.6 below, in the temporally unfolded chain
of classical RNNs, each node contains only sum up and one tanh func-
tion. But LSTM units have more complex inner structure, as shown in
Figure 2.6.

Figure 2.5: Structure of Nodes of classical RNNs.

Figure 2.6: Structure of LSTM units.

In LSTM units, the cell state is the value at the top horizontal edge,
which could be regarded as a conveyor belt through all time steps.
Along the memory flow, the cell state would be updated when the
forget and input gates are merged in. The self-referencing loop has a
constant weight, so the gradient would never vanish, hence the name
"the constant error carousel".

For computation, the LSTM gates’ equations would be stated as
below:

f
(t)
i = σ(bfi +

∑
j

U f
i,jx

(t)
j +

∑
j

W f
i,jh

(t−1)
j )

s
(t)
i = f

(t)
i s

(t−1)
i + g

(t)
i σ(bi +

∑
j

Ui,jx
(t)
j +

∑
j

W f
i,jh

(t−1)
j )
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g
(t)
i = σ(bgi +

∑
j

U f
i,jx

(t)
j +

∑
j

W g
i,jh

(t−1)
j )

h
(t)
i = tanh(s

(t)
i )q

(t)
i

q
(t)
i = σ(bqi +

∑
j

U f
i,jx

(t)
j +

∑
j

W q
i,jh

(t−1)
j )

where cell state is s, f denotes forget gate, g denotes input gate and q

denotes output gate. And all these three gates have their own recur-
rent weight matrix W f ,W g,W q, bias matrix bf , bg, bq and the weight
matrix of input U f , U g, U q. As usual, h denotes the output of the entire
hidden layer (LSTM layer), theW, b, U without superscripts denote the
outer recurrent weight matrix, bias, and the input weight matrix of the
LSTM cell.

Gated recurrent unit (GRU)

GRU was introduced as a variant of LSTM [12], which simplified the
structure of LSTM unit. As shown in Figure 2.7, there is no output gate
in GRU. Thus the number of parameters is reduced comparing to the
LSTM unit.

Figure 2.7: Structure of Gated Recurrent Unit.
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There are only two gates in one gate recurrent unit, update gate (zt
in Figure 2.7) and reset gate (rt in Figure 2.7). Reset gate rt is computed
by:

rt = σ(Urxt +Wrht−1)

Similarly, update gate zt is computed by:

zt = σ(Uzxt +Wzht−1)

Thus, the actual activation of the proposed unit hj would be pre-
sented as:

ht = zth̃t + (1− zt)ht−1

where,
h̃t = tanh (Uxt +W (rt ◦ ht−1))

Similar to the equations of LSTM units, Wz,Wr means the weight
matrix throughout time steps of gate zt and rt, and Uz, Ur implies the
weight matrix of the input.

According to the formulation of ht, if the reset gate rt is close to 0,
the hidden state would be forced to ignore the output of the previous
time step’s hidden state, and the value of the update gate zt influences
how much information would be carried over from the previous hid-
den state.

2.1.3 Sequence to sequence model (seq2seq)

Sequence to sequence model was firstly introduced by Cho et al. [12] in
2014, which is an encoder-decoder model with variable-length input
and output sequence. It is widely used in natural language process-
ing tasks, also other kinds of sequence learning tasks. In this project,
seq2seq is used in a unsupervised way, as an autoencoder.
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Figure 2.8: Structure of sequence to sequence mode.

Figure 2.8 shows the basic structure of seq2seq, X and Y are both
variable-length sequence, c is the output of the encoder, a fixed-length
vector which retains the content of input sequence x. And in the de-
coder part, at each time step, the input data would be a combination
of the output at the previous time step, and the content vector c.

Besides the classical version, there are still some variants of seq2seq.
Sutskever et al. presented their seq2seq in the same year [32] as Cho’s.
This model’s structure is a bit simpler than the original one, as shown
in Figure 2.9 below, there is no content vector c in Sutskever’s model,
the input of decoder is started with a symbol of the end of the input
sentence, and then the output of the previous time step. Generally, this
structure is thought to be the most widely used one.

Figure 2.9: Sutskever’s structure of sequence to sequence model

Also, Sutskever mentioned that deep LSTMs are significantly out-
performed than shallow LSTMs. So they chose to use an LSTM with
four layers instead of one layer. Thus for each "unit" in Figure 2.9, it is
actually a combination of four layers of LSTM units, one input would
be passed through all four layers and then carried over the first layer
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of the next time step, and each unit would send its information to the
next time step’s units which is in the same layer.

Bahdanau et al. also presented the sequence to sequence with at-
tention model in the same year [9]. The main difference is the way
they built the encoder model and how context vector ct is generated.

Figure 2.10: Bahdanau’s sequence to sequence model with attention
model.

As shown in Figure 2.10, Bahdanau’s model uses the bi-directional
LSTM instead of classical LSTM to build the encoder part. In this
model, the output ht is thought to be an annotation of the input work
at time step t. Since the encoder model is bi-directional, the annotation
would contain a summary of both preceding and following words. In
the classical model without attention, annotations h1...ht−1 would be
dropped since only the content vector c = ht is thought to be useful,
which means that model can not distinguish which part of the input
sequence is more important and which is less. But in Bahdanau’s at-
tention model, the content vector at time step t, ct is stated in this way:

ct =
Tx∑
j=1

αijhj

where Tx refers to the length of input sequence, and α is the weight
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matrix. In Bahdanau’s work, α is computed as:

αij =
exp eij∑Tx
k=1 exp eik

where,
eij = a(si−1, hj)

eij here is an alignment model to evaluate how well the input around
position j and the output at position i match. It is based on the RNN
hidden state si−1 and the j-th annotation hj of the input sentence. Also,
the alignment model a is a feed-forward neural network which is jointly
trained with all other components of the proposed system.

Also, there are some other ways to build the weight matrix.

2.1.4 Deep Convolutional LSTM

Deep Convolutional LSTM was introduced by Ordonez [27]. It is thought
to be an state-of-the-art model to solve HAR tasks based on wearable
sensor data. In this project, we used this model as the baseline model
and then modified it to be a semi-supervised model.

Its structure is shown in Figure 2.11 below. There are four convolu-
tional layers at first, two LSTM layers and one softmax layer.

Figure 2.11: Structure of DeepConvLSTM model.

In this model, convolutional layers are for feature exacting. In a 1D
domain, a kernel can be viewed as a filter which is capable of removing
outliers.



CHAPTER 2. BACKGROUND 17

Then after four convolutional layers, a time-dependent feature map
would be passed to two LSTM layers. The activation function of re-
current layers are both hyperbolic tangent functions. Then a softmax
layer would constraint the output of the whole network into the target
space, usually discrete labels.

2.2 Semi-supervised Learning

There are plenty of classical semi-supervised learning methods such
as generative models, self-training, co-training, multiview learning,
Gaussian process, S3VMs, and some graph-based methods were in-
troduced during the past decades. In this report, generative models
and self-training methods are presented below since they will be used
in the later experiments. Besides, there are also some useful and ideal
semi-supervised methods which are based on deep learning frame-
work were introduced in recent years.

2.2.1 Generative Models

Generative models are considered as one of the oldest semi-supervised
learning methods. This kind of model assumes an identifiable mix-
ture distribution p(x|y) so that the model p(x, y) could be presented
as p(x)p(x|y). The distribution could be Gaussian mixture models or
some similar distributions. The core of using generative model to do
semi-supervised learning is to use a large amount of unlabeled data to
identify the mixture components, then only one labeled data point for
each class is enough to fully determine the mixture distribution.
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Figure 2.12: Use generative model to do binary classification task. (Assume
each class has Gaussian distribution).

As shown in Figure 2.12, the generative model performs well in
the binary classification task, and after comparing the results of Fig-
ure 2.12(c) and 2.12(d), semi-supervised learning performs much bet-
ter than fully-supervised learning with the help of unlabeled data. In
practice, Expectation-Maximization (EM) algorithm is usually used to
identify the mixture components.

Even though, generative model is not always suitable for all semi-
supervised learning tasks. First, there is not always an identifiable
mixture distribution which could help to build the generative model,
for example, a mixture of Gaussian or multivariate Bernoulli is not
identifiable. So the data generated by this kind of model would not be
suitable for using generative model method.

2.2.2 Self-training

Self-training is also a widely used semi-supervised learning method.
The main idea of self-training is to classify the unlabeled data with



CHAPTER 2. BACKGROUND 19

the classifier trained by only labeled data. Then with their predicted
labels, some "confident" unlabeled data points will be added to the
training set. Then repeat the re-train and predict process several times.
In a word, the classifier uses its own predictions to teach itself.

Although self-training is proved well-performed on some base learner,
it is still hard to analyze, since it is a wrapper algorithm.

2.2.3 Semi-supervised Learning with Deep Learning

With the progress of deep learning methods, more and more semi-
supervised deep learning methods were introduced in recent years.
Generally, this kind of methods used some thoughts from generative
models above. Since most well known deep learning methods like
CNN and LSTM could also be regarded as generative models as well
as discriminator models, it is not surprising to find out that they could
learn directly from unlabeled data. This part is usually implemented
by a suitable structure design and also a complex loss function which
could handle both labeled and unlabeled data points. Then, the pre-
trained model would be trained again by only labeled data.

Dai’s semi-supervised model [14], LSTM initialized by seq2seq au-
toencoder, is introduced here since it is further developed in this study
to fit HAR tasks. This model was firstly built to do NLP task, classify
the sentence. The structure of this model is similar to a standard LSTM
network. According to Sutskever’s work [32], there are four LSTM lay-
ers in this model.

There are two steps to train this model. The first step is to build
and train a seq2seq, which is almost the same as the model in Figure
2.9. While training it, the input sequence and the output sequence are
the same. So this training process is fully unsupervised, and the whole
model would be an autoencoder after training. The thought of this step
is to treat the model as a generative model, use the unlabeled data to
train it and make it retain the information from unlabeled data.

The second step is to train a classifier based on the pre-trained
seq2seq. After the first step, the encoder part of the seq2seq would
contain some content of the language. Then, since the encoder part
is a complete LSTM network, the classifier could be trained directly
based on it.
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Related Work

As described in chapter 1, this project mainly covers two research ar-
eas, human activity recognition and semi-supervised learning. Since
the input data is sequence data, sequence learning is another impor-
tant related area of this thesis. So in this chapter, state-of-the-art meth-
ods in these areas are briefly introduced, as well as some other impor-
tant methods during the past few years.

3.1 Human activity recognition

HAR has been a widely concerned task during the past decades. Like
many other research areas, the solution for this kind of task has made
a transition from hand-crafted feature based techniques to end-to-end
techniques based on various deep neural networks.

First, Zhang et al.’s work [37] with Deep Belief Networks (DBNs)
shows that, in HAR task, deep learning performs much better com-
paring to classical feature-based methods like LibSVM, KNN and Ran-
dom Forest. They did experiments on three different datasets: Oppor-
tunity Activity Recognition [1], USC-HAD [38] and Daily and Sports
Activities [2]. The error rates of DBNs are almost 50% smaller than the
best performed feature-based methods (LibSVM, AE+KNN) on USC-
HAD and Daily and Sports Activities, and 10% smaller on Opportu-
nity Activity Recognition.

Also, Yang et al. presented another method [34], which used Deep
Convolutional Neural Networks (DCNN) applied to Multi-channel Time
Series for HAR. They built a DCNN of 5 sections, which includes 3
different convolutional sections (convolutional layer, ReLU layer, and
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maxpooling layer) and 2 different full-connection sections. The perfor-
mance of this method is proved better than DBNs and feature based
methods like SVM and 1NN according to the experiments on Oppor-
tunity Activity Recognition [1] and Hand Gesture [3, 4].

Besides CNN and DBNs, Hammerla et al. [20] and Ordonez [27]
used other deep neural networks like LSTMs to solve HAR task.

In Hammerla et al.’s work [20], they compared how CNN [34],
Deep feed-forward networks (DNN) and 3 kinds of LSTMs (2 LSTMs
based on frames and samples individually, and one sample based bi-
directional LSTM) perform in HAR task based on the experiments on
3 different datasets (Opportunity Activity Recognition [1], PAMAP2
dataset [5] and Daphnet Gait dataset [6]). The experiments’ results
show that DNN is the one which is most sensitive to hyperparameters
settings, LSTM performs the best on the dataset Opportunity Activity
Recognition, and, CNN performs as well as LSTM on PAMAP2 and
Daphnet Gait dataset. Generally, CNN treats the whole time-series
data as a high-dimensional vector, and LSTM treats it as a series of
time-dependent points, both of them consider the influence of the or-
der of sequence. Since DNN ignores the information of correlations
between data points and then treats them as a series of individual data
points, its performance is not as good as CNN and LSTM.

Since CNN and LSTM are both thought to be suitable to handle sig-
nal analysis, Ordonez’s work [27] presents the model DeepConvLSTM
to solve HAR task, which combines both convolutional and recurrent
layers. This model builds four convolutional layers before two recur-
rent layers (LSTM) to extract some features from the input data and
send these time-dependent features into LSTM instead of sending the
data points directly. They tested this method on both Opportunity Ac-
tivity Recognition [1] and Skoda [7]. As for the performance, on the
Opportunity Activity Recognition dataset, CNN of Yang’s project [34]
gives the F1 score 0.851 while DeepConvLSTM gives 0.915, and on
dataset Skoda, CNN of Zeng’s work [36] gives the F1 score 0.861, Al-
sheikh’s CNN [8] gives 0.893, while DeepConvLSTM gives 0.958. So
this method’s performance is much better than previous deep learning
methods’, thus it is thought to be the state-of-the-art method in HAR
area.
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3.2 Sequence Learning

Although CNN works well in signal processing area, it is still not the
best choice to solve a general sequence learning task since not all se-
quences could be treated as a vector (that is what CNN does). So var-
ious RNNs are thought to be the state-of-the-art solutions of sequence
learning tasks, they treat the sequence as a series of data points, that
is exactly what it is, and then analyze the correlation between them.
Generally, RNN is trained by BPTT, with which the gradients could
be calculated. But in long-term dependence learning, there would be
a vanishing/exploding gradient problem and BPTT has difficulty to
handle this kind of problems.

To solve this problem, LSTM unit was firstly introduced by Hochre-
iter and Schmidhuber in 1997 [21] and then modified by Gers who
added forget gate [17] and Peephole Connection [16] to the original
LSTM. Now an LSTM unit is a combination of the cell and three gates:
forget gate, input gate, and output gate. This model can automatically
remember/forget long-term information comparing to traditional RNN,
and it can avoid the risk of vanishing/exploding gradient problem.

In 2005, bi-directional LSTM was introduced by Graves and Schmid-
huber [19], which introduced LSTM units in Bi-directional Recurrent
Neural Networks (BRNN). BRNN model splits the neuron into two
directions, one for forward states and one for backward states. So
that it could gain more information comparing to RNN. According to
their experiments, bidirectional LSTM performs better than LSTM in
phoneme classification.

In 2014, GRU was introduced by Cho et al. [12]. This model is
based on the origin LSTM, but it has fewer parameters since there is
no output gate in the GRU. And it has better performance on small
dataset [13].

3.3 Semi-Supervised Learning

Generally, there is a conflict that labeled instances bring more infor-
mation and make it easier to build a model, but are often much more
difficult and expensive to obtain. Especially, when the scale of data
has been more and more extensive, it requires more effects of experi-
enced human annotators to label instances. So semi-supervised learn-
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ing, which could make good use of both labeled and unlabeled data,
has played a more important role in machine learning area in recent
years.

One of the most wide-used models in semi-supervised learning is
generative models such as cluster methods. Nigam et al. applied the
EM algorithm on a mixture of multinomial for the task of text classi-
fication [26], their result shows that the model built with both labeled
and unlabeled data performs better than the model based on only la-
beled data, since the unlabeled data helps to reduce the bias of the
model built based on only labeled data. And Fujino et al.’s work [15]
provides a ’bias correction’ term for extending the generative mixture
model. Also, it provides the maximum entropy principle for discrim-
inative training. One of the state-of-the-art cluster-based methods is
Rodrigo’s work [31]. It provides a cluster-based classifier using an en-
semble algorithm (CBoost) with the based learner RBFN [25]. The per-
formance of this method is generally better than MCSSB, RegBoost,
and ClusterReg according to their experiments.

Generally, generative model’s purpose is to generate a model which
could automatically label the unlabeled instances, so that they can
treat them as labeled data then. But in sequence learning area, there
are other usages of unlabeled cases.

In Dai’s work [14], he presented a reconstruct model based on seq2seq
by using the same sequence as the input of both encoder and decoder.
It is then an autoencoder, which is a fully unsupervised process so that
unlabeled instances could help. Then he used the reconstructed model
as the pre-trained model to initialize the LSTM classifier. The model
initialized by the pre-trained model performs better in various of se-
quence classification tasks according to his experiment.

Besides, Rei’s [28] and Rie’s projects [22] made similar use of un-
labeled data. Rei’s project [28] is based on their previous work [29],
which assigns a label to each token from the instance by a bidirectional
LSTM. The new method uses the unlabeled data to build a language
model based on the bidirectional LSTM so that they can calculate the
previous and next words’ probability distribution of each token. Then
the probabilities are used in loss function to improve the performance
of their method. Rie’s work [22] also built a language model in a simi-
lar way as Rei’s, but use it when updating the weight matrix of gates.
Similarly, Yevhen has also built a sub-model based on unlabeled in-
stances [23] and used the output of this model to optimize the loss
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function.
Then in this project, we tried two ways to build suitable methods.

The first one is to add some semi-supervised thoughts to the exist-
ing supervised HAR methods, in this project, we tried with Deep-
ConvLSTM and self-training. Another one is to apply existing semi-
supervised sequence learning methods to HAR area, and we think
Dai’s work [14] is the most suitable one.



Chapter 4

Methods

Two methods, Self-training DeepConvLSTM and LSTM initialized by
seq2seq autoencoder, are proposed in this thesis. Detailed description
of these two methods would be given in this chapter.

4.1 Self-training DeepConvLSTM model

This method is built based on the fully supervised method Deep Con-
volutional LSTM mentioned in section 2.1.4, together with the semi-
supervised method, self-training, mentioned in section 2.2.2.

4.1.1 Network Architecture

Similar to the model described in section 2.1.4, this model is built with
four convolutional layers and two GRU layers (instead of LSTM layers
mentioned in section 2.1.4). As shown in Figure 4.1, the input time
window of size swindow, started from t0, would be firstly processed by
four convolutional layers. After feature extraction by convolutional
layers, time-dependent feature map would be passed to the GRU layer,
then processed by 2 GRU layers. The output would be the predicted
label of the input time window. The non-linearity activation function
before the output is set to be softmax function since it is a multi-class
classification task.
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Figure 4.1: Structure of Self-training DeepConvLSTM.

4.1.2 Initialization, Loss function and Optimizer

Initialization of this network follows the Glorot uniform initialization [18],
while bias is set to be 0 and the weights are set to follow the uniform
distribution:

W ∼ U [−
√
6

√
nj + nj+1

,

√
6

√
nj + nj+1

]

As for the loss function, since Opportunity challenge is a multi-
class classification task, categorical cross-entropy is thought to be the
most suitable loss function in this model, which is stated by:

L(θ) = − 1

n

n∑
i=1

m∑
j=1

[yij log(Pij)]

where yij shows if the true label of data i is j, and Pij means the prob-
ability that data i has label j, which is predicted by the model.

According to the study of Broome [11], Adam algorithm fits this
task the best, so Adam is employed as the optimizer of this method.

4.1.3 Self-training

The most challenging part of self-training is to choose a subset which
is the most "confident" part of the unlabeled data, so it could be used to
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re-train the model after being labeled by the prediction of the model.
In this study, the stability of prediction result is used to measure

how "confident" the result is. Thus, in the last tmeasure epochs, the
model would give a prediction for each unlabeled data points. Then
the counter counti counts how many epochs had the prediction label
of this data point kept the same, which would be stated by:

counti =

{
counti + 1 predicti,t = predicti,t−1

0 predicti,t 6= predicti,t−1

where predicti,t refers to the prediction result of data i at epoch t.
After the training process for tsupervised epochs, assign the unlabeled

data points as sub-sequences of length nhs, then make a transition for
counter counti and mark it as ci:

ci = w0

i∑
t=i−nhs+1

e−
i−t
τ ∗ countt

where τ is constant, which would be stated below, and nhs is a hyper-
parameter, which refers to the number of hidden states in one GRU
layer. w0 is also a constant, which does not effect the comparison of ci
of different i-s.

ci above shows how "confident" a nhs long sub-sequence with the
end of data point i is. The weight is defined by the radioactive decay
equation:

N(t) = N0e
− t
τ (4.1)

The main idea of ci is that different parts of the input sequence have
different importance to RNNs model. This might be the reason why
Google used a reverse input sequence while doing machine translation
by seq2seq model [33]. Since the effect of later input is more power-
ful than earlier input, the weight of later data points should be greater
than the earlier ones while computing the reliability ci of the whole se-
quence. With the inspiration of radioactive decay and high-frequency
signal attenuation, the attenuation of weights of the sequence ends up
with data point i is stated by:

wt = w0e
− i−t

τ (4.2)
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which is an exponential decay. As for the selection of τ , it is set in the
similar way to τ in equation 4.1 above:

τ =
t1/2
0.693

where t1/2 refers to the half-life of the decaying quantity. While cal-
culating equation 4.2, t1/2 for τ in equation 4.2 is set to be nhs, which
means, it is assumed that the weight decreases half of w0 among the
whole sequence.

The assigned sub-sequences are sorted by weights c. The sub-sequences
with the nssl/nhs greatest c are selected and data points in these sub-
sequences are moved to the labeled training set, together with their
predicted labels, by their previous order in the unlabeled training set.
Then the model is re-trained for tssl epochs with the learning rate lrssl.
At last, the self-training process is repeated for nst times to make a
sufficient use of unlabeled data.

During the repeat of self-training process, the counter does not re-
set. The stability counti is computed based on both the last tmeasure

epochs while training with only original labeled dataset and the re-
training processes on the dataset with data points with predicted la-
bels after the first time self-training. And hyperparameters nssl, tssl
and lrssl are not constant among the repetitions of self-training pro-
cess.

4.2 LSTM Model initialized by seq2seq Au-
toencoder

This model is built based on Dai’s classification model [14] introduced
in section 2.2.3. The inspiration is from the generative models pre-
sented in section 2.2.1.

4.2.1 Network Architecture

There are two networks built in this model, first a seq2seq autoencoder
model for unsupervised training, then a standard LSTM classification
model.

The first network architecture is similar to Dai’s work [14] and
Cho’s work [12], shown in Figure 2.8 and 2.9 in section 2.1.3 above. As
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shown in Figure 4.2, both encoder and decoder network are formed
with 4 LSTM layers. All inputs of the decoder are assigned with con-
tent vector, which is the output of the whole encoder network.

Figure 4.2: Structure of seq2seq autoencoder network.

As for the depth of network, a four layers LSTM network is cho-
sen based on Sutskever’s work and Google’s work, which introduced
that deep LSTM overperformed shallow LSTM network [32]. Also,
four layers network performs the best in machine translation tasks us-
ing seq2seq model [33]. Additionally, the content vector in this study
is thought to be more important than in natural language processing
(NLP) tasks, so this network’s structure is more like Cho’s [12] instead
of Sutskever’s [32].

The second network is the classification network, which has al-
most the same architecture as encoder network of seq2seq autoen-
coder model above. Actually, to build the encoder network could be
regarded as a pre-training process of the second network. Besides, the
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output of the network should be processed by a softmax layer in the
end, so that it could be settled in the target space, which means the
output of the whole network could be a classification result.

4.2.2 Initialization, Loss function and Optimizer

The initialization of the seq2seq autoencoder network is also Glorot
uniform initialization [18] mentioned in section 4.1.2. The initialization
of the classification network is based on the training result of the en-
coder network of seq2seq network. Since the only difference between
the structure of classification network and that of encoder network is a
softmax layer without any parameter, the classification network could
be initialized by the encoder network of seq2seq network.

Loss function of seq2seq model is set to be mean squared error
(MSE), which is stated by:

L(θ) = − 1

n

n∑
i=1

(yi − Pi)
2

where yi refers to the true label of data point i and Pi shows the pre-
diction label of data point i.

Then the loss function of the classification model is categorical cross-
entropy as usual, which is already introduced in section 4.1.2 above.

During the training process, Adam algorithm is employed as the
optimizer of this method.
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Dataset and Pre-Processing

This chapter introduces some information for the dataset which is used
in the experiments of this thesis. Then, there is also an introduction
about how the dataset is processed before the experiments.

5.1 Opportunity Dataset

In 2010, Opportunity challenge was set out by 7th Framework Pro-
gram of the European Commission under the Information and Com-
munication Technologies theme to benchmark human activity recog-
nition methods. This dataset is released on the website for this chal-
lenge. It contains the data of sensors around in a daily living envi-
ronment. Approximately 6 hours recording of 4 subjects performing
various tasks in daily living scenario were stored in this dataset. More
specifically, there are 676713 data points (6.27 hours) in the dataset. In
this dataset, all these data points were collected by body-worn sensors.

As for the measurements in the dataset, they were made of both
activities of daily living (ADL) and drill sessions. The ADL recordings
were made of activities without restrictions. In contrast, drill sessions
recordings were made of 20 repetitions of a predefined sorted set of
17 activities. There are two available sets of labeled classes for the
recordings: both static or periodic activities such as standing, walking
or lying down as well as specific sporadic gestures such as the one
connected to drinking from a cup [27].

Data of this dataset was collected by the following apparatus: 5
commercial RS485-networked XSense inertial measurement units (IMU)
included in a custom-made motion jacket, two commercial InertiaCube3
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inertial sensors located on each foot and 12 Bluetooth acceleration sen-
sors on the limbs. The IMUs are each multimodal, consisting of a 3D
accelerometer, a 3D gyroscope, and a 3D magnetic sensor. The sam-
pling frequency for all of the feature channels is 30 Hz. [27]

The division of this dataset was done before released. The same
subset of Opportunity challenge was used for training and testing in
this study. The rule of Opportunity challenge [1] said that the test set
should consist of ADL4 and ADL5 recordings from subject 2 and 3,
and the training set would be all ADL and drill sessions for the first
subject and on ADL1, ADL2 and drill sessions for subject 2 and 3. In
this study, ADL3 dataset for subjects 2 and 3 was left for validation.

As for pre-processing, all feature channels in this dataset have been
normalized to the interval [0, 1].

5.2 Sliding Time Window

For a better usage of the input sequences, the input sequences were cut
out across the temporal dimension by a sliding window mechanism, in
this study. Length of the time window swindow is a hyperparameter in
this study, but the step size is always the half of the time window size,
sstep =

1
2
∗swindow, while doing the segmentation. The constant ratio be-

tween the step size and time window size is based on the experiments
of Ordóñez [27]. As for the label of the time window, it is chosen as
the majority category among data points of the time window.

5.3 Unlabeled data selection

The main purpose of this study is to find out effective semi-supervised
methods to solve HAR tasks. Since there is not any well-known partly
labeled dataset for sensor data based on human activities recognition,
Opportunity dataset is chosen as the experiment dataset of this study.
But as a fully labeled dataset, it is necessary to unlabeled some data
points while keeping the data distribution and temporal features al-
most the same.

In this study, the whole dataset was split to be nsubseq sub-sequences,
while the order of data points in each sub-sequence keeps the same
as their previous order in the original dataset. Then randomly select
(1 − plabeled) ∗ nsubseq sub-sequences and make them unlabeled, where
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plabeled refers to the percentage of labeled data points, which is a hyper-
parameter in this study.

In this study, for each plabeled, ten sets of randomly selected datasets
would be generated. Each of them contains one labeled training set,
one unlabeled training set, one evaluation set and one test set. For
all these generated datasets, the evaluation set and test set remain the
same as the ones in the original dataset, respectively. And the union of
unlabeled and labeled training sets is always the same as the training
set in original dataset.



Chapter 6

Experiments and Results

This chapter is about the experiments settings and their results, to-
gether with some discussions.

6.1 Experiments preparation

Experiments are run in:
Python 3.5.2, TensorFlow 1.8.0, Keras 2.1.5.

Data generation

There are 6 groups of datasets with different percentage of labeled
data (plabeled = 0.05, 0.07, 0.1, 0.2, 0.3, 0.5) in this project. These datasets
groups are ordered from 1-6, thus the group 1 is 0.05 labeled, group 2
is 0.07 labeled, and so on. Each of these groups includes ten different
randomly generated sets of datasets with the same labeled percentage.
Then as introduced in section 5.3, each dataset contains one labeled
training set, one unlabeled training set, one evaluation set and one test
set. The evaluation set and test set remain all the same as the ones
in the original dataset, and the union of unlabeled and labeled train-
ing set is the same, always the training set in the original Opportunity
dataset.

34
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Evaluation metric

The metric of the model’s performance in this study is set to be weighted
F1-score. Regularly, the F1-score is stated by:

F1 = 2
pr

p+ r

where p refers to precision and r refers to recall, thus F1-score is the
harmonic mean of precision and recall.

Assume TP is true positive, FP is false positive, FN is false negative,
precision and recall are stated by:

precision =
TP

TP + FP

recall =
TP

TP + FN

Weighted F1-score is for multi-class classification with imbalanced
data points distribution among classes, which could be computed as:

F1,weight = 2
∑
i

wi
pr

p+ r

where wi is ni/N , ni refers to the number of examples of category i,
and N refers to the total number of examples.

6.2 Baseline: DeepConvLSTM model

6.2.1 Network Architecture

DeepConvLSTM model is also built based on Ordonez’s work [27],
and its architecture is the same as self-training DeepConvLSTM model’s,
which is introduced in section 4.1.1.

6.2.2 Hyperparameter Setting

The length of sliding window swindow = 24, step length sstep = 1
2
swindow =

12. For each hidden layer in this model, the number of hidden state re-
mains the same, nhs = 128. In convolutional layers, there are nfilter =

64 filters with the size lfilter = 5.
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While training the model, learning rate is set as: lrsupervised = 0.01,
batch size is batch_size = 100. There would be tsupervised = 100 epochs
in training process.

Additionally, there would be nst × nssl more epochs training, with
the learning rate lrssl decided by self-training DeepConvLSTM, for a
better comparison between these two models.

6.3 Semi-supervised Learning: Self-training
DeepConvLSTM model

6.3.1 Hyperparameter Setting

The hyperparameter of the sliding window and network architecture
of this model is the same as of baseline model. Also, the learning rate,
batch size and training epochs of the supervised training process are
all same as baseline model’s. In addition, number of counting epochs
for stability computing is tmeasure = 10.

In self-training process, the number of data points which would
be moved to the training set in each self-training repetition nssl =

0.15nunlabeled, where nunlabeled refers to the number of unlabeled data
points in the dataset. For each self-training repetition, number of train-
ing epochs tssl = 2, and learning rate is initialized by lrssl = 0.3lrsupervised,
and then times 0.3 after each repetition, thus lrssl := 0.3lrssl from the
second repetition. There are nst = 3 repetitions for each dataset.

6.3.2 Experiment results

Experiment 1: Self-training model’s performance variance of each
self-training repetition

The first experiment is to investigate whether the self-training process
improves the performance of DeepConvLSTM or not.

This experiment is on the dataset group 6 (plabeled = 0.5). F1-scores
of both baseline and self-training model were collected once after the
fully-supervised training process, then each time by the end of self-
training repetitions.

This experiment has been done for ten times over all ten sets of
datasets in this group. All results shown in Figure 6.1 below are the
average of results collected among all datasets.
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As shown in Figure 6.1, after fully-supervised training, the F1-score
reached 0.6937 for both models. Then, the performance of self-training
model improved 0.0146 after the first self-training repetition, while
the baseline model improved only 0.0042. And after three repetitions,
self-training model’s result reached 0.7138, which is almost 2% over-
performed comparing to the baseline model, whose performance was
only 0.6999. Besides, the improvements of both models became much
slower in repetition 2 and 3, which is mostly because of the decreasing
of learning rate.

Figure 6.1: F1-score of both self-training DeepConvLSTM and baseline
DeepConvLSTM on 50% labeled dataset. X-axis is the number of self-
training repetitions, Y-axis is the weighted F1-score. Red line refers to results
of self-training DeepConvLSTM, blue line refers to results of baseline model.
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Experiment 2: Self-training model’s performance among different
labeled percentage datasets.

The second experiment is to test the performance of DeepConvLSTM
with self-training comparing to the original version.

This experiment is on datasets group 1, and group 3 to 6 (plabeled =

0.05, 0.1, 0.2, 0.3, 0.5). F1-score is collected after the whole training pro-
cess (both supervised and self-training), also each result shown in Fig-
ure 6.2 below is the average of the results of ten datasets in each group.

According to Figure 6.2, self-training DeepConvLSTM performs
better than baseline DeepConvLSTM on all percentage groups. Also,
the improvement increases with the increasing of labeled percentage.

Figure 6.2: F1-score of both self-training DeepConvLSTM and baseline
DeepConvLSTM. X-axis is the percentage of labeled data, Y-axis is the
weighted F1-score. Red line refers to results of self-training DeepConvLSTM,
blue line refers to results of baseline model.



CHAPTER 6. EXPERIMENTS AND RESULTS 39

6.4 LSTM Model initialized by seq2seq au-
toencoder

6.4.1 Hyperparameter Setting

The hyperparameters of the sliding window are the same as the base-
line DeepConvLSTM model’s, which are introduced in section 6.2.2.
Then number of hidden states for all LSTM layers is the same, nhs =

128.
In training process of autoencoder, number of training epochs tpre =

150, batch size batch_sizepre = 200. Learning rate and other hyperpa-
rameters of optimizer "Adam" are set as default setting of Keras (learn-
ing rate lr = 0.01, beta1 = 0.9, beta2 = 0.999).

While training the classification model, number of training epochs
tssl = 200, batch size batch_sizessl = 100. Hyperparameters of opti-
mizer "Adam" are also set as default setting of Keras.

6.4.2 Experiment results

Experiment 3: General performance of LSTM Model initialized by
seq2seq autoencoder among different labeled percentage datasets.

The third experiment is to test the performance of LSTM Model ini-
tialized by seq2seq autoencoder comparing to DeepConvLSTM and
randomly initialized LSTM.

This experiment runs on all 6 groups of datasets (plabeled = 0.05, 0.07, 0.1,

0.2, 0.3, 0.5). Three methods are tested in this experiment: baseline
DeepConvLSTM, LSTM initialized by seq2seq autoencoder and ran-
domly initialized LSTM. Performances are also evaluated by weighted
F1-score, and results are also the mean of ten results on the sets in the
same group.
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Figure 6.3: F1-score of both self-training DeepConvLSTM and baseline
DeepConvLSTM on 50% labeled dataset. X-axis is the number of self-
training repetitions, Y-axis is the weighted F1-score. Red line refers to results
of self-training DeepConvLSTM, blue line refers to results of baseline model.

As shown in Figure 6.3, LSTM models give 0.05 lower weighted F1-
score than baseline when the labeled percentage is smaller than 10%,
and become worse when more than 20% data are labeled. That is be-
cause DeepConvLSTM has a much more complex architecture than
LSTM models, which means DeepConvLSTM could gain more infor-
mation from the same dataset. Also, it needs more information to build
the classification model. As shown below, time costs of these three
methods are as following.
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Method: Time cost (s)
LSTM initialized by seq2seq 2989.853+2099.129
randomly initialized LSTM 2105.527
DeepConvLSTM 22725.264

Table 6.1: Time cost of methods.

In the row of LSTM initialized by seq2seq, 2989.953 seconds refers
to the time cost of seq2seq autoencoder training while 2099.129 sec-
onds refers to the time cost of classification model training. As shown
above, LSTM models are at least 5 times more time efficient than Deep-
ConvLSTM.

Experiment 4: Comparison between LSTM initialized by seq2seq
and randomly initialized LSTM

The fourth experiment is to investigate the benefits of initializing by
a pre-trained generative model, by comparing the curves of loss func-
tions of LSTM initialized by seq2seq autoencoder and randomly ini-
tialized LSTM.

This experiment mainly focuses on how seq2seq initialization af-
fects the loss function of the LSTM model in the training process. It is
on datasets group 3, group 5 and group 6 (plabeled = 0.1, 0.3, 0.5).

Figure 6.4: Experiment on group plabeled = 0.1. Loss of LSTM initialized by
seq2seq (left) and randomly initialized (right), blue line shows loss of training
set and orange one refers to the loss of validation set.
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Figure 6.5: Experiment on group plabeled = 0.3. Loss of LSTM initialized by
seq2seq (left) and randomly initialized (right), blue line shows loss of training
set and orange one refers to the loss of validation set.

Figure 6.6: Experiment on group plabeled = 0.5. Loss of LSTM initialized by
seq2seq (left) and randomly initialized (right), blue line shows loss of training
set and orange one refers to the loss of validation set.

As shown in Figure 6.4-6.6 above, loss curves of LSTM initialized
by seq2seq on the validation set, are generally lower than the curves
of randomly initialized LSTM. Also, seq2seq initialization helps avoid
overfitting. For example, the randomly initialized model got overfitted
before 150 epochs on the group plabeled = 0.1, according to Figure 6.4.
But seq2seq initialized model got overfitted later than 200 epochs on
the same dataset.
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Conclusion and Future work

7.1 Conclusion of project

Back to the research question in section 1.2, we solve the question in
two different ways. Firstly, we modified a state-of-the-art supervised
method in HAR area, DeepConvLSTM, thus the semi-supervised method
Self-training DeepConvLSTM (refers to section 4.1) is proposed, which
could handle the semi-supervised HAR tasks. According to the re-
sults of experiment 1 and 2 (Figure 6.1 and 6.2), its performance is
better comparing to the performance of DeepConvLSTM. The average
weighted F1-score of self-training DeepConvLSTM reaches 0.7138 on
the 50% labeled dataset, while the result of DeepConvLSTM is only
0.6999. Also, for all datasets (labeled percentage from 0.05 to 0.5), self-
training DeepConvLSTM gets higher weighted F1-score comparing to
DeepConvLSTM.

Secondly, a semi-supervised method LSTM initialized by seq2seq
autoencoder is modified to solve HAR problem. This method is firstly
introduced in natural language processing area. After modification, it
works not bad in experiments similar to the experiments in its original
paper, which means the comparison with randomly initialized LSTM
in experiment 3. In that experiment, LSTM initialized by seq2seq au-
toencoder gives better performance when the labeled percentage of
dataset is higher than 0.05, comparing to randomly initialized LSTM.
Further, according to the results of experiment 4 (Figure 6.4-6.6), LSTM
initialized by seq2seq autoencoder gives more stable results than ran-
domly initialized LSTM. I/t is proved that the unsupervised initial-
ized network could avoid overfitting in certain degree, and could give

43
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better results in HAR problems. But according to the comparison be-
tween LSTM initialized by seq2seq autoencoder and DeepConvLSTM
in experiment 3, LSTM initialized by seq2seq autoencoder gives worse
results when the labeled percentage of dataset is higher than 0.2, al-
though it is at least five times more time efficient than DeepConvL-
STM. The differences of performances are mostly because of their dif-
ferent structures, DeepConvLSTM has much more complex structure
comparing to LSTM initialized by seq2seq autoencoder.

To draw a conclusion, the answer to the research question is, there
are actually suitable semi-supervised deep learning methods for hu-
man activities classification based on a partly labeled dataset collected
by sensors. In this project, two suitable methods are proposed, self-
training DeepConvLSTM and LSTM initialized by seq2seq autoencoder.
As for the performance, self-training DeepConvLSTM gives better per-
formance comparing to DeepConvLSTM, but LSTM initialized by seq2seq
autoencoder perform not as well as DeepConvLSTM.

Then comparing to the supervised method, DeepConvLSTM gives
the weighted F1-score 0.8330 on Opportunity Dataset in the previous
KTH Master project [11], and 0.895 in Ordonez’s work [27]. Self-
training DeepConvLSTM gives 0.7138 on 50% labeled dataset is rather
acceptable, especially when the number of its training epochs is only
106 instead of 500 in the previous KTH Master project.

As for the shortages of this project, the most serious one is the
poor performances of the methods on low percentage labeled datasets.
When the labeled percentage is lower than 5%, both semi-supervised
methods’ performances are not acceptable, randomly initialized LSTM
gives the best performance in this project. But in realistic problems, it
would be good to have 5% or even 1% labeled dataset. Our methods
are not good enough in this point of view.

Besides, this thesis also proves that both self-training and unsuper-
vised initialization work well to apply supervised methods in semi-
supervised problems.

7.2 Future Work

As described in section 7.1 above, methods in this thesis are still not
good enough to meet all the requirements. So there are still plenty
of things to do to further develop the methods in this thesis, improve
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the performance and even design better methods with the thoughts of
methods in this project.

1. To test how weight function (equation 4.2) affect the performance
of the self-training DeepConvLSTM method since it is hard to tell out
whether exponential decay model fits the process well. It seems to be
difficult to distinguish how the importance varies from the first input
to the last.

2. The experiments with different hyperparameters, especially dif-
ferent numbers of training epochs, it is not distinguished whether self-
training DeepConvLSTM is somehow underfitting or not. Also the
hyperparameters setting of self-training process, like nssl and how lrssl
changes, has a significant effect.

3. Since both LSTM and convolutional network could be regarded
as generative models, DeepConvLSTM network could be processed as
a generative model. Thus there could be an unsupervised way to pre-
train the DeepConvLSTM network like what we have done to LSTM
network in section 4.2. According to the performance comparison of
randomly initialized LSTM and LSTM initialized by seq2seq, in exper-
iment 3 and 4, it is reasonable to assume that there is DeepConvLSTM
initialized by unsupervised learning, which would have better perfor-
mance than DeepConvLSTM initialized by Glorot uniform initializa-
tion.

4. As described in chapter 1, this study is a part of a cooperative
project with Karolinska Institute. These proposed methods would be
then further tested on the cell-phone accelerometer dataset collected
by Karolinska Institute.
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