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Abstract

Human activity recognition (HAR) task often needs to handle faces the problems of high inter-class similarity and high intra-

class variance. To overcome these challenges, in this paper, we proposed a deep learning-based HAR, framework that utilizes the

advantages of the supervised contrastive learning method to increase not only the inter-class variability of sensor data from

different activities but also the intra-class compactness of sensor data from same activity. Several experiments are carried out

on the UCI HAR dataset with different deep learning model and train-test configurations. The results have proven that using

supervised contrastive learning can increase the system performance compared to the traditional supervised learning method.

I. Introduction and Related Work

Wearable sensor-based human activity recognition (HAR)
is the task of processing and analyzing the data collected
from sensors such as acceleration and gyroscopes embedded
in wearable devices to detect users’ daily-life activity or
abnormal activities such as freezing of gait [1]. Recently,
with the advantages of automatic feature learning without
requiring expert knowledge, several studies have applied
deep learning (DL) algorithms such as long short-term
memory (LSTM) and convolutional neural network to HAR
tasks and achieved better results compared to the
conventional machine learning approach.

However, the DL models with the supervised learning
method often require a large label dataset to be able to learn
deep representations of the data automatically. In addition,
each person has a different way of carrying out an activity,
while some activities such as jumping and falling have
similar patterns in the sensor data. These characteristics of
the wearable sensor-based HAR data often lead to the
problems of high inter-class similarity and high intra-class
variance in deep learning-based classification models. This
makes the classification model easily get wrong predictions.
Thus, it is necessary to use a representation learning method
that can learn an embedding space in which sample pairs of
an activity stay close to each other, while sample pairs of
two different activities are far apart.

II. Methodology

In this paper, we utilize a representation learning method
called supervised contrastive learning [2] to overcome the
high intra-class variance and inter-class similarity in HAR.
Unlike  the

representation learning method which often heavily relies on

well-known  self-supervised  contrastive
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Figure 1. Architecture and training method of the proposed
supervised contrastive learning-based HAR model

the data augmentation method, we employ a fully-supervised
contrastive learning method to effectively leverage the label
information. The framework is divided into two stages:
supervised contrastive learning and target supervised
learning as shown in Fig. 1.

First, a projection head is attached to the encoder to learn
to produce vector representations of input sensor data such
that representations of samples from the same activity will
be more similar compared to the representations of samples
in different activities. During training, the output feature of
the encoder is flattened into a 1-D vector and forwarded to
the projection head constructed from one fully connected
layer with size of a 256. In the contrastive loss, output
features of the projection head from all the data samples in a
mini batch are then normalized using an L2 norm. The
supervised contrastive loss [2] is defined as
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, where P(i) is the set of all other samples in the current

mini batch that have the same label (a.k.a same activity)

with the data sample 7 4 (z) is all the samples in the current
mini batch, exclude the sample 4 Z,is the normalized

output feature from the projection head of the data sample i;
7 is the temperature of the softmax function. This
supervised contrastive loss contrasts the set of all samples
from the same class as positives against the negatives from
the remainder of the batch. After the supervised contrastive
learning, the pre-trained encoder is transferred to the target
supervised learning. A classifier head consists of three fully
connected layers is attached to the output layer of the pre-
trained encoder. A cross-entropy loss is used for this training
process to obtain the final target model.

To analyze the efficiency of the supervised contrastive
learning method in the application of human activity
recognition, different experiments are carried out on the UCI
HAR dataset [3]. Four different deep learning models
including a 2-D convolutional neural network (CNN) and 3
models proposed in [4] (i.e., 1-D CNN, LSTM and hybrid 1-
D CNN-LSTM) are used as the encoders in the supervised
contrastive learning.  The results from the traditional
supervised learning method are used as baselines. In the
supervised contrastive learning method, there are two cases
are considered: 1) the encoder is frozen during the training
process of target HAR task, 2) the encoder is also trained
together with the classifier head. From the experiment
results using accuracy as a performance metric shown in
Table I, the supervised contrastive learning method has
better performance than the purely supervised learning
method in all four deep learning model. The gap between
two learning methods can be clearly seen in the case of 1D-
CNN and hybrid CNN-LSTM models with the difference of
1.4% and 2.2%, respectively. In terms of the encoder, both
trainable encoder and frozen encoder have quite similar
performance.

III. Conclusion

In this study, we proposed a deep learning-based human
activity recognition framework that uses the supervised
contrastive learning to learn a data representation space in
which sample pairs of an activity stay close to each other,
while sample pairs of two different activities are far apart.
The experiment results on several deep learning models have
shown that the supervised contrastive learning outperforms
the conventional supervised learning in the human activity
recognition task by reducing the intra-class variance and
inter-class similarity effectively.
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Table I. Comparison results between baseline supervised
learning and supervised contrastive learning on different
deep learning models

Model Baseline Contrastive | Contrastive
(frozen (trainable
encoder) encoder)

2D-CNN 91.93% 91.94% 92.64%

1D-CNN 92.01% 93.44% 93.36%

LSTM 92.32% 92.88% 92.91%

1D-CNN- 91.04% 93.1% 93.22%

LSTM
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