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Abstract: Recently, the research community has taken great interest in human activity recognition
(HAR) due to its wide range of applications in different fields of life, including medicine, security,
and gaming. The use of sensory data for HAR systems is most common because the sensory data are
collected from a person’s wearable device sensors, thus overcoming the privacy issues being faced in
data collection through video cameras. Numerous systems have been proposed to recognize some
common activities of daily living (ADLs) using different machine learning, image processing, and
deep learning techniques. However, the existing techniques are computationally expensive, limited
to recognizing short-term activities, or require large datasets for training purposes. Since an ADL
is made up of a sequence of smaller actions, recognizing them directly from raw sensory data is
challenging. In this paper, we present a computationally efficient two-level hierarchical framework
for recognizing long-term (composite) activities, which does not require a very large dataset for
training purposes. First, the short-term (atomic) activities are recognized from raw sensory data, and
the probabilistic atomic score of each atomic activity is calculated relative to the composite activities.
In the second step, the optimal features are selected based on atomic scores for each composite activity
and passed to the two classification algorithms: random forest (RF) and support vector machine
(SVM) due to their well-documented effectiveness for human activity recognition. The proposed
method was evaluated on the publicly available CogAge dataset that contains 890 instances of 7
composite and 9700 instances of 61 atomic activities. The data were collected from eight sensors
of three wearable devices: a smartphone, a smartwatch, and smart glasses. The proposed method
achieved the accuracy of 96.61% and 94.1% by random forest and SVM classifiers, respectively, which
shows a remarkable increase in the classification accuracy of existing HAR systems for this dataset.

Keywords: human activity recognition; activities of daily living; composite activities; atomic activities;
signal processing; sensory data analysis

1. Introduction

Human activity recognition (HAR) is extensively used to monitor the daily life activi-
ties of persons in homes, especially elderly people, to support healthy and active aging.
Such systems are being used for other medical or security purposes. Previously, video
cameras were being used for data collection of these systems, but most people are not
comfortable with the cameras, as everyone is concerned about their privacy. Moreover,
the installation and maintenance cost of video cameras is also non-negligible [1]. With
the advancement of technology, cheaper and highly accurate motion sensors in mobile
phones and wearable devices, e.g., smartwatches and smart glasses, are now being used
to monitor the activities of daily living (ADL) [2,3]. These wearable devices use different
sensors, including accelerometer, gyroscope, heart rate, barometer, and magnetometer. The
HAR systems are mainly designed to detect two types of activities: atomic and composite.
Atomic activities are short-term smaller activities like sitting, standing, bending, walking,
etc. These activities can be recognized from raw sensory data or smaller video frames
directly. Composite activities are long-term activities, usually composed of two or more
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atomic activities. For example, the activity of washing hands is a composite activity that
is composed of different atomic activities like opening tap water, applying soap, rubbing
hands, closing tap water, etc. [4].

It is challenging to use raw sensory data for the recognition of composite activities
directly [5] because, if multiple examples of the same composite activity are performed by
the same person but with a change in the order of underlying atomic activities, the sensory
data stream will be different. In general, the meaningful features from raw sensory data
are first extracted, and then using those features, the composite activities are recognized.
As an atomic activity is of short duration of time, it can be easily recognized from sensory
data. We can say that in such cases, we can use atomic activities as meaningful features for
composite activity recognition because the diversity of sensory data is minimal in terms of
atomic activities. Thus, each example of the same composite activity produces different
raw data but, in terms of atomic activities, it is considered as the same [6].

HAR systems are usually designed to follow a standard sequence of pattern recogni-
tion to recognize the composite activities: data collection, pre-processing, feature extraction,
selection of meaningful features, and classification in the respective classes [7,8], as shown
in Figure 1. These systems use different machine and deep learning techniques for feature
extraction and selection of related features. In addition to these techniques, ontology-based
learning is also used for activity recognition and reasoning systems.

Data collection Pre-Processing Feature Extraction Feature Selection Classification
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Figure 1. Standard sequence of steps for human activity recognition from raw sensory data: The
first two boxes in the figure depict the sensory signals, where the x-axis represents the time and the
y-axis represents the information provided by the respective sensor, e.g., accelerometers measure a
changing acceleration (in meters) on the sensor, gyroscopes measure changing angular motion, etc.

Feature encoding and optimal feature selection are important parts of HAR systems.
The techniques used for feature encoding of HAR can be classified into three categories.
Some studies have used the handcrafted features [9,10] that are manually calculated as
statistical measures (average, variance, skewness) from the raw data and passed to the
machine learning classifiers as input [11–14]. Codebook-based approaches are also used for
feature encoding in various HAR systems. In these approaches, the input data are divided
into different clusters using clustering algorithms like k-means. These clusters act as a
dictionary, with the center of each cluster as a codeword. These codewords are then used
to create a histogram-based feature vector for the classification of activities [15,16]. Deep
learning-based approaches are also utilized for the classification of human activities. These
techniques use automatic feature extraction for the classification model. Convolutional neu-
ral networks (CNN), recurrent neural networks (RNN), long short-term memory (LSTM),
and many hybrid deep learning models are commonly used [17,18]. The existing feature
encoding techniques have some limitations. For example, the handcrafted-based techniques
are time-consuming and require more manual effort, which leads to the possibility of hu-
man error. However, these techniques can give better results on smaller datasets. The deep
learning-based techniques have proven to give better results, but they require extensive
data for efficient performance and are computationally more expensive. Codebook-based
techniques provide a compact representation of data, which reduces the dimensionality.
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Moreover, these are less error-prone than handcrafted techniques, and they are also less
complex and computationally intensive than deep learning-based techniques. However, if
we add more classes in the dataset, we need to recompute codebooks. Keeping in mind
these limitations, we have proposed a method using a codebook based-approach for feature
encoding, which can perform efficiently in less time and on a limited dataset.

In this paper, we present a generic framework for the recognition of human ADLs.
Since human ADLs are long-term activities consisting of several repetitive short series
of actions, the recognition of the composite activities directly from raw sensory data is
challenging because of the diversity of data in two or more sequences of the same activity.
However, there can be some similarities in the temporal sequence of atomic activities.
Therefore, to address this problem, we propose a two-level hierarchical method to recognize
the composite activities from the sensory data. In the first step, the atomic activities are
recognized from raw sensory data, then the composite activities are recognized in the
second step. Initially, the low-level features are calculated from raw sensory data using
the basic bag-of-features (BOF) codebook approach. These features are passed to the SVM
for atomic activities classification; the SVM is designed to produce results ranging from
0 to 1 for each atomic activity. These values are named as atomic scores for each atomic
activity relative to the specific composite activity. Based on the percentage of these atomic
scores, the optimal features are extracted for the classification of composite activities and
are passed to the classifiers: SVM and RF. We used the CogAge dataset for the evaluation
of the proposed method. The dataset contains seven composite activities collected from
six individuals wearing smart glasses, smartwatches, and a smartphone placed in their
pockets. Each composite activity is represented by the combination of 61 atomic activities
(i.e., 61-dimensional feature vector). The major contributions of this study include:

• A generic framework is presented to recognize complex, long-term human activities
of daily living (i.e., composite activities) using a two-level hierarchical approach to
address the challenge of recognizing composite activities from raw sensory data;

• An optimal feature learning technique is presented that uses atomic scores of the
underlying atomic activities in a composite activity;

• The proposed method was evaluated on the CogAge dataset, demonstrating a signifi-
cant improvement in accuracy compared to existing methods, which highlights the
effectiveness of the proposed framework.

2. Related Work

Activity recognition has gained the attention of researchers in the last few decades
for its applications in security, medicine, rehabilitation, and gaming. Previously, the study
was limited to recognizing simple actions (atomic activities) like sitting, standing, walk-
ing, etc. However, human daily life activities are long-term activities usually performed
hierarchically. Therefore, the recognition of human long-term (composite) activities is
a hierarchical task. Recently, different studies have been conducted to recognize both
shorter and long-term activities of daily living using different techniques. The existing
HAR methods can be divided into three groups based on their implementation technique:
handcrafted feature-based techniques, codebook-based techniques, and deep learning-
based techniques, as shown in Figure 2. A brief discussion of each technique is given in the
following subsections.

2.1. Handcrafted Feature-Based Techniques

In this domain, the researchers compute the desired features and fuse them to make a
feature vector, which is then fed to any classification algorithm. Handcrafted features are
usually the simplest statistical measures, like mean, median, standard deviations, etc., or
some complex features, like power spectral density, Fourier transform, etc. These features,
also known as manual features, are calculated directly from the raw sensory data after some
pre-processing and can be used directly or as an input to the machine learning models for
HAR systems [19–22]. Different studies have used handcrafted features for HAR with deep
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and shallow models [23–27]. Some of the commonly used handcrafted features for HAR
systems are shown in Table 1.

Raw Sensory 

Data

Handcrafted 

features-based 

techniques

Codebook-

based  

approaches

Deep Learning-

based 

approaches

Figure 2. Classification of existing features encoding techniques for HAR systems.

Table 1. Commonly used handcrafted features in different HAR studies. These features are mostly
the simplest features that are calculated directly from raw sensory data and used as an input of any
classification algorithm.

Feature Formula

Minimum min = minj=1,...,n(xj)
Maximum max = maxj=1,...,n(xj)

Mean x̄ = 1
n ∑n

x=1 xi
Median Me = x0.5

Standard Deviation s =
√

1
n−1 ∑n

x=1(xi − x̄)
Variance s2 = 1

n−1 ∑n
x=1(xi − x̄)

Skewness S =
1
n ∑n

x=1(xi−x̄)3

s3

Kurtosis K =
1
n ∑n

x=1(xi−x̄)4

s4

Root Mean Square RMS =
√

1
n ∑n

x=1(xi)2

The authors in [28] calculated the statistical handcrafted features in both frequency
and time domains (including minimum, maximum, standard deviation, skewness, kurtosis,
weighted average, etc.) from the sensory data of mobile phone sensors. These features
represent the properties of different activities in two domains. They passed these hand-
crafted features and raw data to the shallow and deep models. The handcrafted features
with shallow models gave the best results for their data. The authors in [7] used a two-level
hierarchical method for the recognition of human composite activities. In the first step, the
atomic activities were recognized using seventeen handcrafted features, including mean,
median, first-order norm, skewness, etc. In the second step, these handcrafted features
were used to recognize the composite activities.

In [21], the authors investigated a combination of handcrafted features with traditional
classifiers and compared their results with deep learning-based models on four datasets.
A total of 63 handcrafted features (including mean, standard deviation, interquartile dif-
ference, skewness, etc.) were computed, listing 21 features in each of the x, y, and z axes.
There was not a remarkable difference in the results of handcrafted features with machine
learning algorithms and deep learning-based models. However, the results of the use of raw
data were very low as compared to both. In [29], the authors proposed the orthodox aspects
of handcrafted features for HAR. They computed vector point (VP) and absolute distance
(AD), which reduced the data size three to six times, thus reducing the time complexity
and increasing the accuracy. Handcrafted-based features are efficient in computations, can
easily be calculated, and are also effective when we have limited labeled data. However,
computing handcrafted features may be time-consuming and require manual effort where
human error is possible [16,30]. Moreover, we require a re-computation of features if more
classes are added to the training.
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2.2. Codebook-Based Feature Extraction

These techniques convert the raw sensory data into compact high-level features by
following the channel of the bag-of-features (BOF) approach [31]. In such techniques
initially, the data are clustered using any clustering algorithm (like k-means). These clusters
form a codebook, and the center of each codebook is a codeword. Using these codewords,
a histogram is constructed that represents the data as compact high-level feature vectors.
These feature vectors are used as an input of any classification algorithm [32].

The authors in [33] used a codebook-based approach in combination with template
matching to increase the computational and space efficiency in human locomotion activ-
ity recognition (HLAR). In another study [34], the authors proposed a codebook-based
approach using k-means clustering for the assessment of human movements of different
physical activities. A hierarchical method for HAR systems was proposed in [6]. First, the
atomic activities were detected using a codebook-based approach and their recognition
score for each composite activity was calculated. In the second step, they encoded the
atomic scores for atomic activities using the temporal pooling method (rank pooling) for
composite activity recognition. Other studies using codebook-based approaches for feature
encoding in the HAR systems include [31,35–37].

Codebook-based techniques represent the data as compact feature sets by reducing
the dimensionality of the feature space. These techniques specifically retain the relevant
features and remove noise by ignoring the irrelevant features, thus highlighting the im-
portant ones. However, important data may be lost by dimensionality reduction in such
techniques. The classification is mainly dependent on the quality of the codebook, so a
poor choice of codewords may lead to lower accuracy. Moreover, such techniques can be
computationally more expensive when we have to manage large codebooks and require
additional computation if we add new classes to the dataset [38].

2.3. Deep Learning-Based Techniques

Deep learning models have had remarkable performance in wearable human activity
recognition. Such models are end-to-end networks that can learn complicated patterns
from raw data directly using a fully automated feature extraction method. Deep learning
models, including multilayer perceptron and artificial neural networks, are also being used
in HAR systems [39–43]. Other deep learning models used for HAR include convolutional
neural networks (CNN) [44], recurrent neural networks RNN [45], hybrid models [46,47],
and gated recurrent units (GRU) [48]. Auto-associative learning modules, generally called
auto-encoders, are commonly used for feature learning as unsupervised algorithms. Dif-
ferent studies used the features extracted from auto-encoders as an input of classifiers in
activity recognition systems to improve the performance [49–53]. As auto-encoders do
not require annotations, so many activity recognition systems have used autoencoders for
dimensionality reduction of the very large HAR datasets [50,54–61].

The authors in [62] proposed a temporal convolutional hourglass auto-encoder (TCHA)
in which they learned both spatial and temporal features from videos. They evaluated
the proposed method on their own compiled dataset and also on some state-of-the-art
datasets and claimed a good average accuracy for all the datasets. The authors in [63] used
a deep convolutional neural network with a hierarchical-split (HS) model to increase the
performance of activity recognition. The idea of the HS module gives better results as
compared to the basic modules with the same model complexity.

Yang Li et al. [64] proposed a method for sensor data contribution significance analysis
(CSA) for HARs based on sensor status. In this method, they measured the contribution
of different sensors to the recognition of a particular behavior. Then, the spatial distance
of the matrix was created to enhance context awareness and minimize data noise, thus
proposing a HAR algorithm based on a wide time-domain convolutional neural network
and multi-environment sensor data (HAR-WCNN) for daily behavior recognition. The
authors in [47] used five different hybrid deep learning models and proposed a multi-layer
hybrid LSTM-GRU model for human activity recognition using sensory data. The model
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was evaluated extensively on two different datasets. Many studies have been made for
activity recognition using RNN and LSTM models [65–70] in HAR systems. As a composite
activity is a long-term activity, these networks outperform for HAR systems.

A recent study in [71] proposed a one-dimensional (1D) CNN using a deep learning
approach for human activity recognition. In addition to activity recognition, it detected
activity-related anomalies in the daily lives of individuals. The authors in [72] proposed
a two-step hierarchical system to detect suspicious activities. In the first step, a two-
dimensional (2D) CNN model is used to extract important characteristics from input data,
while an LSTM is trained in the second step to predict whether the activity is suspicious. The
authors in [73] proposed a WiFi-based HAR using a deep learning approach. They used a
recurrent neural network (RNN) with an LSTM model to classify indoor activity sequences.

In addition to simple deep learning models, several recent studies have proposed
ensemble deep learning models for activity recognition using sensory data. For example, the
authors in [74] addressed the inadequacy problem by evaluating fifteen data augmentation
techniques. Additionally, they recognized human ADLs by proposing a multi-branch
hybrid Conv-LSTM network for automatic feature learning. They assessed their ensemble
model on two datasets, achieving better results. Another study [75] proposed deep neural
networks with the combination of a set of convolutional layers and capsule network
(DCapsNet) to automatically extract the activity features for HAR or gait recognition. The
authors in [76] combined three deep learning models, including a bidirectional long-short-
term memory, a convolutional neural network, and a bidirectional gated recurrent unit, for
activity recognition directly from raw sensory data. The method can efficiently recognize
both long-term and short-term activities from unprocessed data. In another study [77], the
authors proposed a time convolution network recognition model with attention mechanism
(TCN-Attention-HAR) for human activity recognition. They used the TCN for extracting
temporal features and attention model to assign higher weights to important features,
claiming to get excellent recognition performance compared to the other advanced models.

Although the deep learning-based models perform best on various datasets, it is
challenging to rigorously assess their performance for feature learning methods. In
deep learning-based models, the whole process becomes highly complex due to many
factors, including the lack of knowledge [8,78], the selection of appropriate network
architecture [79,80], and determining the appropriate parameter values [7,81,82] to ex-
tract the meaningful features for accurately representing the activities. Despite the fact that
deep learning techniques can autonomously extract important features from raw sensory
data, standalone deep learning models are not sufficient to capture the in-depth association
between the patterns [47,83]. To this end, the ensemble deep learning models have proven
to be effective to obtain better results as compared to the traditional deep learning models;
however, they are computationally complex and increase the model’s complexity, requiring
extensive data. Moreover, the hyper-parameter tuning is a challenging task in such mod-
els [84]. Although the deep learning-based models require a lot of data for training purpose
to get better results [85,86], this limitation can be overcome by using the pre-trained models
or data augmentation techniques.

The existing HAR systems are either limited to short-term activities or their perfor-
mance is not very effective. A system is required for the effective recognition of human
activities of daily living (ADLs) for handling real-world uncertainty. Optimal feature extrac-
tion is very important in such systems. However, existing feature extraction techniques have
some limitations: handcrafted-based techniques are not very reliable, as they are manually
extracted and the possibility of human error is higher in such techniques; codebook-based
and deep learning-based techniques are computationally expensive. Therefore, a compu-
tationally effective method for feature extraction is also required for long-term activity
recognition. All these factors encourage us to propose a technique for the recognition of
ADLs with an effective feature extraction method.
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3. Proposed Method

Because composite activities are long-term activities consisting of short sequences of
small actions, traditional methods struggle to recognize them directly from raw sensory
data. For example, if we take multiple examples of the same composite activity performed
by the same individual but with a change in the order of underlying atomic activities, the
stream of sensory data will be different. However, we can observe a similarity in terms of
the data stream of atomic activities. Although deep learning-based techniques have shown
the capability to recognize these composite activities directly from raw data, they require
extensive data for training purposes to get better results. Considering these limitations, we
propose a two-level hierarchical method. In the first level, the short-term (atomic) activities
are recognized from raw sensory data, and the atomic score of each atomic activity is
calculated. Second, the optimal features are selected based on the percentage of atomic
score. These features are then passed to the classifiers for recognition of composite activities.
The overview of the proposed method is described in Figure 3. The implementation details
of the proposed methodology are provided in the following subsections.
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Figure 3. The proposed method works in a two-level hierarchical manner: First, the atomic activities
are recognized directly from raw sensory data and the atomic score of each atomic activity is calculated.
In the second step, the optimal features are selected on the basis of atomic score percentage and fed
to the classifiers for composite activities recognition. The first box in the figure depicts the sensory
signals, where the x-axis represents the time and the y-axis represents the information provided by
the respective sensor, e.g., accelerometers measure a changing acceleration (in meters) on the sensor,
gyroscopes measure changing angular motion, etc.

3.1. Atomic Activities Recognition

Human ADLs are long-term activities that consist of a sequence of small actions
(atomic activities). Accurate recognition of the atomic activities is very important, as these
results serve as a baseline for our next steps. There are a total of 61 atomic activities in the
CogAge dataset, including state and behavioral activities like sitting, standing, cutting,
opening a tap, etc. Therefore, each composite activity is represented by a combination of
the 61-dimensional feature vector in our dataset. The raw sensory data are processed to
get feature vectors of atomic activities. For the sensory data, let us first clarify some terms
typically used. When we say time-series data, we refer to the whole data used for training
and testing, but when we say a sequence, it may be a segment of the data. For example, the
data recorded from different individuals in 24 h can be referred to as time series data and a
small window of data is the sequence. The subsequence refers to the smaller window within
a sequence (see Figure 4). In this step, our objective is to predict the labels of a sequence.
For this purpose, we need a feature vector for each sequence as a robust representation of
the data. Using the distribution of each subsequence, the feature vectors of sequences are
constructed by the codebook approach.



Information 2024, 15, 593 8 of 22

Figure 4. An illustration of decomposition of time series data into sequences and subsequences. The
first two boxes in the figure depict the sensory signals, where the x-axis represents the time and the
y-axis represents the information provided by the respective sensor, e.g., accelerometers measure a
changing acceleration (in meters) on the sensor, gyroscopes measure changing angular motion, etc.

The atomic activity recognition method comprises two main phases: feature extraction
and model training. In the feature extraction phase, a feature vector representing the
characteristics of each sensor’s corresponding sequence is extracted. Subsequently, the
features of all the sensors are fused to make a high-dimensional feature vector representing
each composite activity. This phase uses a codebook approach, in which subsequences are
selected using a sliding window then, using k-mean clustering, a codebook is constructed.
The center of each codebook is a codeword. After the construction of the codebook, code-
word assignment takes place, in which each subsequence is assigned to the most similar
codeword, thus obtaining the features of each subsequence. The codebook-based approach
is explained in Figure 5. Finally, the features extracted from sequences for each sensor
are fused using an early fusion approach (as discussed in [87]), where features for S sen-
sors are simply concatenated into a high-dimensional feature. The construction of the
codebook-based feature vector is explained below.
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Codewords

Histogram

based 

features

Sensory Data Codebook Construction Codeword Assignment

Figure 5. Codebook-based feature computation process. The codebook is constructed by grouping
similar subsequences using a k-means algorithm. The center of each codebook is a codeword. The
features are computed by assigning each subsequence to the most similar codeword. The first two
boxes in the figure depict the sensory signals, where the x-axis represents the time and the y-axis
represents the information provided by the respective sensor, e.g., accelerometers measure a changing
acceleration (in meters) on the sensor, gyroscopes measure changing angular motion, etc.

3.1.1. Codebook Construction

The first step of codebook construction is to identify suitable codewords. From the
training data, subsequences of the same length are extracted. These subsequences can be
defined as the sliding windows of size w that are shifted from start to end of the dataset.
The window is positioned at every lth time point, where a smaller l results in a large
overlap between neighboring subsequences. Note that the window size w and sliding size l
are the hyper-parameters, so they must be selected carefully. However, we can choose w
independently from the expected duration of activities, as the final classification will be
based on the histogram of codewords within a given time interval.

The next step involves the grouping of subsequences into N different clusters. We
have used k-mean clustering for identifying the N clusters of similar subsequences. We
measured the distance between two subsequences using the Euclidean distance. We can
define it mathematically as

J =
N

∑
i=1

∑
x∈Si

∥x − µi∥2 (1)

where N is the number of clusters, Si is the set of subsequences assigned to the ith cluster,
x represents a subsequence, and µi is the centroid of the ith cluster. The Euclidean distance
∥x − µi∥2 measures the distance between a subsequence x and the cluster centroid µi. In
this way, a codebook consisting of N clusters is generated, where the center of each cluster
is the codeword.

3.1.2. Codeword Assignment

After the construction of the codebook, a histogram is constructed representing the
distribution of N codewords for conversion of a sequence into a feature representation using
the simplest bag-of-features (BOF) approach due to its effectiveness in the action recognition
and image classification [31]. Each subsequence is assigned to a similar codeword and its
frequency is incremented. Subsequently, the histogram of codewords is normalized so that
the sum of the frequency of N codewords is equal to one. This assignment approach is
known as hard assignment.

3.1.3. Model Training

We trained a one-vs.-all classifier to distinguish between training sequences with labels
of target activity and of other activities. As the dimensions of the features are higher, we
used SVM for its effectiveness in handling the high dimensional feature vectors [88]. The
SVM positions the boundary at an equal distance from positive and negative sequences to
draw a classification boundary using the margin maximization principle. For recognition
of N activities, N SVMs are trained as binary classifiers, with one SVM for each activity.
Among all these classifiers, we used SVM with the highest score for the recognition of
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test sequences. For all these SVMs, a radial basis function (RBF) kernel is used that has
only a single parameter γ to control the complexity of the classification boundary. It is
observed from previous studies [89] that if we set γ as mean of squared Euclidean distances
among all training sequences, it gives a stable and computationally cheaper performance.
Additionally, the value of hyper-parameter C to controls the penalty of misclassification is
set to 2 because of the effectiveness of this setting for activity recognition tasks as mentioned
in [90]. The decision function used in SVM with an RBF kernel is the same as in Equation (6)
described in the next subsection.

In addition to classification, the SVM is trained to output a scoring value between 0
and 1, indicating the likelihood of the example containing the atomic activity. These values
are actually the recognition scores (known as probabilistic atomic scores in our study),
which play a major role in the selection of optimal features.

3.2. Feature Selection for Composite Activities

A composite activity is made up of a sequence of atomic activities, and each atomic
activity is associated with a probabilistic atomic score. For example, in the “Brushing Teeth”
composite activity, the atomic score of “Standing” is higher, but the scores of of “Lying”,
“Clean Floor”, or “Clean Surface” are much lower. Conversely, in the “Cleaning Room”
composite activity, The atomic score of “Clean Floor” and “Clean Surface” will be higher
than all the other atomic activities. To handle this uncertainty, the atomic activities are
selected on the percentage of their participation (atomic score) in particular composite
activities as best features. For example, in Brushing Teeth, out of 61 atomic activities,
24 activities have a greater than 90% atomic score, 14 activities have a greater than 80%
score, and only 8 activities have a score greater than 70% of all atomic activities score.
Therefore, instead of taking all 61 atomic activities as features, we can set any threshold on
the percentage participation of the atomic activities and use only those atomic activities as
best features to train the model for that specific composite activity as they participate more
in recognition of that composite activity. The activities with their percentage participation
are described in Table 2.

Table 2. The count of atomic activities in composite activities across different percentages of atomic scores.

Composite Activity Name Atomic Activities Count in
90% 80% 70%

Brushing Teeth 24 14 8
Cleaning Room 20 11 8

Handling Medication 25 15 9
Preparing Food 26 15 9

Styling Hair 17 9 6
Using Phone 18 10 7

Washing Hands 16 9 6

If we use all 61 atomic activities as features, this will negatively impact the training, as
some activities have very low atomic scores, i.e., nearly equal to 0, and it also it slows down
the training of the classifier. It means that these atomic activities do not participate in the
performance of that composite activity. We extracted those atomic activities and eliminated
them from the training of that composite activity. Similarly, using 80% or fewer activities
as features can increase the chance to lose important data, as the number of activities is
too low in these percentages. Here, we have set a threshold of 90% participation of atomic
activities because it contains a sufficient number of atomic activities for each composite
activity. We can define it as:

Aselected = {ai ∈ A |
na

∑
i=1

si ≥ 0.90} (2)
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where Aselected is the set of selected atomic activities, ai is an atomic activity, A is the set of
all 61 atomic activities, and si is the atomic score of the ith atomic activity. Then, the feature
vector Fc is created for each composite activity ci.

Fc = [F1, F2, . . . , Fn] (3)

where n is the total count of atomic activities. Moreover, each feature Fi is defined as

Fi =

{
1 if ai ∈ Aselected

0 otherwise
(4)

In this way, the features were selected for each composite activity and their union was
used as combined features for multi-class classification.

Fcombined =
⋃

c∈C
Fc (5)

where Fcombined is the selected combined feature vector for composite activities classification,
and Fc is the feature vector of a composite activity.

3.3. Composite Activity Recognition

The classification of composite activities was performed using the selected features.
We used two classifiers for this purpose—support vector machine and random forest—due
to their well-documented effectiveness for human activity recognition. Moreover, these
classifiers are more robust to the high dimensional features and can effectively handle large
datasets with complex decision boundaries by avoiding overfitting. A detailed discussion
of both classifiers is given below.

3.3.1. Support Vector Machine

SVM is a powerful machine-learning algorithm for classification purposes. It is a
commonly used algorithm, especially for human activity recognition, due to the following
advantages: it performs efficiently on high dimensional feature vectors, it is less prone to
overfitting, it performs well on less or medium-sized data, and is flexible for different kernel
functions. SVM is commonly used for binary classification, but we can also perform multi-
class classification with one-vs.-one or one-vs.-all strategies. The classification function
used for the SVM classifier can be explained as:

f (x) = sign

(
n

∑
i=1

αiyiK(x, xi) + b

)
(6)

where f (x) is the label assigned by SVM for input x, αi is dual coefficient, yi is the class
label, K(x, xi) is the kernel function that computes the correlation between x and support
vectors xi, and b is the intercept term.

For our experiments, we used simple linear SVM. After training, the testing was
performed for composite activities classification.

3.3.2. Random Forest

Random forest is also a very powerful classifier that works by making multiple
decision trees. It gives higher accuracy than other machine learning algorithms that use a
single decision tree. RF can also handle complex non-linear relationships between features
and targets [91,92]. The algorithm partitions the feature vector recursively for training
purposes and makes different decision trees. The classification function can be described as:

f (x) = mode(T1(x), T2(x), . . . , TN(x)) (7)
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where f (x) is the prediction made by RF for input x and Ti(x) is the prediction of the ith
decision tree for input x.

In addition to SVM, we also used RF for classification purposes and obtained a
remarkable increase in testing accuracy. The results of both classifiers are discussed in
detail in Section 4.2.

3.4. Experimental Setup

The proposed method is a two-level hierarchy. In the first step, we recognize the
atomic activities form raw data by using the simplest BOF approach. In the second step,
the composite activities are recognized on the basis of these atomic activities using two
classifiers: SVM and RF. The method was evaluated on the publicly available CogAge
dataset containing 61 atomic and 7 composite activities. The dataset contains a total of 890
instances of composite activities performed by different individuals using either left, right,
or both hands. The experiments were performed on activity data that was done using both
hands (i.e., the smartwatch was placed on the subject’s left or right arm). The experimental
settings of both classifiers are described in Table 3. All the experiments were performed on
a machine with an Intel i5-4310U CPU with 16 GB RAM (Dell, Siegen, Germany).

Table 3. Experimental settings for support vector machine and random forest classifiers used in
this study.

Support Vector Machine Random Forest

Cross-validation: 5-folds Cross-validation: 5-folds
Random State: 42 Random State: 42

Kernel: Linear Number of Trees: 200
Maximum Depth: 10

4. Results and Discussion
4.1. Dataset

We used the cognitive village (CogAge) dataset introduced in [6]. The dataset was
collected for 7 composite and 61 atomic activities from wearable devices including the LG
G5 smartphone, Huawei smartwatch, and JINS MEME glasses.

From these devices, data were obtained from the following eight sensors:

1. Smartphone’s accelerometer (sp-acc): Provides measurements of acceleration (includ-
ing gravity) in meters per second squared (m/s2) across three dimensions x, y, and z;

2. Smartphone’s gyroscope (sp-gyro): Provides angular velocity measurement in radians
per second (rad/s) across three dimensions x, y, and z;

3. Smartphone’s gravity (sp-grav): Provides the sequence of gravity force in meters per
second squared (m/s2) across three dimensions x, y, and z;

4. Smart-phone’s linear accelerometer (sp-linacc): Provides measurements of accelera-
tion (excluding gravity) in meters per second squared (m/s2) across three dimensions
x, y, and z;

5. Smartphone’s magnetometer (sp-mag): Provides intensities of earth’s magnetic field in
tesla (t) across three dimensions x, y, and z, which help in determining the orientation
of the mobile phone;

6. Smartwatch’s accelerometer (sw-acc): Provides measurements of acceleration (includ-
ing gravity) in meters per second squared (m/s2) across three dimensions x, y, and z;

7. Smartwatch’s gyroscope (sw-gyro): Provides angular velocity measurement in radians
per second (rad/s) across three dimensions x, y, and z;

8. Smart glasses’ accelerometer (sg-acc): Provides sequence of acceleration forces in
meters per second squared (m/s2) across three dimensions x, y, and z.

The sample data of a few sensors from the dataset are shown in Table 4. The data are
collected at different timestamps across three axes: x, y, and z. A complete description of
the dataset can be found in [6].
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Table 4. Sample data of a few sensors collected from an individual for Brushing Teeth activity. The
data are collected at different timestamps across the x, y, and z coordinates. The smartphone’s
accelerometer and gravity sensors provide measurements in meters per second squared (m/s2), the
gyroscope provides angular velocity measurement in radians per second (rad/s), and magnetometer
provides intensities of earth’s magnetic field in tesla across three dimensions x, y, and z.

Sensor Timestamp x-Axis y-Axis z-Axis

Smatphone Accelerometer 1522061483421 0.5344391 3.7631073 9.24202
(m/s2) 1522061483425 0.54881287 3.7607117 9.191742

1522061483430 0.57754517 3.7559204 9.160614
Smartphone Gyroscope 1521205075060 0.89419556 −0.5268707 −0.1633606
(rad/s) 1521205075065 1.170105 0.0015106201 −0.18891907

1521205075070 1.074234 −0.015533447 −0.24751282
Smartphone Magnetometer 1521205075001 −78.93925 −21.0886 −95.36343
(tesla) 1521205075011 −79.0144 −21.200943 −95.100975

1521205075021 −78.97682 −21.575928 −95.0634
Smartphone Gravity 1521205075001 5.426985 7.1766686 3.9004674
(m/s2) 1521205075006 5.4208546 7.198336 3.8689373

1521205075011 5.416293 7.219007 3.836677

The data of 61 atomic activities (including state and behavioral activities) were col-
lected from 8 individuals, creating a total of 9700 instances. The data for 7 composite
activities were collected from 6 individuals, creating 890 instances, which are further split
into 447 training and 443 testing instances. The total duration of composite activities varies
from 30 s to 5 min because some activities, like cleaning the room or preparing food, take
more time, but handling medication takes a shorter time to complete. The dataset details
are given in Table 5.

Table 5. The summary of the cognitive village (CogAge) dataset. The dataset contains two types of
activities: atomic and composite. Instances of both activities were performed using either one hand
or both hands.

Dataset CogAge

No. of Atomic Activities 61
No. of Composite Activities 7
No. of Participants for Atomic Activities 8
No. of Participants for Composite Activities 6
Instances of Atomic Activities 9700
Instances of Composite Activities 890
Devices and Their Placement Smart glasses (eyes)

Smartwatch (wrist)
Smartphone (waist)

Sensors (unit) 8
Smartphone accelerometer (m/s2)
Smartphone gyroscope (radian/s)
Smartphone gravity (m/s2)
Smartphone linear accelerometer (m/s2)
Smartphone magnetometer (tesla)
Smartwatch accelerometer (m/s2)
Smartwatch gyroscope (radian/s)
Smart glasses accelerometer (m/s2)

Composite Activity Feature Representation 61

Training and testing data were collected separately on different days by each individ-
ual. Table 6 shows the composite activities and the number of instances for each composite
activity in the dataset. Atomic activities are listed in Table 7.
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Table 6. List of composite activities and number of instances of each activity in the CogAge dataset.
A total of 890 instances were collected from 6 individuals using either only one hand or both hands.

Sr. No Activity Name Example Points

1. Brushing Teeth 128
2. Cleaning Room 129
3. Handling Medication 137
4. Preparing Food 113
5. Styling Hair 127
6. Using Phone 128
7. Washing Hands 128

Table 7. List of atomic activities in the CogAge dataset. Atomic activities include 6 state activities and
51 behavioral activities. A total of 9700 instances of atomic activities were collected from 8 participants
in this dataset.

Bending Lying Sitting Squatting
Standing Walking Bring CleanFloor
CleanSurface CloseBigBox CloseDoor CloseDrawer
CloseLidByRotate CloseOtherLid CloseSmallBox Drink
DryOffHand DryOffHandByShake EatSmall Gargle
GettingUp Hang LyingDown OpenBag
OpenBigBox OpenDoor OpenDrawer OpenLidByRotate
OpenOtherLid OpenSmallBox PlugIn PressByGrasp
PressFromTop PressSwitch PutFromBottle PutFromTapWater
PutOnFloor PutHighPosition Read Rotate
RubHands ScoopPut SittingDown SquattingDown
StandingUp StandUpFromSquatting TakeFromFloor TakeFromHighPosition
TakeOffJacket TakeOut TalkByTelephone ThrowOut
ThrowOutWater TouchSmartPhoneScreen Type Unhang
Unplug WearJacket Write CloseTapWater
OpenTapWater

4.2. Results

We used the features computed by our algorithm for the composite activities classifi-
cation. We performed two types of experiments. In the first experiment, seven one-vs.-all
SVM classifiers were trained, one for each composite activity. For this purpose, a feature
vector of each composite activity ci was calculated based on the probabilistic atomic score
of underlying atomic activities. These probabilistic atomic scores can also be referred to
as the percentage participation of each atomic activity in the performance of a specific
composite activity.

Here, the threshold setting on the percentage of atomic scores is a crucial task because
if we set a low threshold, we can lose the important features. Conversely, if we use
all the features, it will negatively impact our classifier, as some atomic activities do not
participate in the performance of a specific composite activity, like “Lying” in “Preparing
Food” composite activity, as discussed earlier in Section 3.2. Therefore, we have set a
threshold of 90% participation in the performance of composite activities, as it retains the
important features and also seems a good choice in terms of the size of the feature vector.
The selected features for each composite activity are shown in Table 8. These selected
features were then passed to the SVM classifier for the one-vs.-all classification of each of
the seven composite activities.
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Table 8. Features used for one-vs.-all classification of composite activities. These features are selected
based on 90% participation of atomic activities in the performance of a composite activity.

Sr. No Composite Activity No. of Selected Features

1. Brushing Teeth (BT) 24
2. Cleaning Room (CR) 20
3. Handling Medication (HM) 25
4. Preparing Food (PF) 26
5. Styling Hair (SH) 17
6. Using Phone (UP) 18
7. Washing Hands (WH) 16

The results of one-vs.-all classification for all seven composite activities are shown in
Figure 6.

Brushing
Teeth

Cleaning
Room

Handling
Medication

Preparing
Food

Styling Hair Using Phone Washing
Hands
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Figure 6. Results of one-vs.-all classification of composite activities. The performance of the proposed
method is measured using two matrices, namely, accuracy and F1 score.

These results were compared with the results computed in [6] for one-vs.-all classi-
fication of composite activities on the same dataset. There was a remarkable increase in
the accuracy and F1-score of composite activities recognition in our system as shown, in
Figure 7 below.
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Figure 7. The performance comparison of proposed one-vs.-all classification with the results computed
in [6]. The proposed model consistently performed better for each composite activity recognition.
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The second experiment was performed for multiclass classification of composite
activities. The most effective features, based on atomic score, were extracted for each
composite activity ci resulting in seven feature vectors F1, ..., F7 for “Brushing Teeth” to
“Washing Hands”, respectively. The combined feature vector Fcombined (as described in
Equation (5)) for multiclass classification was obtained by taking the union of all these
individual feature vectors. This combined feature vector was then passed to the two
classifiers SVM and RF as input and the classification was performed.

4.3. Performance Evaluation

The performance of both classifiers is measured using two matrices: accuracy and
F1-score. Accuracy is measured by calculating the ratio of correctly identified instances to
the total number of instances, as described in the following equation:

Accuracy =
TP + TN

TP + TN + FP + FN
× 100%

where TP, TN, FP, and FN are true positive, true negative, false positive, and false negative,
respectively. The F1 score is the harmonic mean of precision and recall.

F1 score =
2 × Precision × Recall

Precision + Recall

where the precision can be obtained when all the positive predictions are divided by the
actual positive predictions. Recall is the ratio of successfully predicted positive instances to
all positive instances.

The results of both classifiers are shown in Table 9. The selected features performed
best for the RF classifier for all the experiments because of its property of handling large
datasets with complex decision boundaries by avoiding overfitting. However, there is a
small difference in the results of SVM for the same features. The features were selected
based on atomic score, and experiments were performed for different values of atomic score
percentage. It is seen that the accuracy of both classifiers also decreases as the number of
selected features falls, thus removing some important features. However, if we pass all the
features to the classifier, the training gets slow and there is no increase in the accuracy. Both
classifiers performed best for features containing greater than or equal to 90% atomic score
because the feature vector obtained is of optimal size and there is less loss of important
features in this score. The highest accuracy obtained for the recognition system is 94.1%
for SVM and 96.61% for RF. The line graph for these results is shown in Figure 8. The loss
curves of both classifiers are shown in Figure 9.

Table 9. Based on atomic scores percentage, features were selected for composite activities classifica-
tion. The first column shows the atomic score percentage. In the second column, the selected features
are obtained by taking common features from all the composite activities in that percentage. These
selected features were passed to the SVM and RF classifiers. Both classifiers gave best results on 90%
atomic scores, which shows that the features selected by the proposed model are the best features.
The best scores are highlighted in bold.

Atomic Score (%) Selected Features SVM RF
Accuracy (%) Accuracy (%)

65 19 84.4 95.48
70 22 87.3 95.25
75 28 86.0 95.93
80 35 90.5 96.38
85 39 92.55 95.03
90 48 94.1 96.61

100 61 93.9 96.16
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Figure 8. Accuracy of SVM and RF classifiers for composite activities recognition on different
percentages of atomic score. The graph shows that both the classifiers performed best for 90% atomic
score as their input features.

(a) (b)

Figure 9. An illustration of training and testing loss of both classifiers used in this study: (a) SVM
loss curve, (b) random forest loss curve.

4.4. Performance Comparison with Existing State-of-the-Art Techniques

The results of the proposed algorithm were compared with the existing techniques
on the CogAge dataset (see Table 10). The table shows the results of different studies
performed for composite activity recognition on this dataset. Nisar et al. in [6] used a
rank pooling approach along with max and average pooling for dimensionality reduction
and the classification was performed. Amjad et al. in [7] used handcrafted features for
classifier input and obtained 79% accuracy, which is higher than that of the previous study
on this dataset. The study in [93] proposed a novel self-attention Transformer model
for the classification of ADLs and was able to achieve the better performance than the
LSTM networks. Another study was performed [94] using the deep learning technique of
hierarchical multitask learning and it obtained better accuracy than the existing methods
at that time. A recent study [74] proposed a multi-branch hybrid Conv-LSTM network to
classify human activities of daily living using multimodal data of different wearable smart
devices. A significant increase of 12–14% in the accuracy achieved by our both classifiers
over the existing techniques on this dataset can be seen, which shows that the features
computed by our method performed best as classifier input, proving the effectiveness of
our proposed method.
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Table 10. Comparison of existing techniques on the CogAge HAR dataset. The proposed method
performed better for both classifiers than existing techniques for this dataset, which shows the
effectiveness of our feature selection method.

Methods Year Accuracy (%)

Rank pooling fused with max and average pooling [6] 2020 68.65
Handcrafted features [7] 2021 79

Transformers [93] 2022 73.36
Hierarchical multi-task leaning [94] 2023 82.31

Multi-branch hybrid Conv-LSTM network [74] 2024 82.16

Proposed method (using SVM) 2024 94.1
Proposed method (using RF) 2024 96.61

We also computed the computational complexity of the proposed algorithm in terms of
time required to recognize an activity sequence, and the results are compared with existing
state-of-the-art techniques. Table 11 demonstrates the comparison of the computational
complexity of the study in [74] with the proposed method. Unlike the method in [74],
which requires 5.2 ms to recognize an unknown activity sequence, the proposed technique
is significantly faster, requiring only 1.1 ms to classify an activity sequence.

Table 11. Analysis of the computational time to recognize an activity sequence in the CogAge dataset.
The classification time explains the average time to recognize an activity sequence. The terms “ms”
refers to milliseconds.

Method Classification Time (ms)

Asfaq et al. [74] 5.5
Proposed method (using SVM) 3.3
Proposed method (using RF) 1.1

5. Conclusions

This paper presents a generic framework for the recognition of composite activities
from sensory data. Since human composite activities are long-term activities consisting of
several atomic activities, we cannot recognize the composite activities directly from raw
sensory data. To overcome this limitation, we have proposed a method that works in a
two-level hierarchical manner. First, the raw sensory data are represented as a compact
feature vector using a codebook-based approach. The atomic activities are recognized
using these features, and the atomic score of each atomic activity is calculated relative
to the composite activities. In the second step, the optimal features are selected based
on the percentage participation of atomic activities in a composite activity by using the
atomic scores. Finally, the selected features are fed to the two classifiers: random forest
and SVM for the recognition of composite activities. The proposed method was evaluated
on the CogAge dataset and it achieved the highest recognition rate of 96.61%. Since the
proposed method heavily relies on the scores of atomic activities, incorrect recognition of
atomic scores may negatively impact the recognition accuracies of composite activities.
Additionally, the proposed two-step hierarchical method may increase computation time
and cost in some cases. In the future, we plan to propose a simple method to recognize
composite activities using raw sensory data directly.
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