

  applsci-12-01920




applsci-12-01920







Appl. Sci. 2022, 12(4), 1920; doi:10.3390/app12041920




Article



Pedestrian Counting Based on Piezoelectric Vibration Sensor



Yang Yu 1,2[image: Orcid], Xiangju Qin 3, Shabir Hussain 2[image: Orcid], Weiyan Hou 2,* and Torben Weis 1





1



Distributed Systems Group, University of Duisburg-Essen, 47057 Duisburg, Germany






2



School of Information Engineering, Zhengzhou University, Zhengzhou 450001, China






3



Institute for Molecular Medicine Finland (FIMM), University of Helsinki, 00014 Helsinki, Finland









*



Correspondence: houwy@zzu.edu.cn







Academic Editor: Mayank Kejriwal



Received: 24 January 2022 / Accepted: 10 February 2022 / Published: 12 February 2022



Abstract

:

Pedestrian counting has attracted much interest of the academic and industry communities for its widespread application in many real-world scenarios. While many recent studies have focused on computer vision-based solutions for the problem, the deployment of cameras brings up concerns about privacy invasion. This paper proposes a novel indoor pedestrian counting approach, based on footstep-induced structural vibration signals with piezoelectric sensors. The approach is privacy-protecting because no audio or video data is acquired. Our approach analyzes the space-differential features from the vibration signals caused by pedestrian footsteps and outputs the number of pedestrians. The proposed approach supports multiple pedestrians walking together with signal mixture. Moreover, it makes no requirement about the number of groups of walking people in the detection area. The experimental results show that the averaged F1-score of our approach is over 0.98, which is better than the vibration signal-based state-of-the-art methods.
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1. Introduction


Detecting the number of people in a specific area is of great importance in many real-world scenarios. It can support intelligent building and security monitoring applications, such as search and rescue after disasters, pedestrian traffic monitoring, energy-consuming optimization, indoor space management, marketing, and infection spread control for epidemic scenarios [1]. Meanwhile, people are very concerned about protecting their privacy when an intelligent monitoring system is deployed. Based on how the data is sensed, the existing approaches are categorized as device-based and device-free approaches (e.g., infrastructure-based approaches). The device-based approaches [2,3,4] require individuals in the monitored area to carry a special device or a smartphone. The infrastructure-based approaches [5,6,7,8,9,10,11,12,13,14,15,16] deploy sensors such as cameras, infrared sensors, and piezoelectric sensors where no requirement to carry any devices is needed.



However, previous studies have the following limitations. Firstly, the application scenarios of the device-based approaches are restricted, and such approaches are not appropriate to deploy in public places, such as shopping malls. As it is unrealistic to hand out a device to every individual in an open space or require everyone who enters the area to install a smartphone app. Secondly, although recently many studies have focused on camera-based crowd counting approaches (e.g., [17,18,19,20,21]), such approaches do not protect privacy and the deployed devices are easy to be destroyed. Besides that, the camera or infrared sensor-based approach will not work well in an extreme environment, such as areas with heavy smoke or low visibility. This greatly limits the deployment of the approach in certain real-life situations, such as rescue after disasters and security monitoring in a restricted area.



In this paper, we present a novel infrastructure-based approach based on piezoelectric sensors. The piezoelectric sensor is much cheaper than the geophone sensor [22] used in previous studies [14,15,23], which is advantageous from a cost perspective. Meanwhile, our approach does not require high-density sensor deployment [24]. Furthermore, different from the existing studies, our approach can be applied to many real-life scenarios where multiple people are in the same room.



While the identity authentication-based approaches [23,25,26] requires that the signals should not mix or there is only one person in the area, our approach can handle scenarios where signals from different people are mixed together. Our approach does not require that only one group of people should be in the monitored area [15]. Our system can detect the number of pedestrians in many possible cases where groups of people may walk with different walking speed, frequency, and directions. In this work, we consider the cases from 0 person to 4 persons in a 3 m by 3 m area. Our system can be treated as a minimal functional unit and be scaled out to support more people in a larger area. In future products, sensors can be embedded in floor tiles to unify the physical transmission characteristics of vibration signal.



The major contributions of our work are as follows:




	
We propose a novel approach that can count the number of people with vibration signals from the piezoelectric sensors while protecting privacy.



	
Our approach supports the situations where multiple people walk together with the signals mixed.



	
Our approach does not require that only one group of people should be in the detection area.



	
Different from the room-level approach [14], our approach is a step-level pedestrian counting approach, making it more appropriate for many real-world applications.



	
Our approach uses piezoelectric sensors, which are much cheaper than geophone sensors, making our solution economically viable.



	
Experimental evaluation shows that our approach outperforms the vibration signal based state-of-the-art methods in accuracy for similar pedestrian counting task.








This paper is structured as follows. In Section 2, we discuss previous works regarding infrastructure-based pedestrian counting approaches from different perspectives, which motivates our approach. In Section 3 and Section 4, we introduce and present our systematic approach and methodology. In Section 5, we present the experimental evaluation of our system. We conclude the work in Section 6 and discuss potential future directions.




2. Related Work


The vibration signal not only contains rich environmental information but also causes no invasion of privacy. Vibration signal-based device-free situation awareness detecting approaches have attracted much attention from the academic and industry community, which shows great potential in pervasive computing applications [27,28,29].



2.1. Sensor Selection


In general, recent studies regarding vibration signal-based ubiquitous computing applications mainly use geophones (triaxial seismic sensor) [14,15,23,29,30] and piezoelectric sensors [27,28,31,32].



A geophone [33] is deployed on the floor. It detects the velocity of movement of the floor and outputs a voltage signal. In contrast, the piezoelectric sensor measures changes in the pressure it bears. Although geophones can detect signals from three orthogonal axes in space, they are significantly larger than piezoelectric sensors in physical size. Furthermore, the price of a geophone [22] is 100 times higher than that of piezoelectric sensor [34]. In addition, the piezoelectric sensor has a simpler structure, higher sensitivity, wider frequency band, and larger dynamic range [35]. However, when it is used to detect floor vibration signals caused by pedestrian walking, there are issues with poor signal quality and low signal-to-noise ratio (SNR) [28]. The characteristics and physical parameters of different piezoelectric sensors are not strictly consistent and usually present significant individual-to-individual differences. The measurement error between different sensors is varied, and the SNR is not uniform. Furthermore, piezoelectric can only detect the signals perpendicular to the floor. Previous research [23] showed that using a triaxial seismometer can achieve an increased accuracy in a localization task by introducing signal arrive angle to a TDOA (time-difference-of-arrival) system. However, piezoelectric sensors provide less information than triaxial geophones sensors. Thus it is more challenging to achieve good results only with the signals perpendicular to the floor.



To summarize, from a cost perspective the piezoelectric sensors are advantageous, especially in scenarios that require large-scale sensor deployment. However, there are more considerable challenges to get good results with the piezoelectric sensor-based approach. Our approach uses the piezoelectric sensors with a novel system design to overcome the limitations of this kind of sensors.




2.2. Vibration Signal-Based Approaches


Although the approaches based on the vibration signal present the advantage of protecting privacy compared with camera-based approaches [18,19,21,36], there are significant challenges to detect the number of pedestrians.



The vibration signal pedestrian identification-based approaches for pedestrian counting [23,25,26] require that the step event (SE) signals must not be mixed. This means that the system can only work when a maximum of one person is walking at the same time. In indoor multi-person scenarios, it is quite common for multiple people to move together at the same time. Such approaches cannot handle the use cases of normal daily life and only work in a well-defined environment such as a lab experiment. This dramatically limits their practical applications.



The room-level pedestrian counting approach [14] requires that there is a maximum of one person in the detection area. When the person leaves the detected area and enters a room, the counter will increase by one. This kind of approach can count the number of pedestrians when people go into and leave the detection area one by one. This works well in experimental scenarios, but is not suitable for practical use cases such as pedestrian counting in a large shopping mall.



The studies [15,16] support multiple people walking simultaneously in the same area where the signals between people can be mixed. Nevertheless, these studies require that there is only one group of pedestrians in the detected area, and this group of people should walk close together. In addition, the distance between each individual in the group should not be too far. In Pan et al.’s work [15], the signal of interest (SoI) is defined as the ambient vibration signal induced by occupant footsteps. In other words, a SoI is a piece of signal from the sensor when someone passes the sensor. The four features used in [15] are given in Table 1.



However, in real-world scenarios such as shopping malls, it is more likely that more than one group of pedestrians walk with different walking patterns in the same area. Because the method proposed in [15] deployed the sensors sparsely in a room, the problem cannot be solved by deploying sensors with a different grid. Furthermore, when there is more than one group of people in the area, features (2) and (3) in Table 1 will not be available.




2.3. Overview of Our Approach


In this work, we propose a novel pedestrian counting approach based on footstep-induced structural vibration signals with piezoelectric sensors, which overcomes the limitations of previous approaches [16,23,26]. Specifically:




	
Our approach can detect the number of pedestrians in an area while making no strict requirement about the number of groups of walking people in the detected area.



	
Our approach supports the use cases where multiple people walk together with their signals mixed.



	
Our approach uses the piezoelectric sensor, which is much cheaper than the geophone sensor used in previous approaches, making our approach economically viable.








Overall, our approach shows better performance than the existing work. Table 2 compares the capabilities of our approach with previous approaches.





3. Problem Formulation


In this section, we first define the problem, then discuss the possible solution based on the observations made by Pan et al. [15], which further motivates our solution to the problem.



3.1. Problem Definition


This paper focuses on counting the number of people based on floor vibration signals from piezoelectric sensors. Our system is designed to detect up to four pedestrians in an area of 3 m by 3 m, which can cover most indoor scenarios where multiple pedestrians walk in parallel with different stepping patterns, frequency, and directions. The piezoelectric sensors are deployed in the area of 3 m by 3 m as shown in Figure 1. The layout of the sensor deployment should guarantee that the signal from any vibration source in this area could be detected by any of the sensors. Previous studies showed that this particular layout works with good performance [27,28]. Overall, our system can detect the number of walking pedestrians who step in this area. The system supports the real-life scenarios where multiple persons are walking together at the same time and different people may walk in different directions. Our system is designed to handle the following stepping patterns [15]:




	
Footsteps from different pedestrians are fully synchronized in terms of striking timing.



	
Footsteps from different pedestrians are off-sync, but induced vibration signals presents temporal overlapping.



	
Footsteps are temporally staggered.
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Figure 1. Data acquisition devices and experiment setup. 






Figure 1. Data acquisition devices and experiment setup.
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3.2. Problem Analysis


Figure 2 visualizes the original signals before denoising for the cases from 0 to 4 persons. These figures show the characteristics of time-specific signals captured by sensors. Intuitively, when the number of pedestrians is increased from 0 to 2, or from 3 to 4, the waveforms look different. However, it is not easy to differentiate whether the vibration signals are generated by 2 or 3 persons with only time domain information.



As discussed in Section 2.2, previous work [15] investigated the validation of the vibration features in Table 1 for counting the number of walking people. Figure 3 presents the results of the impulse load test experiment conducted in [15], where Figure 3a–d show the predictive capability of the vibration features in Table 1, respectively. Figure 3a shows the cross-correlation of the same SE from different sensors, representing the predictive capability of space-differential features. Figure 3b shows the cross-correlation of the same trace from the same sensor, representing the predictive capability of time-differential features. Figure 3c shows the step event duration. Figure 3d shows the step event signal entropy, representing the predictive capability of energy-specific features. Pan et al. [15] showed in Figure 3b,c that features (2) and (3) are only appropriate if the detection task is to distinguish whether the number of the pedestrians is 1 or more than 1, but they are uninformative to determine the exact number of pedestrians if there are 2 or more than 2 people. Similarly, feature (4) is only useful in the cases where there is more than one individual, making it difficult to distinguish the number of people when there are less than 2. Furthermore, the generation of features (2) and (3) required that there should be a maximum of one group of pedestrians in the detected area. Intuitively, when there are two groups of people, the signal from the first group of people may be mixed with the signal from the second group. The detected signal from the sensor is a mixture of both groups of people. As a result, it is challenging to differentiate whether the “SoI" is from the footsteps of the first or the second group of pedestrians. Similarly, the “SoI duration" is meaningless when the signals from two groups of pedestrians are mixed. Meanwhile, different groups of people may move at different speeds, where some groups may run while others walk at an average speed. These different moving events may occur simultaneously and the corresponding signals may be mixed up. On the other hand, when pedestrians walk in the monitored area, the spatial difference of the floor vibration signal source from each individual is clear, which can be captured and detected with multiple sensors. This information is encoded in the space-differential feature (1) in Table 1. To summarize, only feature (1) can be effectively used to predict the number of walking people in a more practical scenario.



Similar to cross correlation computing in [15], convolutional computation shares a similar symbolic calculation form. We assume that the convolutional computation of the same walking step event signal among different sensors will extract useful spatial features for pedestrian counting tasks. Our approach uses a deep neural network with convolutional layers to extract features from step event data and detect the number of pedestrians. The experimental results are presented in Section 5.





4. System Design


In this section, technical details about our approach are presented. The pedestrian counting architecture is shown in Figure 4. We regard the pedestrian counting task as a classification task. The vibration signal data with either none or up to four persons has been recorded and labeled. We used a deep neural network to extract features and perform the classification. Figure 5 shows the different steps our approach uses to determine the number of pedestrians.



4.1. Data Acquisition


The previous works [27,28] showed that if four piezoelectric sensors (marked as S1, S2, S3, S4) are deployed spatially as shown in Figure 1 and Figure 6, the vibration event in this 3 m by 3 m area can be detected.



Although the piezoelectric sensors are not able to measure the signals statically over a long period of time, this feature will not have a real impact on the performance of the proposed approach. Intuitively, the proposed approach makes use of the space-differential and time-differential relationship features but not each sensor’s absolute signal amplitude value, to detect the number of people. Similarly, the poor signal quality from the piezoelectric sensor will not affect the approach’s feasibility.



Figure 6 shows the data acquisition devices and the experimental setup. Four EPZ-27MS44W piezoelectric sensors are deployed in the detected area to sense the vibration signals on the floor. The bandwidth of the sensor ranges from 0 Hz to 4400 Hz. The signal is amplified, sampled, quantize, and recorded with an R&S-RTB2000 oscilloscope. Time synchronization of the signals is handled by the oscilloscope. The sampling rate is set to 10 kHz. The maximum value of the sampling point amplitude is 0.1 V. Thus, the waveforms higher than 0.1 V or lower than −0.1 V will be cut off.




4.2. Preprocessing


Traditional signal-based pattern recognition tasks need to filter the signals and denoise them during preprocessing and extract features manually. However, we do not filter or denoise the signals manually. Intuitively, the number of walking people is related to the signal’s energy. Thus, filtering can lead to the loss of valuable information. Furthermore, we used an end-to-end deep learning-based approach in which feature extraction can be learned. Previous studies have shown that deep neural networks can tolerate modest amounts of noise in the training data [28,37]. Processing raw vibration data without denoising will not only avoid downgrading the accuracy of the deep neural network, but also increase its prediction performance, because valuable information in the data is preserved.



Overall, the preprocessing workflow of the system includes value normalization, event detection, event signal segmentation, and data shaping and packaging, as shown in Figure 4.



4.2.1. Normalization and Downsampling


Our approach is based on a deep neural network. The training procedure of deep neural network requires the values of training samples to range from   − 1   to   + 1  . The ranges of the values of raw data are   [ − 0.1 , 0.1 ]  . To make the data fitted into deep neural network, we divide the raw values by 0.1.



The signal data is downsampled to 2000 samples per second. The experiment shows that the informative signal is distributed in the frequency range of 0 to 1000 Hz. Thus, it is sufficient to provide data sampled at 2000 as the input of the neural network.




4.2.2. Signal Selection and Event Detection


A sliding window selects signal samples from the signal stream. The window size is 2048 samples. The sliding window shifts 64 samples each time. The data of the four sensors share the same sliding window.



We used the first-order second-moment method [38] to detect the beginning of a vibration event. By analyzing the change of Gaussianity, this method can be used to differentiate the vibration event from Gaussian noise. The first-order second-moment is defined in Equation (1), where N is the window length of the first-order second-moment method,  μ  is the mean of the values in this window,   x i   is each value in the window. Empirically we determined a window size of 64 samples, which equals 32 milliseconds of sampling. We set the variance of ambient background noise as the threshold. When the   m 2   values are larger than the threshold, the system detected a vibration event. If a vibration event is detected, the window will shift 2048 samples. If the number of data values in the shift window is less than 2048, all the data in the window will be dropped.


   m 2  =  1 N   ∑  i = 1  N    (  x i  − μ )  2   



(1)







We used the signal of Sensor 1 to detect vibration events. The layout of sensor deployment in Figure 1 guarantees that any sensor can detect even the weakest signal generated in its area. Regarding the isolation of step events, the choice of the reference sensor does not make any difference regarding the detection of vibration events. When a vibration event is detected, the data of four sensors in the sliding window will be recorded.



Figure 7 shows an example of vibration event segmentation from the signal stream. The data values between each solid black line and red line will be extracted and packaged as input samples. The solid black lines denote the beginnings of an input sample, and the red lines the corresponding ends. After each shift of the window, all the data in the shift window will be packaged as an input sample to the neural network for pedestrian counting.





4.3. Data Set Collection and Deep Learning Model


We used a deep learning model to extract features and detect the number of walking pedestrians. In Section 3, we discussed and analyzed the effectiveness of convolutional computing of data samples between different sensors for feature extraction. The extracted features are used as input for the deep learning model to predict the number of walking pedestrians. In this subsection, the data set collection and model architecture for training are presented.



4.3.1. Data Collection


We generated a vibration signal data set ranging from 0 to 4 persons in the experiment. Two males and two females participated in the data collection process. When there is no one in the area, the data acquired by our devices are labeled as “0 Person" or “P0". In each turn of the experiment, there is a known and fixed number of participants in the monitored area. The number of participants is marked as the label of each data sample, which is further used as class label for deep learning model. The data set includes cases that cover most practical scenarios, in which the participants may walk, walk fast, and run. After preprocessing, we collected a total of 20,955 data samples. The statistics about each class is presented in Table 3.




4.3.2. Deep Learning Model


As shown in Figure 8, our deep learning model has 13 one-dimensional convolutional layers with residual structure [39,40,41,42]. The dropout rate is 0.3. The learning rate is 0.001. The batch size is set to 32. The input size is 2048 rows and 4 columns.





4.4. Prediction Output Judgment Logic


Sometimes a non-footstep vibration event [23] may trigger the model to output a result which makes no sense. Once the prediction result of deep learning model is not “0 Person", our system further validates whether the vibration event is a footstep event or not. Existing research regarding footstep detection [14,43] presents methods to judge whether a vibration event is caused by a footstep or some other events, for example a door closing or a bus driving outside the building. The entire detection logic including the mentioned footstep detection is shown in Figure 5.



If the input signal is a superposition of step vibrations and non-footsteps vibration, and if the non-footsteps signal is not too strong or does not persist too long, the system will treat the non-footsteps signal as noise. If the non-footsteps signal is very strong or persists for a long time, the risk will increase a lot that the footstep detecting module will block the proposed system. The current approach can only guarantee that the system will work in the most common scenarios, such as in an office building where the interference is not that strong or persist for a long time.





5. Evaluation


In this section, we present the performance of our system for the prediction task. We conducted a 5-fold cross-validation (CV) [44,45]. For our results we computed the average of all cross-validation folds.



5.1. Data Preparation for K-Fold Cross-Validation


The data is divided evenly and randomly into five folds exclusively as shown in Figure 9. For each fold, we train the deep learning model with the training set and evaluate the performance of the model with the test set. We repeat this training and evaluation process five times for a 5-fold cross-validation. The deep neural network classifies the number of pedestrians according to the input samples.




5.2. Performance


Precision, recall, and F1-score are used as performance metrics. Intuitively, the precision quantifies the ability of the classifier not to label a sample as positive that is actually negative. The recall represents the ability of the classifier to retrieve all positive samples. The F1-score can be interpreted as a weighted harmonic mean of the precision and recall, which is useful to balance the trade-off between the two quantities and tends to give more weight to lower values [46]. An F1-score reaches its best value at 1 and the worst score at 0. The calculation of macro and micro average can refer to [28]. The larger the metric values, the better the classification of the system.



The averaged classification performance over the 5-fold cross-validation is presented in Table 4. The confusion matrix in Figure 10 is calculated and normalized according to the prediction for each test sample in the 5-fold cross-validation experiment. We observe from Table 4 that: (i) the averaged precision, recall, and F1-score for each of the 5 classes are over 0.95; (ii) the averaged macro and micro for the three metrics are over 0.98 for the 5-class classification task; (iii) except for the standard deviation of the precision for the 0 Person class, the standard deviation for all performance metrics are relatively low (less than 0.1). These observations suggest that our classifier presents outstanding performance for the prediction task. Moreover, the high values of macro and micro F1-score (over 0.98) indicate that the classifier shows excellent performance on all classes over the entire data set. Meanwhile, it can be observed from Figure 10 that most of the off-diagonal values in the confusion matrix are close to 0 and all the diagonal values are larger than 0.96, suggesting that our approach can predict the number of walking pedestrians with high accuracy. On the other hand, Pan et al. [15,16] performed a similar classification task, but only achieved an averaged accuracy of 0.6875 for a 4-class classification task. The averaged accuracy is obtained by calculating the arithmetic mean of the accuracy for the four classes from Table 1 in [15], i.e., (0.8333 + 0.6667 + 0.3333 + 0.9167)/4 = 0.6875. This suggests that our approach is significantly better than Pan et al.’s method [15,16].





6. Conclusions and Future Work


In this paper we presented a novel device-free walking pedestrian counting approach based on piezoelectric sensors. Our approach can protect the privacy of the pedestrians, because only vibration signals are acquired. The sensors used in our work are much cheaper than the geophone sensors used in previous studies, making our approach more economically viable. Furthermore, our approach does not require a high-density sensor deployment. This means that our system can be easily expanded to cover large areas. Our approach supports that multiple people are walking at the same time with the signals mixed together. Unlike previous approaches [15,16], it makes no strict requirement about the number of groups of walking people in the detection area. Our approach can detect the number of walking people (up to a maximum of four persons within a 3 m by 3 m area) with an averaged F1-score of over 0.98.



In the future, we will integrate all the vibration signal-based functional modules [27,28] into one system. As a whole, the vibration-based system, together with the audio and video-based system, will serve as a perception layer for a privacy-protecting smart city.
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Figure 2. (a–e) present the vibration signal in the time domain. The figures show samples of time-specific signal fragments from one of the sensors. 
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Figure 3. (a–d) are the results of the impulse load test experiment done in Pan et al.’s work [15]. This small ball hitting experiment treats ball hit impulse, an analogy to footstep event, as vibration source to study the predictive ability of each feature for pedestrian counting task. The x-axis represents the number of impulses. These figures only consider the 3 vibration source case, and can be interpreted in this way: the larger the difference among the height of the three bars, the more informative the corresponding feature. (a) Cross Correlation from Different Sensors. (b) Cross Correlation from The Same Trace. (c) Step Event Duration. (d) Step Event Signal Entropy. 
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Figure 4. System architecture. The footstep event validation is as shown in Figure 5. 
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Figure 5. The logic about making prediction for the system. If the system predicts that there is more than one person in the area due to a vibration event detected, it will further check that the signal/vibration event is caused by footsteps. If it is, the system outputs the results. Otherwise, the system outputs 0 person as a result. 
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Figure 6. Data acquisition devices and experiment setup. 
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Figure 7. An example of signal selection and event detection from the signal stream. The black solid lines denote the beginning of each input sample and red lines the end. 
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Figure 8. Architecture of deep learning network. 
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Figure 9. Diagram of K-fold cross-validation with K=5. We split the whole dataset into 5 non-overlapping subsets. For the i-th fold, the i-th subset is used as test set and the remaining subsets as training set. 
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Figure 10. Confusion matrix normalized over the 5-fold cross-validation evaluation results. 
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Table 1. Feature selection of previous work [15]. The features capture the information in vibration signals for footstep events from different perspectives.
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	Features for Pedestrian Counting





	(1)
	Space-differential: Cross-correlation between SoIs from different sensors for the same footsteps.



	(2)
	Time-differential: Cross-correlation between SoIs for consecutive footsteps from the same sensor.



	(3)
	SoI duration.



	(4)
	Energy-specific: SoI signal entropy.
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Table 2. Capabilities of different approaches.
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	Approaches
	Support Extreme Environment
	Support More than One Person in the Detected Area
	Support More than One Group of People
	Device-Free
	Privacy Protection
	Resilient to Destruction





	Camera-based [21,36]
	-
	✓
	✓
	✓
	-
	-



	Device-based [2,3,4]
	-
	✓
	✓
	-
	-
	-



	Li et al. [23]
	✓
	-
	-
	✓
	✓
	✓



	Pan et al. [14,25,26]
	✓
	-
	-
	✓
	✓
	✓



	Pan et al. [15,16]
	✓
	✓
	-
	✓
	✓
	✓



	Our approach
	✓
	✓
	✓
	✓
	✓
	✓
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Table 3. Statistics about the dataset.
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	P0
	P1
	P2
	P3
	P4





	#Samples
	1954
	3440
	4752
	5181
	5628
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Table 4. Classification performance of the DNN. The average and standard deviation (stdev) for each metric are calculated using results from the 5-fold cross-validation.
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	Precision
	Recall
	F1-Score





	0 Person
	   0.9508 ± 0.1042   
	   0.9990 ± 0.0014   
	   0.9717 ± 0.0589   



	1 Person
	   0.9988 ± 0.0019   
	   0.9632 ± 0.0806   
	   0.9793 ± 0.0440   



	2 Persons
	   0.9966 ± 0.0060   
	   0.9977 ± 0.0018   
	   0.9971 ± 0.0038   



	3 Persons
	   0.9900 ± 0.0178   
	   0.9685 ± 0.0476   
	   0.9785 ± 0.0247   



	4 Persons
	   0.9732 ± 0.0393   
	   0.9898 ± 0.0175   
	   0.9810 ± 0.0206   



	Accuracy
	
	
	   0.9827 ± 0.0253   



	Micro Average
	   0.9819 ± 0.0293   
	   0.9836 ± 0.0256   
	   0.9815 ± 0.0301   



	Macro Average
	   0.9847 ± 0.0212   
	   0.9827 ± 0.0253   
	   0.9828 ± 0.0252   
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