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Abstract— Human activity recognition is a potential area of
research. For better performance, it requires significant amount
of labelled data. Collecting labeled activity data is expensive and
time-consuming. To solve this problem, transfer learning has
been demonstrated very effective as it gathers knowledge from
labeled train data of source domain and transfers that
knowledge to target domain, which has little or no labeled data.
In this paper, we propose unsupervised transfer learning from
source dataset to target dataset, which are completely different
in terms of number of users and samples. We have used
Maximum Mean Discrepancy (MMD) based transfer learning
model and compared with base Convolutional Neural Network
(CNN) model. We have used 4 datasets for experiment. We have
trained the model on a source dataset and then transferred the
model to a target dataset, which has no labels to classify
activities. We have found that transfer learning model has
achieved better performance compared to the base model.
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I.

INTRODUCTION

Human activity recognition (HAR) refers to recognize
human actions like sitting, walking, jogging etc. It has a wide
area of application in healthcare system, smart home,
surveillance systems etc. A major concern of HAR is to
improve recognition performance. When the train and test
data belong to same dataset, which is performed by same
users, then machine learning models yield good result. There
are several key challenges in HAR. (1) Collecting labeled
data. It is very time consuming. In real life if there is no
labeled data or if there is missing data then performance
begins to drop. (2) Extracting features. It requires domain
expertise to extract features from raw data. (3) Different users
perform same actions differently due to age, habits,
psychology etc. So same activity data in different datasets
varies. (4) Large amount of data. Recently deep learning
models show very good performance over traditional
machine learning models. Deep learning models requires
large amount of data. Therefore, if there is insufficient
amount of data then the model might not perform well. (5)
Probability distribution mismatch. In real world the
probability distribution between source and target domain are
not same. Within same dataset, this mismatch is less compare
to different source and target domains. Therefore, a model
trained on a specific dataset might not work well on a
different dataset.
To overcome these challenges, we propose unsupervised
transfer learning model for HAR. Several researches have
been done on transfer learning for HAR. Some use transfer

learning models to transfer knowledge among body parts,
some transfer among devices, locations etc. [1–3]. Some
researchers used deep learning model with some labeled
target domain data to fine tune the model [5].
Here, we are proposing transfer learning model between
datasets with unlabeled target domain data. To address the
first challenge, (1) labelled data, our proposed transfer
learning model works on unlabeled target domain data. The
source domain data is labeled and target domain data is
unlabeled for our model. Our model is trained on labeled
source data and then tested on unlabeled target domain data.
For the second challenge, (2) features extraction, our model
is CNN based. So, it will automatically extract features. As a
result, manual feature extraction is not required. For the third
challenge, (3) doing same actions differently, our model takes
source and target data as input and extract features from them.
It then measures distances between the feature distribution of
source and target data and tries to predict similar type of
activities. For the fourth challenge, (4) small amount of data,
our model is trained on source domain and then transfers the
knowledge to target domain. It performs well even if there is
small amount of target domain data. It is also not required to
train the model from scratch for the target domain after
training on source domain dataset. As a result, training
requires less time. Finally (5) probability distribution
mismatch. Maximum Mean Discrepancy (MMD) with a deep
learning model is used to measure the dissimilarity between
source and target domain features.
The main contributions of this paper are as follows:
 We propose widely used MMD based unsupervised
transfer learning model, which is trained on labeled source
data and tested on unlabeled target domain data
 While using knowledge from source to target dataset
sometimes the performance degrades. We have provided
explanation in this scenario.
Since our source dataset is labeled so we define the source
domain as 𝐷𝑠 = {𝑥𝑠 , 𝑦𝑠 } . On the other hand, the target
dataset is completely different from source dataset. As the
target dataset is unlabeled so we define the target domain as
𝐷𝑡 = {𝑥𝑡 }. We want to transfer a deep learning model from
𝐷𝑠 to 𝐷𝑡 .
We have organized the paper as follows: Section 1 covers
the introduction of the paper. In Section 2, we present some
related works on activity recognition, transfer learning and
background. In Section 3, we present our proposed method.
In Section 4, we present the experimental and evaluation of

results. In Section 5, we present discussion. Finally, we
conclude the paper with some future work and conclusion in
Section 6.
II.

RELATED WORKS

In this section, we discuss related work on (i) activity
recognition (ii) transfer learning and (iii) transfer learning for
HAR.
2.1 Activity Recognition
In pervasive computing [14] human activity recognition is
a popular research area. Traditional machine learning [14],
[15] and deep learning [16] approaches have been
successfully applied to human activity recognition and have
achieved good accuracy. Deep learning algorithms have
shown better performance than traditional machine learning
algorithms as deep learning methods can extract features
automatically from the raw sensor data. Recursive Neural
Network (RNN) model [17], Long Short Term Memory
(LSTM) have been used in human activity recognition and
have achieved very good accuracy.
2.2 Transfer Learning
Traditional machine learning model is trained and tested on
the data which has same input feature space and same data
distribution. If the data distribution between training and test
data is changed, the performance of the model drops [18].
Obtaining more train data having similar feature space and
data distribution like test data is tough and expensive.
Transfer learning can be used to solve this problem. It
means transferring knowledge from source domain to target
domain. Transfer learning can be used in many fields like
computer vision, natural language processing etc. For
example, in image classification, one of the models like
VGG16, DenseNet121, ResNet50 etc. can be used on a large
image data set and then the model can be transferred to a
small image dataset which has smaller similar type of images
to make the classifier adaptive [19].
There are different types of transfer learning i.e. instance
based, feature based, parameter-based transfer learning etc.
Instance based transfer learning is basically a re-weighting
technique where the weights of the neurons are recalculated
[20]. For parameter-based transfer learning, the model is
trained on labeled source domain and then uses clustering in
target domain [21]. In feature-based transfer learning, the
distances between the features of source domain and target
domain is calculated to minimize the dissimilarity and then
the feature information is transferred between domains [22].
In this paper, we are using feature-based transfer learning.
The features from source and target are extracted and then the
distance is calculated. Maximum Mean Discrepancy (MMD)
is a widely used measurement technique to measure the
differences between source and target features. There are
some popular deep transfer learning models which are based
on MMD, like Deep Domain Confusion (DDC) [9], Domain
Adversarial Neural Network (DANN) [11], Joint Adaptation
Network (JAN) [12] etc. These methods use an adaptation

layer to reduce the discrepancy between the source and target
domain features.
2.3 Transfer Learning for HAR
There have been several researches on transfer learning for
human activity recognition. Paper [7] proposed MMD based
transfer learning model to transfer from one user to another
user. Wang et al. [6] proposed Unsupervised Source
Selection for Activity Recognition (USSAR) algorithm to
select right source domain and then used Transfer Neural
Network for Activity Recognition (TNNAR) to transfer
knowledge across different body parts of human. Paper [8]
used Heterogeneous Deep Convolutional Neural Network
(HDCNN) to transfer knowledge from one device to another.
Cross-domain activity recognition using Stratified Transfer
Learning method is proposed in paper [10].
In real world, there exists some challenges for human
activity recognition using machine-learning methods. In a
particular dataset, the users perform different actions almost
same way but if the datasets are different then the same
actions might be performed in different ways by different
users. The sampling rate might also be changed for different
datasets. As a result, the distribution of source and target
features for a particular activity might hold lots of
differences. In the same dataset, this discrepancy is less,
compared to different datasets. Therefore, it is challenging
for the transfer learning models to minimize this discrepancy
which might lead to poor performance.
Another major problem is unlabeled data. In real world,
collecting labeled data is time consuming an expensive.
Many transfer learning methods have been used with little or
no labeled data. It is a challenge to train a model in such a
way so that even if dataset is different without labels, the
performance does not degrade significantly.
If the datasets are different then proper classification of
similar types of tasks might be difficult. For example,
suppose there is “walking” activity in two datasets. In the first
dataset, the user walks very fast while the user of other
dataset walks very slow. When the model is trained on first
dataset and then tries to recognize actions of second dataset,
then it might not be able to detect the activities properly.
When transfer learning model is applied it will get the feature
distribution of “walking” activity of second dataset very close
to “staying” activity of first dataset. Therefore, the model
might classify “walking” activity as “staying” activity which
is not right. So when the model is trained and tested on a
single dataset, the accuracy becomes high. On the other hand,
when the transfer learning model is trained on a dataset and
then used to recognize activities of different dataset, the
performance might be decreased. Although transfer learning
helps to transfer knowledge from source to target domain, its
performance might decrease due to these real world
challenges.
III.

PROPOSED METHOD

In this section, we present (i) base model (ii) Maximum
Mean Discrepancy (MMD) and (iii) transfer learning model

for human activity recognition. The MMD is used in the
transfer learning model to measure the dissimilarity between
source domain features and target domain features.
3.1 Base Model
We have used 1D Convolutional Neural Network (CNN) as
the base model. It consists of 2 convolutional layers, 1 max
pooling layer and 2 fully connected layers.

Fig. 2. Transfer learning model

Fig. 1. CNN framework for base model

In Fig. 2 the architecture of the transfer learning model is
shown that contains convolutional layers, max pooling layer,
fully connected layers and the figure also shows that MMD
is calculated from source and target features. The transfer
learning model calculates the total loss including
classification loss and MMD loss and then tries to minimize
the loss.

Fig. 1 shows the overall architecture of the base model that
consists of convolutional layers, pooling layers, fully
connected layers etc. Each of first and second convolutional
layer has 64 filters and kernel size is 1x3. After the second
convolutional layer a max pooling layer is used which pool
size is 1x2 and stride is 2. In the end 2 fully connected layers
FC1 and FC2 are used.
The transfer learning model is developed based on this base
model. Therefore, the base model must be very good. The
proposed base model is simple in architecture but provides
very good performance. This model achieves around 90%
accuracy in different datasets like WISDM, HASC, Single
Chest etc.
3.2 Maximum Mean Discrepancy (MMD)
Maximum Mean Discrepancy (MMD) means to measure
the dissimilarity between 2 probability distributions. It does
not require estimating density functions of the distributions
initially, which makes MMD an effective criterion. From the
kernel Hilbert space, MMD uses functions, which are
referred as discriminatory functions.
The two distributions are considered same if the
discrepancy is equal to zero. There are several transfer
learning algorithms like DAN, DDC which are based on
MMD. In these methods, features from source and target are
extracted and then the distances between them are calculated
using MMD.
3.3 Transfer Learning Model
The transfer learning model is developed based on the basic
CNN architecture. Like base model this model also has 2
convolutional layers, 1 max pooling layer and 2 fully
connected layers. Each of the convolutional layers has 64
filters and the kernel size is 1x3. The pool size is 1x2 with
strides 2 for the max pooling layer. In this transfer learning
model both source and target data are passed simultaneously.
After extracting the features from both source and target data
MMD loss is calculated for each batch of data. The
classification loss is obtained from the classifier. The total
loss is the summation of MMD loss and classification loss.

IV.

EXPERIEMENT AND EVALUATION

In this section, (i) dataset setup and (ii) evaluation of
proposed transfer learning model are presented.
4.1 Dataset Setup
For our experiment, we have used 4 datasets: WISDM,
DUMD, HASC and Single Chest Mounted.
DUMD has 10 activities performed by 50 people. Here, for
similar activities among datasets we have chosen 4 activities
performed by 14 users for this dataset.

Fig. 3. No. of samples for WISDM, HASC, Single Chest
and DUMD datasets
In Fig. 3 different number of samples per dataset is
represented. Each dataset contains different number of
activities and users. Each dataset contains only accelerometer
values of three axes: x, y and z. There are no features like
mean, median, max etc. in these datasets. Since CNN is used
for classification so it will automatically extract features.
Below is a short description of these datasets.
Table 1: Dataset description (A = Accelerometer)
Dataset

Sensors

Users

Activities

Sampling
rate

WISDM
Single Chest

A
A

35
15

6
7

20 Hz
52 Hz

HASC
DUMD

A
A

10
14

6
4

100Hz
30 Hz

In table 1, the number of users, sampling rates, activities
etc. are shown for different datasets. Each dataset has
different number of activities. When two datasets are used for
transfer learning, we have used only common activities of
two datasets.
4.2 Evaluation of Transfer Learning Model
We have applied transfer learning from one dataset to
another and compared the result with base CNN model. First,
we have trained base model on one dataset and then tested the
model on another dataset, which has similar activities. We
have trained the base model on labelled source dataset and
then applied it to unlabeled target dataset. For the transfer
learning model, we have extracted features from both source
and target domain and calculated the MMD loss alongside the
classification loss. Here the source data is labeled but the
target data is unlabeled. The model tries to minimize the total
loss to adapt target dataset. After the completion of training,
we have tested the model on target dataset to obtain the test
accuracy. Finally, we have compared the performance
between base model and transfer learning model based on
accuracy. Throughout the experiment, we have used transfer
learning model from single source domain to single target
domain.
Table 2: Classification accuracy (%) W = WISDM; H = HASC; D =
DUMD; S = Single Chest
Dataset
Without
Using
Transfer
Transfer
Learning
Learning
WD
25.34
32.93
WS
40.67
61.93
HD
49.96
54.39
SH
50.46
49.62
SD
50.68
50.89

Similar scenario happens for WISDM and HASC datasets.
Therefore, we have visualized and analyzed the signal data of
these 3 datasets.

Fig. 4. Sitting activity of DUMD

Fig. 5. Sit Down activity of HASC

In table 2, the accuracies obtained from base model and
transfer learning model are shown. Here AB means we are
transferring the knowledge of our model from “A” dataset to
“B” dataset.
From the table 2, it is seen that the accuracy gets improved
while using transfer learning model than the base CNN
model. We have used feature-based transfer learning here.
When transferring from one dataset to another dataset, we
chose similar type of activities between source and target
dataset. Depending on the datasets the number of similar
activities were two, three, four etc.
From the experiment, it is found that sometimes for any
particular activity of source and target dataset the accuracy
degrades. For example, from HASC and DUMD datasets, we
chose 3 common activities: “Jogging”, “Walking”, “Sitting”.
If we train the base model on HASC dataset for these 3
activities and then test the base model on DUMD dataset, the
accuracy becomes 33.47%. For transfer learning model the
accuracy is 33.24%. If we remove the “Sitting” activity and
then train and test the models then for base model accuracy
becomes 49.96% and for transfer learning model it becomes
54.39%.

Fig. 6. Sitting activity of WISDM
Fig. 4, 5 and 6 show the graph of “Sitting” activity that
contains 3 axes accelerometer data for 3 different datasets.
From the above figures of “Sitting” activity it is seen that
the accelerometer value range is different among these
datasets. Since the datasets are different, so a particular
activity might be performed in different ways. For example,
in one dataset the signal value represents the user is sitting
idly where in other dataset it probably represents the way of
sitting from standing state. This is a big challenge while
applying transfer learning from source dataset to target
dataset. The problem eventually becomes severe when the
target dataset is unlabeled and contains small amount of
samples.

When transfer learning is used within the source and target
datasets that have similar type of data distribution then the
accuracy becomes high. In paper [7] the transfer learning was
used from one person to another of same dataset. There each
user had same amount of data for each activity. Therefore,
when transfer learning was used from one person to another,
the model performed well. On the other hand, if number of
data for a particular activity is different between 2 datasets
then the MMD loss measurement might not proper. If one
activity data becomes much larger than the data of similar
activity of other dataset then after running several batches the
next activity data will come and be compared with the
activity of other dataset. In that case, there will be 2 different
activities and the MMD loss will be calculated for the feature
distribution of these 2 different activities. As a result, the
accuracy will be decreased. Therefore, it is also a big
challenge to use transfer learning efficiently between source
and target domains, if the similar activity of 2 different
datasets, contains different number of samples.
V.

DISCUSSION

In this paper, we have proposed unsupervised transfer
learning based on Maximum Mean Discrepancy (MMD). We
have applied the model on 4 datasets, each time making one
dataset as source domain and other dataset as target domain.
The source domain was labeled but the target domain was
unlabeled. We have used base model to train on source
dataset and then tested on target dataset. On the other hand,
we have passed both labeled source dataset and unlabeled
target dataset to transfer learning model. The model extracts
the features from both source and target datasets and then
uses MMD to calculate discrepancy between the feature
distributions. We have compared the performances of both
base model and transfer learning model. It is seen that most
of the cases the performance of transfer learning model is
better than the base model.
In the introduction section, we have listed some key
challenges for human activity recognition and tried to solve
them using transfer learning. One challenge was insufficient
train data. Transfer learning model gathers knowledge from
large dataset and transfers knowledge to small dataset.
Among the 4 datasets, DUMD has the least number of
samples. Therefore, we have trained our transfer learning
model on large dataset and then applied the knowledge to
DUMD dataset. It is found that the accuracy is improved
compared to base model in this scenario.
Another problem was labeled train data collection. Using
transfer learning on a labeled train dataset, we can test on
unlabeled test dataset, which has similar activities like source
dataset. So using transfer learning this problem can be solved.
Finally, probability distribution mismatch. We can use
transfer learning model to extract features from source and
target datasets. Then we can use MMD to measure the
dissimilarity between feature distributions of source and
target datasets. We can identify which features are close
between source and target datasets. Therefore, using transfer
learning model most of the challenges can be solved.

However, the accuracy using transfer learning model is not
so high although its performance is better than base model.
The reason is large and small number of samples of source
and target datasets. If the number of samples for each activity
of source and target datasets are not same then features of
different activities from source and target datasets might be
compared. This will lead to large MMD loss and the accuracy
will drop. For better performance the number of samples for
each activity from both source and target domains needs to
be almost equal. To solve this uneven number of sample
problem, one solution might be sorting similar activity
samples and then compare similar activity samples. This will
prevent comparing different activity samples and the
accuracy might improve.
Another cause of relatively low accuracy of transfer
learning model is doing same activity of source and target
datasets in different ways. The sampling rate, user’s age,
psychology etc. affect performing same activity in various
ways. Therefore, if these type of activities exist in source and
target domain then accuracy might drop because due to high
variation of feature values the MMD loss will be high. This
is a very big challenge for HAR using transfer learning.
VI.

CONCLUSION AND FUTURE WORK

Collecting large amount of labeled data is time consuming.
Transfer learning has been proved effective to solve this
problem since it transfers knowledge from large dataset to
small dataset, which has little or no labeled data. In this paper,
we have proposed unsupervised transfer learning. We use
feature-based transfer learning model from one dataset to
another different dataset that contain similar type of activities
but different number of samples. Although the performance
is better than the base model, sometimes it degrades.
Different users can perform the same activity in different
ways. Therefore, the sensor value pattern for same activity in
different dataset varies. As a result, the feature distribution
between source and target datasets varies a lot that leads to
poor recognition performance for the transfer learning model.
In the future work, we will analyze the feature distributions
of source and target datasets, which are extracted by deep
learning models. This will help us to visualize whether the
right features are transferred or not from source to target
datasets. We will apply transfer learning among other
different datasets and compare performances. Besides, we
want to use heterogeneous transfer learning for human
activity recognition.
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