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Abstract 

Human activity recognition (HAR) using a Wireless Sensor Network (WSN) is essential for 

understanding human behavior and predicting future actions. With HAR, smartphones, and 

classification models are important aspects. This study explores the use of WSNs for classifying 

human activities by analyzing time series data captured using wireless devices. This paper aims to 

design an intelligent model for classifying human activity from WSN data. This paper combines 

multivariate dynamic mode decomposition (MDMD), Hankel Block (HB), and an ensemble 

classifier for classifying physical human activity. The MDMD decomposes time series data into 

principal modes, from which features are extracted for analysis and classification. The Hankel 

matrix enhances the estimation of hidden oscillatory modes when integrated with MDMD. Ensemble 

classifiers are employed to classify the extracted feature. The proposed model’s performance is 

evaluated on three datasets, UCI-HAR, Opportunity, and WISDM. The obtained results proved that 

the proposed model is superior to competing models, and it can be deployed in WSN to support 

different real-time applications.  
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1 Introduction  

Wireless Sensor Networks (WSNs) based on human Activity Recognition have been used in different 

applications including smart homes, security, healthcare, and industrial automation (Faye et al., 2016).  

Traditional HAR methods depend on vision-based systems, which often face limitations such as 

accuracy, occlusions, and environmental limitations. In contrast, WSN-based HAR systems offer 

advanced data processing and classification techniques.  

The demand for more advanced IoT applications has been raised to enhance people’s daily lives (Raj 

et al., 2024; Rahdar et al., 2024). Recently, IoT applications have opened new advanced avenues of 

research in the field of human activity analysis and recognition from sensor data (Menaka et al., 2022; 

Abuhoureyah et al., 2024; Wang et al., 2024). In recent years, smart devices like phones and 

smartwatches have attracted great popularity (Hussain et al., 2024; Saw & Wong, 2023; Bursa et al., 

2023). Those smart devices are combined with advanced motion sensors such as accelerometers, 

gyroscopes, magnetometers, and GPS which are utilized in various applications, including Human 

Activity Recognition (HAR) models (Ding et al., 2023; Duan et al., 2024; Gao et al., 2021). 

Human activity recognition (HAR) via WSN is rapidly advancing by applying more accurate 

machine learning models (Moya Rueda et al., 2018). Human activity from smartphones based on 

machine learning has been used in various applications including rehabilitation, healthcare (Armstrong 

& Tanaka, 2025), and sports as well as automated observation to forecast fall detection of elderly people 

(Ahmed & Pandey, 2024; Singh et al., 2020; Zhao et al., 2018; Ordóñez & Roggen, 2016; Xu et al., 

2019). Mainly, physical human activity recognition is carried out using images, videos, and time series, 

however, the time series-based approach is the most common procedure to identify physical human 

activity (Ahmadian et al., 2024; Patricia et al., 2024; Jethanandani et al., 2020).  

Unsupervised learning-based approaches have been employed in which only unlabelled data was 

used to train the model. Lu et al., (2017) used a density for clustering to classify human activity (Zahin 

et al., 2019). Bai et al., (2019) suggested a deep learning model-based variational autoencoder named 

Motion2Vector. In that study, the model learned the features of activities with unlabelled samples and 

then clustered the activities using the Euclidean distance metric. Ma et al., (2021) combined a CNN-

BiLSTM autoencoder with K-means. Where CNN-BiLSTM autoencoder was used to form feature 

representation, then the K-means was applied to allocate labels for samples and train the deep learning 

model. Xia et al., (2020) proposed an unsupervised human activity recognition method (Kumar et al., 

2023).  Moya Rueda et al., (2018) proposed a semi-supervised learning model for HAR. In that study, 

an adversarial autoencoder employing convolutional networks was adopted for feature extraction. The 

authors combined unlabelled samples and a small amount of labeled samples to train a model to 

recognize human activities. Study in (Ordóñez & Roggen, 2016) a domain adaptation (UDA) model 

based on features was designed to identify human activities from sensory data that were collected using 

smartphones (Hur et al., 2018).  In another study, an unsupervised online domain adaptation model was 

suggested in (Patricia et al., 2024). 

Several multivariate decomposition techniques have been developed to analyze time series data such 

as Multivariate empirical mode decomposition (MEMD), empirical mode decomposition, and Dynamic 

mode decomposition (DMD) (Vasconcelos Filho & dos Santos, 2019; Zhang et al., 2023).  DMD has 

been widely employed in several fields due to its dynamic ability to extract important features from 

signals. The DMD classifies the dynamics of input signals by generating a proxy dynamical matrix 

(PDM). Then, it decomposed the PDM into modes to pull out the dynamical features hidden in the signal. 

However, the DMD has some limitations for example, If the time series is too noisy as sensor data, the 

https://www.sciencedirect.com/topics/materials-science/accelerometer
https://www.sciencedirect.com/topics/computer-science/human-activity-recognition
https://www.sciencedirect.com/topics/computer-science/human-activity-recognition
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eigenvalues generated by DMD are influenced by the noise of signal (Reddy & Pachori, 2024; Schmid, 

2010).  To solve the above problems, a novel multivariate DMD (MDMD) model has been proposed to 

analyze sensor data (Kang et al., 2019).  

We summarised the significant contributions of the study as follows:  

• We developed an effective feature extraction model that integrates MDMD with the Hankel 

matrix. The advantage of integrating the DMDM with the Hankel matrix is to improve the 

recognition capability of the model as the Hankel matrix expands the number of estimated modes. 

• We employed several statistical metrics including Shap to study the behavior of the model based 

on different types of features.   

• Three real-world datasets are employed for performance evaluation, and the results are compared 

with the state-of-the-art human recognition models. Moreover, the proposed model is compared 

with other ensemble classifiers to validate its advantages.   

The rest of the paper is organized as follows: Section 2 reviews the previous studies, Section 3 

describes the methodology, and Section 4 describes the experimental results.  Section 5 discusses the 

main findings. Section 6 summarizes the conclusion and the future scope. 

2 The Proposed Methodology and Material  

In this section, we explained the proposed approach for HAR. Three main phases are considered in this 

paper: In the first phase, the MDMD is employed to analyze and decompose the input time-series data. 

This approach helps to analyze the input data and to reveal linear and nonlinear dynamic characteristics 

of the input data. The MDMD is combined with the Hankel algorithm to expand the number of estimated 

modes.  In the second phase, a set of features is extracted from each MDMD mode. This step aims to 

extract and find highly recognized characteristics to identify human activities. In the third phase, a 

dynamic ensemble model is designed to classify the extracted features into different classes. The 

proposed ensemble model combines the outputs of multi-base classification models using a novel 

strategy. Finally, the proposed model is evaluated on three real public datasets. The overall schema of 

the proposed method is presented in Figure 1.  

 

Figure 1: The Details of the Proposed Model for Human Activity Recognition 

Ensemble model 

Data acquisition Pre-processing  
MDMD  

Features extraction 

Features analysis  
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Data Segmentation    

In this paper, the sensory data collected from three datasets is segmented, and each segment is passed 

through MDMD. We adopted our previous study (Diykh et al., 2023) to segment the data in this paper. 

We selected different window sizes for each dataset. As a result, the window sizes were set as 10s, 5.21s, 

and 3s for the WISDM, and UCI-HAR Opportunity datasets respectively.  

Multivariate Dynamic Mode Decomposition  

The dynamic mode decomposition (DMD) was improved and extended by (Reddy & Pachori, 2024). In 

that study, they suggested MDMD to resolve the limitations included in DMD. In this paper, each data 

sample is passed through MDMD to decompose it into modes to extract extracting both linear and 

nonlinear dynamic characteristics from each segment.  Suppose a human activity data signal 𝑆 =

{𝑠𝑖(𝑛): 𝑖 = 1,   .  .  .  , 𝑙;       𝑛 = 1,   .  .  .  , 𝑚} where 𝑙  refers to multivariable and 𝑚 denotes the samples. 

Figure 2 shows different activity plots.  The sensory data was used as an input into the MDMD.  The 

main steps of MDMD are described as follows: 

1. Step 1: we calculated the trajectory matrix 𝑀𝑖 independently for each variable 𝑙 in the time series  

𝑆 and it is given as follows (Eq. 1): 

𝑀𝑖 =

[
 
 
 
𝑆𝑖(1)

𝑆𝑖(2)
. .. .

𝑆𝑖(ℎ)

𝑆𝑖(2)

𝑆𝑖(3)
. .. .

𝑆𝑖(ℎ + 1)

. . . . 𝑆𝑖(𝑗)

. . . . 𝑆𝑖(ℎ + 1)
. .. .
. .

. .. .

. .

. .. .
𝑆𝑖(𝑚) ]

 
 
 
      (1) 

Where 𝑖 is the variable number, ℎ is an embedding dimension, 𝑗 = 𝑚 − ℎ + 1. The trajectory matrix 

of each variable is stacked and concatenated in 𝑀 = [𝑀1, 𝑀2, …… . , 𝑀𝑙]. The dimension of 𝑀 is ℎ𝑋𝑗𝑙. 

In addition, each column represents a segment.  We suppose the total number of segments in the 

trajectory matrix 𝑀 is 𝑘. As a result, it can be represented as  𝑀𝑚 
= [𝑆1, 𝑆2, …… . , 𝑆𝑘], where 𝑘 is equal 

to 𝑗𝑙. 

2. The error across all segments 𝑜𝑓 𝑀𝑚 is minimized.  The matrix 𝑀𝑚 
= [𝑆1, 𝑆2, …… . , 𝑆𝑘] is shifted 

by one segment to separate it into two matrixes which are defined as  𝑅 = [𝑆1, 𝑆2, …… . , 𝑆𝑘−1], 𝑌 =

[𝑆2, 𝑆3, …… . , 𝑆𝑘]. 

3. We calculated the high-dimensioned matrix 𝐴. The matrix 𝐴 is computed as (Eq. 2 & 3). 

𝐴 = 𝑌𝑅−1     (2) 

𝑅 = 𝑈 ∑𝑉 ∗      (3) 

Where 𝑅  is computed using singular mode decomposition, ∑   is the diagonal matrix of eigenvalues. 

The 𝑈, 𝑉  are the eigenvectors. The eigenvalues and eigenvectors of corresponding modes.  

4. We projected the matrix  𝐴 onto 𝑈 to find a low-rank matrix. It is given as follows (Eq. 4): 

𝐴𝐼 = 𝑈𝑇𝐴𝑈 = 𝑈𝑇𝑌𝑉 ∑  −1
    (4) 

5. The computation of the eigenvalue of the matrix 𝐴 is obtained as (Eq. 5) 

𝐴𝐼𝑊 = 𝑊 ∧     (5) 

Each column in  𝑊 represents an eigenvector of 𝐴𝐼 and ∧ is a diagonal matrix that contains the 

eigenvalues of the matrix  𝐴𝐼. 
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6. We calculated the dynamic modes  ⋔ from each column of the eigenvectors 𝑊. Figure 3 shows the 

corresponding mode for each activity (Eq. 6).  

⋔= 𝑌𝑉 ∑𝑊     (6) 

7. We computed the normalized embedded matrix 𝐶 using ⋔ (Eq. 7). 

𝐶 =
(⋔𝑇⋔

𝑗
     (7) 

8. The resulting matrix 𝐶 in Step 7 contains redundant information. To extract the significant 

components, we applied eigenvalue decomposition on the matrix 𝐶. As a result, we obtained 

eigenvalues 𝛾, and eigenvectors 𝜇 as follows (Eq. 8):  

[𝜇, 𝛾] = 𝑒𝑖𝑔(𝐶)    (8) 

9. The eigenvectors are associated with huge eigenvalues corresponding to the time series data,  so 

we reduce the dimensionality using the principal component (PC) while maintaining the relevant 

information as (Eq. 9). 

𝑃𝐶 =⋔ (𝜇)      (9) 

10. Finally, we extract 𝑡ℎ𝑒 𝑚𝑜𝑑𝑒 l for the 𝑖𝑡ℎ variable using the following formula (Eq. 10). 

𝑚𝑜𝑑𝑒𝑖(𝑞) = ∅((𝑃𝐶)(𝜇))    (10) 

Where ∅ is the diagonal averaging product of 𝑃𝐶  and 𝜇, 𝑞 denotes the corresponding mode number. 

Figure 3 MDMD modes of different activities.  

Improving the MDMD using the Hankel Matrix 

The analysis and visualization of human activity are challenging research topics (Hu et al., 2020). 

Several decomposition-based techniques have been suggested to extract representative features from 

sensor data. The efficiency of extracted features strongly depends on the decomposition model and is 

often difficult to identify. In the context of human activity recognition (Kwon et al., 2014), we integrated 

the Hankel block and MDMD to improve the efficiency of extracted features. The MDMD is utilized to 

extract the dominant modes in time series data to analyze its behavior. However, this can be achieved 

when the sets of linearly independent of time series data with dominant modes contain a cardinality 

equal to or greater than the number of modes (Vasconcelos Filho & dos Santos, 2019). In other words, 

in some time series data, independencies occurred among the measured data which can prevent all modes 

from spanning. As a result, the DMDM could fail to correctly categorize system characteristics. To solve 

this issue, the Hankel matrix is employed.  A Hankel matrix is a matrix with a constant with anti-

diagonal. Suppose a time series 𝑋 = [𝑥1, 𝑥2, 𝑥3, … , 𝑥𝑛], the Hankel matrix 𝐻 is constructed as (Eq. 11). 

𝐻 =

 
 
 
 
 
𝑋0 𝑋1    − − 𝑋𝑛

𝑋1 𝑋2 − − 𝑋𝑛+1

𝑋0

−
𝑋𝑚

𝑋0

−
𝑋𝑚+1

− −
−
−

𝑋0

−
𝑋𝑚+𝑛 

 
 
 
 

     (11) 

Where the columns of the 𝐻 correspond to all overlapping sub-sequences of the time series of 

length 𝑚, shifted by one element. This method redesigned the input of the time series data to create a 

new state variable. 
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Feature Extraction  

In this paper, we extracted three frequency features and three statistical features from each MDMD 

mode. Several recent studies showed the ability of those features to reveal the hidden characteristics of 

time series data (Schmid, 2010; Suh et al., 2023). A total of 30 features (5X8) from each data row are 

extracted.  In this section, a brief explanation is provided for each feature.  

• Mode frequency: the dynamic mode oscillates at frequency 𝑓𝑚𝑜𝑑 is calculated from each mode 

and it was computed as (Eq. 12):  

𝑓𝑚𝑜𝑑 = 𝐼𝑚𝑎𝑔(

log(𝜌)

Δ𝑦𝑡

2𝜋
)     (12) 

Where 𝜌 represents the mode eigenvalue.  

• Power of mode: the power of each mode is calculated and considered to recognize human 

activity. The main formula for the power of mode is expressed as (Eq. 13): 

𝑃𝑜𝑤𝑒𝑟𝑚𝑜𝑑 = (𝑑𝑖𝑎𝑔(𝑀𝑜𝑑𝑒𝑖(𝑞)𝑡𝑋𝑚𝑜𝑑𝑒𝑖 (𝑞)𝑡))  (13) 

• Average of Absolute amplitude (𝑨𝒃𝒔_𝑨𝒎𝒑): the 𝐴𝑏𝑠_𝐴𝑚𝑝 is computed for each mode, and it 

is expressed as (Eq. 14): 

𝐴𝑏𝑠𝐴𝑚𝑝 =
1

𝑁
∑ |𝑚𝑜𝑑𝑒𝑖(𝑞)|𝑛

𝑖=1       (14) 

• Variance: it is employed to identify deviations in time series energy. It is calculated as follows 

(Eq. 15):  

𝑣𝑎𝑟 =
∑(𝑥𝑖  − 𝑥̅)2

𝑁 −1
      (15) 

Where: 𝑥𝑖 represents an element of time series x, 𝑥̅  is the mean of x, and N denotes the number of 

samples. 

• Skewness: skewness is the third normalized central statistical moment. It measures the 

asymmetrical behavior of time series. The main formula of skewness is expressed as (Eq. 16) 

𝑠𝑘𝑤 =
∑ (𝑥𝑖−𝑥̅)3𝑁

𝑖=1

𝑁 𝜎𝑥
3      (16) 

• Kurtosis: it measures the peak value of the input time series. It is calculated as (Eq. 17): 

𝑥𝐾𝑈𝑅𝑇 =
∑ (𝑥𝑖−𝑥̅)4𝑁

𝑖=1

𝑁𝜎𝑥
4      (17) 

• Approximate entropy (AEn): AEn measures the unpredictability and regularity of a sample 

using its past and current amplitude. Several research has shown that AEn is less influenced by 

noises. Suppose a time series data  𝑋 of  M datapoint, the AEN is calculated using as follows: 

1. First, the distance between any adjacent values 𝑋(𝑖), 𝑋(𝑗)  in 𝑋  is computed as follows: 

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 [𝑋(𝑖), 𝑋(𝑗)} = 𝑚𝑎𝑥[|𝑋(𝑖 + 𝑟 − 1) − 𝑋(𝑗 + 𝑟 − 1)|] 

2. Then, 𝑦𝑖
𝑚(𝑟) is computed as y

i
m(r) =

𝑁𝑜.𝑂𝑓 𝐷[𝑋(𝑖),𝑋(𝑗)]≤𝑟

𝑛−𝑚−1
  where r is a threshold for value in 𝑋.  

3. Finally, the AEn is computed as follows (eq. 18 & 19) 

𝐴𝐸𝑛 = 𝜑𝑚(𝑟) − 𝜑𝑚+1(𝑟)    (18) 

Where 𝜑𝑚(𝑟) is defined as  

𝜑𝑚(𝑘𝑟) =
1

𝑛−𝑚−1
∑ ln (𝑛−𝑚−1

𝑖=1  yi
m)    (19) 
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• Shannon entropy (𝑺𝒉𝒆𝒏): it measures the uncertainty of a time series.   The greater value of 

𝑆ℎ𝑒𝑛 refers to the uncertainty and randomness of the time series.  It is calculated as (eq. 20): 

𝑆ℎ𝑒𝑛 = −∑ 𝑝𝑟𝑜𝑖
𝑛
𝑖=1 ln(𝑝𝑟𝑜𝑖)   (20) 

Where 𝑆𝑝𝑟𝑜𝑖 denotes the probability of the 𝑖 value in the time series.  

The Proposed Model Evaluation Approaches 

In this paper, five statistical metrics were adopted for performance evaluation named Cohen's kappa 

precision, accuracy, f1-score, and recall. All metrics are described below: 

• 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 (𝐴𝑐𝑐) =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 

• 𝑃𝑟𝑒𝑐𝑠𝑖𝑖𝑜𝑛 (𝑃𝑅𝐸) =
𝑇𝑃

𝑇𝑃_𝐹𝑃
 

• 𝑅𝑒𝑐𝑎𝑙𝑙 (𝑅𝐸𝐶) =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 

• 𝐹1 − 𝑠𝑐𝑜𝑟𝑒 (𝐹1) =
2𝑇𝑃

2𝑇𝑃+𝐹𝑃+𝐹𝑁
 

• 𝐶𝑜ℎ𝑒𝑛𝑠 𝐾𝑎𝑝𝑝𝑎 =
𝑝0−𝑝1

1−𝑝0
 

• 𝐻𝑎𝑚𝑚𝑖𝑛𝑔 𝑙𝑜𝑠𝑠 (𝐻𝐿𝑂) =
1

𝑚.𝑞
∑ ∑ ((ℎ𝑗(𝑥𝑖)) ≠ 𝑦𝑖𝑗)

𝑛
𝑗=1

𝑚
𝑖=1  

Where 𝑝1 =
∑𝑎𝑖𝑏𝑖

𝑛2
, 𝑝0 = 𝑜𝑣𝑒𝑟𝑎𝑙𝑙 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦, 𝑎𝑖 the number of actual samples, and 𝑏𝑖 id the number 

of classified samples.   

Baseline Models  

• XGBoost:  Boosting was developed by Schapire (Zhang & Zhou, 2007). It creates an accurate 

classification model using a sequence of weak classifiers. In this study, we adopted the XGBoost 

algorithm as a benchmark. It belongs to the gradient Boosting machine algorithms (Qu et al., 

2009). The training phase of each model in the XGboost algorithm is dependent on the previously 

trained models. 

• Stacking (Wei et al., 2018) stacking is an ensemble method that was designed to solve multi-

class classification problems. It’s like the Bagging ensemble that trains multiple base models on 

the original dataset. The base classifiers are used to generate classification using a testing set, then 

the classifications are used as input to a meta-learner to produce the final ensemble classification 

results.  

• Bagging (Schapire, 1990):  Bagging is an ensemble method that was introduced to improve the 

accuracy of classification models by combining the results of multiple base models.  It makes 

multiple bootstrap samples from the original dataset. Then it performs a random sampling with 

replacement to create subsets with a size like the original dataset. Each bootstrap sample is 

employed to train a separate bas classifier model. The final classification result is determined by 

a majority voting strategy.  

• Multi-label lazy learning (MLL): the model was designed based on the K-nearest neighbor 

(KNN) algorithm. For each unlabelled instance, its   K nearest neighbors is identified using the 

training set. After calculating the number of neighbors for each instance belonging to one of the 

possible classes, the maximum a posteriori principle is employed to identify the label set for the 

unlabelled instance.  
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• Weighted ensemble label-specific-features (LSFT): The proposed model in (Zhang & Zhou, 

2007) can improve the performance of base learners. It generates multiple training sets using a 

bagging strategy.  

3 Experiment and Dataset  

Experimental datasets  

A total of three HAR datasets named UCI-HAR, Opportunity, and WISDM were used for evaluation.  

The datasets are considered a benchmark for most human activity recognition models (Cho & Yoon, 

2018). Table 1 delivers details of the datasets used in this paper (Duan et al., 2024; Chavarriaga et al., 

2013; Anguita et al., 2013).  

• UCI-Human Activity Recognition  

The UCI- Human Activity recognition (An et al., 2021) dataset was acquired from 30 participants. The 

multivariate time-series data were recorded using a Samsung Galaxy mobile S2 smartphone with inertial 

sensors at a frequency rate of 50 Hz. The sensors were captured 3-axial linear accelerations and 3-axial 

angular velocities. Each subject performed six different activities including: upstairs sitting, downstairs, 

walking, lying, and standing.   

• Opportunity  

This dataset was recorded from four subjects four subjects. Five body sensors were placed on twelve 

positions on the upper part of the body and two were attached to shoes.  Six activities per user were 

recorded where five activities were considered daily activities, and one was a drill run.  This dataset 

included 18 different actions, and all data were sampled at a 30 Hz frequency. As mentioned in the 

previous studies, the Opportunity dataset contains an imbalance class distribution which represents 

72.28% of the total samples (Balabka, 2019).  In this study, subjects 1-3 were selected for the testing 

and the rest subjects were employed for training purposes. Three different actions were included in this 

dataset with the corresponding annotations. 

• High-level activities: an example of these activities was taking a cup of tea, drilling, and relaxing. 

A total of six classes were adopted in this study. We also considered the null class. 

• Mid-level gesture activities: these activities are produced from low-hand gestures. A total of 18 

classes such as drinking, opening, and closing doors, including the null class.  

• Low-level activities: these activities are walking, sitting, standing, etc. Five classes including null 

are considered in the simulation. 

• WISDM Dataset 

The WISDM dataset is published by Wireless Sensor Data Mining (WISDM). This dataset was recorded 

using a smartwatch and smartphone involving biometric sensors, accelerometers, and gyroscopes. 

Various basic activities including {climbing stairs, jogging} and eating activities {eating chips, eating 

pasta} and hand-based activities {brushing teeth, and folding clothes} were recorded in the WISDM 

dataset. To generate sensor time series, an embedded triaxial accelerometer was employed. All data was 

sampled at 20 Hz.  A segmentation approach based on a sliding window was adopted to partition the 
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data with a 95% overlap (0.5 s). We arbitrarily divided the data into 30% for the test set, and 70% for 

the training set. 

Table 1: Physical Human Activity Datasets Description 

Dataset  No. of classes and type 

of activity  

Type of sensor  Sensor placement  

Opportunity (Chavarriaga 

et al., 2013) 

18 classes {daily living, 

drill} 

12 acceleration, 7 

inertial  

2 on shoes, 5 upper 

body 

UCI-HAR (Anguita et al., 

2013) 

6 classes {walking, 

sitting, standing}  

3 angular, 3 linear 

accelerations 

Smart Samsung phone 

on the waist 

WISDM (Weiss et al., 

2019) 

7 classes {typing, 

jogging, …} 

Accelerometer  Smartwatch, 

smartphone  

Experimental Results  

In this paper, we developed a human activity recognition model from WSN (Qi et al., 2019). The MDMD 

was employed with Hankel block coupled with ensemble classifiers. To demonstrate the effectiveness 

of the proposed model, we conducted several experiments using three datasets. 

The Effect of Using the Hankel Matrix with MDMD on the Recognition Rate 

In this paper, three datasets named Opportunity, UCI-HAR, and WISDM were utilized as benchmarks 

to evaluate the proposed MDMD-HB-DEM model.  We selected different window sizes for each dataset. 

As a result, the window sizes were set as 10s, 5.21s, and 3s for the WISDM, and UCI-HAR Opportunity 

datasets respectively the human activity data was firstly passed through MDMD and then with an 

MDMD based on Hankel matrix. The selected features were sent into the proposed ensemble model. 

Table 2 summarizes the obtained results based on both approaches. It can be noticed that the MDMD 

provided good recognition results (Trajdos & Kurzynski, 2019), however, it failed to identify some 

complex activities. The main reason was that the MDMD produced similar features for some complex 

activities. Table 3 reports the results using MDMD with Hankel matrix. The recognition results were 

significantly improved using the Hankel matrix. The results confirmed the efficiency of integrating the 

MDMD with the Hankel matrix for human activity recognition. 

We also calculated the confusion matrices, and the results were presented in Figure 2 for three 

datasets: Opportunity, UCI-HAR, and WISDM.  From the results in Figure 2, it can be noticed that the 

proposed model performed very well with all datasets. The proposed model showed high recognition 

rates for simple physical activities and acceptable recognition rates for complex activities. However, 

with the Opportunity dataset (complex activities), there were some misclassified instances. The main 

reason for that it was found that the extracted features were very similar between complex classes in the 

Opportunity dataset.  

Table 2: Recognition Results using Three Datasets Using MDMD 

Dataset  Accuracy  Recall  Precision  f-score  kappa 

Opportunity 0.8112 0.8013 0.8103 0.7902 0.7920 

UCI-HAR 0.9421 0.9402 0.9316 0.9292 0.9164 

WISDM 0.9012 0.9002 0.9001 0.8901 0.8851 

Recognition results using three datasets using MDMD with Hankel matrix 

Opportunity 0.8832 0.8876 0.8806 0.8334 0.8102 

UCI-HAR 0.9732 0.9783 0.9754 0.9381 0.9309 

WISDM 0.9632 0.9542 0.9572 0.9382 0.926 
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UCI-HAR 

Laying 537 0 0 0 0 0 

Sitting  7 468 17 0 0 0 

Standing  0 22 513 0 0 0 

Walking 0 0 0 495 0 0 

Downstairs 2 0 1 0 417 0 

Upstairs  0 0 2 2 4 463 

 Laying  Sitting  Standing  Walking  Downstairs  Upstairs  

 Predicted 
 

 

 

   

WISDM 

Laying 1531 3 2 5 23 8 

Sitting  6 5321 0 1 7 13 

Standing  3 0 911 8 3 1 

Walking 2 0 6 754 1 2 

Downstairs 29 14 2 3 1805 12 

Upstairs  10 9 1 4 9 6613 

 Laying  Sitting  Standing  Walking  Downstairs  Upstairs  

 Predicted 
 

 

 

      

Opportunity (mode of locomotion) 

Standing  9575 197 12 0 65 

Walking   31 491 0 0 116 

Sitting   0 0 7646 108 27 

Laying  0 0 0 804 8 

Null  237 285 2 4 9201 

 Standing  Walking   Sitting   Laying Null 

 Predicted 
 

 

 

   

Opportunity (complex activity) 

Null  49 0 2 2 0 3 

Relaxing   2 18 0 3 2 0 

Cof_time  1 0 3 0 0 1 

Ear_mg 3 5 0 135 0 3 

cleanup 0 5 0 0 61 5 

Sand_time 5 0 2 5 1 215 

 null  Relaxing   Cof_time Ear_mg Cleanup Sand_time 

 Predicted 

Figure 2: Confusion Matrix of Three Datasets   

Comparison Against Benchmark Ensemble Models 

The proposed dynamic ensemble model was compared against several benchmark ensemble models. For 

a fair comparison, the same hyperparameters in the previous studies were employed.  The extracted 

features from Opportunity, UCI-HAR, and WISDM were sent to all ensemble classifiers. Tables 3-5 

report the recognition results from three datasets. The best results were written in bold font.  
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The obtained results in Tables 3-5 confirmed that the proposed approach outperformed the previous 

ensemble models. It scored the highest accuracy, With the UCI-HAR dataset, the total number of classes 

was six, and the proposed model scored the highest recognition rates. Although there was a class 

imbalance problem associated with the WISDM dataset, the proposed model obtained a higher 

recognition rate than all models. In addition, some ensemble models showed high recognition rates such 

as LSF, LSFT, and XGBoost.  It is noteworthy that the proposed model showed consistent accuracy with 

UCI-HAR and WISDM.  The overall accuracy reached by the proposed model was accuracy=0.9732, 

0.9532, f-score=0.9754, 0.9542, kappa=0.9781, 0.946, precision= 0.9709, 0.9582 for UCI-HAR, and 

WISDM respectively.  The second-highest accuracy was recorded by LSFT. The LSFT model obtained 

an average accuracy of 0.9062, 0.9043, and an f-score of 0.9154, and 0.9032 for WISDM and UCI-

HAR.  Our goal was to design a generalized approach to recognize physical activities with a minimum 

error rate. In this experiment, we tested the proposed model with simple, and complex activities.   

With the Opportunity dataset, the more complexity classes, our model performance was not as good 

as with WISDM and UCI-HAR   as there were severely imbalanced classes, but it also gave better 

performance than the state-of-the-art models. The proposed model scored a high recognition rate on the 

Opportunity dataset for both complex and simple classes in terms of all metrics. The results showed that 

the proposed methods maintained good performances over three datasets, as indicated by the evaluation 

metrics. The receiver operating characteristics (ROC) curves were adopted for further evaluation. ROC 

curves reflect the correlations between false negative rate, true negative rate, and true positive rate. 

Figure. 3 depicts the ROC plots of all models. From the results scored in Figure 3, it was noticed that 

the proposed model correctly categorized most of the activities.   

Table 3: Recognition Results Using the WISDM Dataset 

Model  Accuracy f-score  Recall  Precision  kappa 

XGBoost 0.8822 0.8733 0.8824 0.8746 0.8657 

Bagging  0.8532 0.85004 0.8498 0.8510 0.8421 

Stacking  0.8976 0.89432 0.8905 0.8996 0.8876 

LSFT 0.9043 0.9043 0.9092 0.9043 0.9032 

MLL 0.7861 0.7851 0.7850 0.7842 0.7708 

The proposed model  0.9532 0.9542 0.9572 0.9582 0.946 

Table 4: Recognition Results Using the Opportunity Dataset 

Model Accuracy f-score Recall Precision kappa 

XGBoost 0.8075 0.8124 08067 0.7976 0.7943 

Bagging 0.7942 0.7765 0.7965 0.7865 0.7904 

Stacking 0.8143 0.8154 0.8154 0.8152 0.8178 

LSFT 0.8062 0.8124 0.8132 0.8163 0.8154 

MLL 0.7443 0.7431 0.7846 0.7431 0.7431 

The proposed model 0.8832 0.8876 0.8806 0.8834 0.8802 

Table 5: Recognition Results Using the UCI-HAR Dataset 

Model  Accuracy f-score  Recall  Precision  kappa 

XGBoost 0.9065 0.9043 0.9043 0.9061 0.9053 

Bagging  0.8876 0.8843 0.8852 0.8854 0.8854 

Stacking  0.9054 0.9076 0.9043 0.9054 0.9054 

LSFT 0.8954 0.8954 0.8954 0.8943 0.8876 

MLL 0.8651 0.8685 0.8543 0.8643 0.8543 

The proposed model  0.9732 0.9783 0.9754 0.9781 0.9709 
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Figure 3: ROC Curves for all Models Using Three Datasets   

4 Conclusions  

In this study, we suggested an intelligent physical human activity recognition method (Tang et al., 2020). 

The proposed model integrated MDMD, Hankel block matrix, and a dynamic ensemble. Our finding 

showed that integrating the DMDM with the Hankel matrix improves the classification accuracy as the 

Hankel matrix expands the number of estimated modes.  We also designed a dynamic ensemble model 

to address the unlabelled dataset problems. The MDMD was employed for the analysis of the time series 

data, while the ensemble model was used to address the challenge of unlabelled data. The study used 

wearable sensor data from three datasets to evaluate the proposed model. The obtained results were 

compared against several previous works. Our results show that the proposed model was more powerful 

and efficient for sensor-based physical human activity recognition. 
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