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Abstract—This article provides a new benchmark dataset
for 3-D point cloud classificationin which the manually labeled
human activity data exceeds 100 point clouds per frame and
is capable of meeting the training needs for data-intensive
learning approaches. In this study, a case study is considered
for evaluating the benchmark using a deep long short-term
memory (LSTM) neural network, which demonstrated a sig-
nificant performance improvement over the state-of-the-art
human activity recognition (HAR) area. To date, numerous
types of collection devices have been used in the recognition
of human activities. However, due to the scarcity of training
data, the task of 3-D point cloud labeling has not yet made
significant progress. To overcome this challenge, it is aimed
to deduce this data requirements gap, allowing deep-learning methods to reach their full potential in 3-D point cloud tasks.
The dataset used for this process is comprised of dense point clouds acquiredwith the static ground sensor by the NodeNs
company-supportedmultiple input multiple output (MIMO) radar (NodeNs ZERO 60 GHz IQ radar). It contains multiple types
of human being data ranging from one to four individuals and encompasses a range of human action scenarios, including
standing, sitting, picking up, falling, and walking. Furthermore, it also investigated sensor locations and requirements
for human being data collection that is from a single subject to multiple subjects, as well as identified and analyzed
various sensing devices and applications that collect activity data. In this regard, a thorough study is conducted on
several benchmark datasets, examining sensors, characteristics, activity categories, and other data. Finally, it compares
and analyzes the activity recognition methods used in several benchmark datasets based on the current study. Unlike
existing devices, the new NodeNs sensor provides more accessible and straightforwardpoint cloud data to capture human
movement information. Depending on an advanced detection algorithm to process point cloud data, it achieved more than
95% accuracy on the benchmark dataset.
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Index Terms— Benchmark dataset, density-based spatial clustering of applications with noise (DBSCAN), human
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I. INTRODUCTION 28

HUMAN activity recognition (HAR) using low-power 29

embedded systems has recently made significant 30

progress. It has attracted increasing attention in many research 31

areas, including machine learning, pattern recognition, context 32

awareness, and human body perception. In the past few years, 33

the HAR field has been one of the most prominent topics 34

in much research. It aims to understand a person’s daily 35

behavior by analyzing their movements and their surrounding 36

living environment [1]. The information is gathered from 37

different hardware embedded in smartphones, wearables, and 38

fixed-position capture devices [2]. 39

In the process of data collection, researchers have to 40

face many difficulties such as technical challenges, sub- 41

jects’ privacy issues [3], and organizational permissions [4]. 42

Due to these difficulties, few datasets are currently avail- 43

able in sensor-based activity recognition. Some well-known 44

1558-1748 © 2022 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Southeast University. Downloaded on August 16,2026 at 13:55:09 UTC from IEEE Xplore.  Restrictions apply. 

https://orcid.org/0000-0002-4152-4965
https://orcid.org/0000-0003-1246-8981
https://orcid.org/0000-0001-8412-8164
https://orcid.org/0000-0003-4743-9136
https://orcid.org/0000-0002-7097-9969
https://orcid.org/0000-0002-8551-9025


YU et al.: RADAR-BASED HUMAN ACTIVITY RECOGNITION USING A NOVEL 3-D POINT CLOUD CLASSIFIER 18219

repositories have collected sensor benchmark datasets related45

to human movements, which are described in detail below,46

including focused area and data collection devices.47

1) UCI Machine Learning Repository [5]: It is an open48

source of the University of California Irvine Machine49

Learning Repository in the CSV format. The dataset50

has attribute types, missing values, and target domain51

information, which are smartphones and wearable52

sensor-based activity recognition datasets, such as the53

collected single-chest benchmark dataset [6]. It is con-54

tinuous data collected by wearing a 52-Hz accelerometer55

on the chest, which includes climbing stairs, standing,56

talking, walking, and working.57

2) Wearable Sensors Datasets: Wearable devices are58

designed with flexibility in mind for the customer’s daily59

use. So, many datasets are based on embedded sensors60

for activity monitoring. The real displacement (REAL-61

DISP) benchmark dataset [7] uses wearable devices such62

as accelerometers, gyroscopes, and magnetic sensors to63

collect continuous movement signals from the human64

body.65

3) Medical Activity Datasets: Medical activity identifica-66

tion is popularly on remote monitoring applications,67

which help health care for patients, disabled persons, and68

elderly people. Among them, the medical activity-related69

benchmark dataset nursing activity [8] uses an iPod70

accelerometer for monitoring nursing activities in the71

hospital.72

4) Smartphone Sensors Dataset: Currently, smartphones73

are essential companions for most people. Therefore,74

smartphones’ embedded sensors make monitoring user75

activity data make possible. The smart devices bench-76

mark dataset [9] uses the accelerometer, gyroscope, elec-77

trooculography (EOG), and pressure sensor of smart-78

phones and smartwatches to complete human behavior79

recognition.80

There are currently four main types of technologies81

widely used to perform HAR: 1) wearable sensors; 2) radar;82

3) radio-frequency (RF) signals; and 4) cameras. To achieve83

the goal of HAR, there is a need for systems with perceptual84

capabilities [10]. Considering cost constraints, the two most85

common methods used for this purpose are based on sensors86

and radar to collect activity data. Their principles are different;87

radar mainly obtains the distance, speed, and angle of the88

object by sending electromagnetic waves and receiving echoes.89

It can realize object detection with higher precision through90

the Doppler frequency shift principle [11]. Moreover, it is91

not constrained by power, and the hardware performance can92

be better released. Sensors are based on wearable devices to93

collect physical quantities of human movements. It is low94

cost, easy to use, and less limited by usage scenarios. It is95

now necessary hardware for mobile portable devices to realize96

motion recognition. Depending on these research points, Fig. 197

draws the categories of activity recognition and points out that98

the environmental sensor-based method is our focused research99

work. The proposed benchmark dataset is based on the new100

NodeNs ZERO 60 GHz IQ sensor [12] of multiple input101

Fig. 1. Approaches employed for HAR.

multiple output (MIMO) radar that provides more accessible 102

and straightforward point cloud data to capture human move- 103

ment information. Point cloud data refer to a set of vectors 104

with geometric positions in a spatial coordinates system. They 105

are sampling points that scan objects and record them as point 106

data, each of which contains 3-D coordinates, and the number 107

of points is large and dense which means point cloud data. 108

The main contributions of this article are as follows. 109

1) We construct a large-scale point cloud benchmark 110

dataset for HAR. It is a publicly available, high- 111

resolution dataset that contains more classes and more 112

subjects than the current HAR datasets. 113

2) In contrast to previous research, we explored state- 114

of-the-art methods in the domains of the HAR field. 115

We have discussed the technology from traditional hand- 116

crafted features to recently developed deep learning. 117

3) We evaluate the advanced detection algorithm to process 118

this benchmark point cloud dataset under consistent 119

experimental conditions. This provides the literature 120

with extensive baseline results for future research on 121

HAR tasks. 122

In this article, Section I has a brief introduction to HAR 123

systems. Section II describes the human activities and data col- 124

lection method of the raw-sensor device. Section III provides a 125

case study and evaluates the results, which shows the bench- 126

mark challenges in activity recognition. Finally, Section IV 127

discusses the HAR benchmark datasets and compares some 128

related works to prove our contributions. Section V has given 129

a conclusion and indicates directions for future research. 130

II. MATERIALS AND METHODS 131

For daily activities of humans, the complexity of the actions 132

may be different, and human movements are classified accord- 133

ing to various situations, including the number of activi- 134

ties [13], the types of activities [14], data collection energy 135

consumption [15], and significance [16]. 136

Fig. 2 shows that human activities can be divided into three 137

basic types: 1) static activities [17]; 2) dynamic activities [18]; 138

and 3) activities with posture transitions [4]. Static activities 139

generally refer to activities, such as sitting and standing, 140

which basically do not involve human movement. Compared 141

with static activities, dynamic activities have a motion trend 142

and it represents more intense environmental interactions, for 143

example, walking, falling, and other short-lived behaviors, 144
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Fig. 2. Different types of human activities.

which are the interaction between human body posture and145

behavior [1]. It is usually some high-frequency behaviors of146

the human being in daily life. Activities with posture transi-147

tion are combinatorial behaviors that are aggregated through148

multiple basic activities, and multiple users may participate149

during the behavior [19].150

Static activities (such as sitting, standing, etc.) are more151

accessible to recognize than regular activities (walking and152

picking up some things, and so on). However, highly similar153

posture transitions, such as sitting and standing, will cause154

great complexity in the case of separation in that the activity155

feature space has obvious overlap. In the static activities of156

sitting and standing, which means completed action without157

movements, and dynamic activities or posture transitions for158

sitting down and standing up which means action in progress,159

it is continuous movement. In addition, dynamic activities160

(standing up and sitting down) with a high degree of similarity161

in the activity feature space are also difficult to distinguish due162

to related activity patterns.163

In most cases, the correspondence between the activities164

performed is not similar during the entire activity period,165

which makes the HAR task more difficult. For example, sitting166

and standing are very similar, so it is hard to tell them167

differently from frame data. However, they are remarkably168

different from walking and are easy to separate from activity169

data at this point. Therefore, transition activities can be further170

divided into four types: 1) static to static posture transition171

(stand to sit); 2) static to dynamic (stand to walk); 3) dynamic172

to static (walk to stand); and 4) dynamic to dynamic (walk to173

fall).174

Several variations have been built that represent various175

difficulty levels of the human activities dataset based on the176

selected activity objects. This allows researchers to explore177

the robustness of existing classification methods on benchmark178

datasets in more extreme real-world scenarios.179

A. Proposed Benchmark Dataset Overview180

Fig. 3 shows the experimental setup for data collection.181

Fig. 3(a) shows the human movement data that has been182

acquired by the NodeNs sensor on the fixed table that is183

2 m from the volunteer. Fig. 3(b) shows how to set up184

four subjects in the data collection environment. The time185

duration of all human activities has been locked on for 5 s,186

which is a unified time axis setting for easy normalization of187

data length. The dataset was divided into four classes, that188

is, a total of 1011 data files, where each file is a sample 189

that represents a particular number of subjects (from one 190

subject to four subjects that are four classes) and activities. 191

It means that each file is one individual sample input to 192

algorithm train and test. The main data folder is subdivided 193

into 15 folders corresponding to the 15 classes. The detail 194

about the benchmark dataset are shown in Table I. 195

III. CASE STUDY 196

For a clearer picture of the maturity of the point cloud-based 197

HAR task to the designed benchmark dataset, this work 198

uses representative methods to benchmark test. The goal is 199

to identify the contributions and limitations of the current 200

work on the HAR task. In this case study, the first is data 201

preprocessing to the point cloud data through density-based 202

spatial clustering of applications with noise (DBSCAN) [20] 203

for clustering computing and then training and testing the 204

HAR task on the long short-term memory (LSTM) neural 205

network for classification to demonstrate the functionality of 206

the benchmark dataset. Meanwhile, to prove that training on 207

datasets with accurate attributes can help improve classifica- 208

tion performance. The evaluation of LSTM is based on the 209

labeled dataset that is randomly divided into two subsets: 1) 210

training set (80%) and 2) test set (20%), and make sure that the 211

training set and test set contain objects from different scenes. 212

The workflow is shown in Fig. 4. 213

A. Point Cloud Data Preprocessing 214

Point cloud data analysis often needs to segment the point 215

cloud data and extract the region of interest. The methods of 216

point cloud segmentation include model fitting, graph-based 217

computing, deep learning, and clustering which is popularly 218

deployed. For 3-D point cloud data, its feature attributes 219

are usually used for clustering, and feature extraction or 220

transformation is performed for each point space or local 221

space. In this way, various attributes can be obtained, such as 222

normal vector, density, distance, elevation, and intensity, which 223

segments point clouds with different attributes. For example, 224

for density clustering, a cluster is defined as the most extensive 225

set of density-connected points, dividing regions with high 226

density into clusters and finding clusters of arbitrary shapes in 227

the spatial database of noise. 228

At this point, DBSCAN is a density-based clustering algo- 229

rithm, which generally assumes that the tightness of the 230

sample distribution can determine the point cloud categories. 231

For the same category samples, the points between them are 232

closely connected. Therefore, there must be points of the 233

same category around the sample points in this category. So, 234

it is a density-based spatial clustering calculation. There are 235

advantages of antinoise as well as no need to specify the 236

number of categories and clustering of arbitrary shapes in 237

spatial data, which are suitable for clustering point cloud data. 238

The core of the DBSCAN algorithm is to find the most 239

extensive set of densely connected points. It describes the 240

tightness of the sample by two parameters: 1) epsilon and 241

2) minPoints. Epsilon is the radius of the scanning circle for 242

each data point that checks the point density. It is the radius of 243

the neighborhood, which is used to express the neighborhood 244
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distance threshold of the current point. minPoints is the245

minimum number of data points required inside the scanning246

circle, which the data point will judge as a core point. It is247

used to represent the minimum number of data points in248

the neighborhood. The algorithm can select the most suitable249

parameters by iterating these two parameter variables in loop250

computing. The flow and parameter setting of the DBSCAN251

Algorithm 1 are shown in pseudo-code [20].252

Algorithm 1 DBSCAN Algorithm
1: Input: D is a dataset containing n objects, ε is a radius

parameter, M is a Neighborhood density threshold.
2: Output: A set of density-based clusters

Require: :
3: Initial Dataframe to Zero, and then load data D as

Dataframe in the algorithm
4: Setting ε: epsilon radius parameter to 0.4
5: Setting minPoints M: Neighborhood density threshold to 1
6: Mark all objects as unvisited
7: while Objects marked unvisited do
8: Randomly select an unvisited object p:
9: Mark p as visited

10: if There are at least M objects in the ε-neighborhood of p
then

11: Create a new cluster C, and then add p to C
12: Let N as p’s ε-neighborhood for the set of objects.
13: for Each point p′ in N do
14: if p′ is unvisited then
15: Mark p′ as unvisited;
16: if The ε-neighborhood of p′ has at least M points then
17: Add these points to N
18: end if
19: if p′ is still not a member of any cluster then
20: add p′ to C:
21: end if
22: end if
23: end for
24: Output C:
25: else Mark p′ as noise
26: end if
27: end while

The algorithm first traverses the point cloud data point by253

point. If the point is not a core point, then it is considered a254

noise point and ignored, and the noise point may be classified255

into clusters by the core point later. If it is a core point, then it256

creates a new cluster, and all neighborhood points are added to257

the cluster. The core point in the neighborhood point is added258

to the cluster recursively. Following this way, until no point259

can be added to the cluster, and then start working for new260

points to establish a new cluster.261

In general, if the dataset is a dense and not a convex set,262

then using the DBSCAN algorithm will be better than other263

clustering algorithms, such as K -means. The K -means clus-264

tering algorithm can only deal with spherical clusters that are265

solid mass clusters. This is a limitation of the algorithm based266

on calculating the average distance to the cluster. If the dataset267

is not dense, it is not recommended to use DBSCAN for 268

clustering. Compared with the traditional K -means algorithm, 269

the most significant difference of DBSCAN is that there is 270

no need to input the number of categories K. Meanwhile, 271

DBSCAN’s most significant advantage is finding clusters of 272

arbitrary shapes rather than K -means, which is generally only 273

used for convex sample set clustering. Finally, the DBSCAN 274

algorithm can also find outliers while clustering, similar to 275

the balanced iterative reducing and clustering using hierarchies 276

(BIRCH) clustering algorithm. 277

B. Human Activity Recognition 278

As the recurrent neural network (RNN) has the problem 279

of gradient explosion and gradient disappearance in dealing 280

with nonlinear time problems, a temporal recursive neural 281

network LSTM is widely used in the time-series data. Due 282

to the advantage of the network structure, it can process and 283

predict highly time-dependent and strongly coupled events. 284

Traditional neural networks are affected by short-term mem- 285

ory. If the time-series data is too long, it will be difficult to 286

transfer information from the earlier time step to the later time 287

step. For the time-series data, the RNN may miss important 288

information from the start. Because during backpropagation, 289

the RNN will face the problem of gradient disappearance. The 290

gradient is used to update the weight value of neural networks, 291

and the problem of gradient disappearance is that the gradient 292

decreases as the gradient spreads over time. If the gradient 293

becomes very small, the learning cannot be continued. 294

Compared with the classical method, the LSTM using the 295

LSTM unit can directly connect the feature data of DBSCAN’s 296

preprocessing data, input it into the neural network processing, 297

and model the data properly. Diversified with the hidden state 298

of the original RNN, the LSTM adds a cell state. For the 299

human being point cloud data after DBSCAN clustering, it is 300

the time-series structure, and the data is divided into t parts 301

and fed to the LSTM. Finally, the LSTM outputs the classified 302

result about the HAR. 303

C. Evaluation and Results 304

Evaluate the LSTM algorithm training and testing perfor- 305

mance after DBSCAN feature extraction on point cloud data. 306

Fig. 5 illustrates confusion matrices from a single subject to 307

multiple subjects. Fig. 5(a) is for a single subject of five 308

activities classification results that is for fall, pick up, sit down, 309

stand up, and walk, and the accuracy is 95.75%. Fig. 5(b) is 310

for two subjects of three activities, which include sit down + 311

stand up, sit down + pick up, and stand up + pick up, and 312

the accuracy is 97.59%. Fig. 5(c) is for three subjects of three 313

activities, which include sit down + stand up + pick up, stand 314

up + pick up + sit down, and pick up + sit down + stand up, 315

and the accuracy is for 98.01%. Fig. 5(d) is for four subjects 316

of four activities, and there is arrangement and combination 317

from sit down, stand up, and pick up. The activities sequence 318

are sit down + stand up + pick up + sit down, sit down + 319

sit down + stand up + pick up, pick up + sit down + sit 320

down + stand up, and stand up + pick up + sit down + sit 321

down, the accuracy of which is 96.90%. This result reflects 322
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Fig. 3. Experimental setup data collection. (a) Human movement data acquired by the NodeNs sensor on the fixed table that is 2 m from the
volunteer. (b) How to set up four subjects in the data collection environment.

Fig. 4. Experimental workflow for the HAR task.

the performance evaluation of popular LSTM algorithms in323

the activity recognition task.324

IV. DISCUSSION325

In this article, the focus has been on the processing of326

point cloud data for human movement classification. This327

is largely motivated by the prominence of HAR datasets,328

which have been greatly expanding and improving in recent329

years. Recent work in this area and corresponding benchmark330

datasets have been discussed. Targeting point cloud data in the331

HAR field, the early ideas were developed by deep learning332

and extension of image-processing concepts, for example,333

multiple view images [25] or convolutional calculations on 3-D334

voxel grids [26] for point cloud data processing. With process-335

ing improvements, convolution operations evolved from 2-D336

convolution kernels to 3-D convolution kernels on the neural337

network. However, running convolutional calculations on point338

cloud data is a complicated matter. The main difficulty stems339

from the fact that the point cloud data does not clearly define340

the point order for performing convolution calculations [27].341

Qi et al. [28] solved this problem by using symmetric func-342

tions with constant order of points and using it to learn343

the global characteristics of point cloud data. Alternatively, 344

some other methods are proposed to learn local features from 345

convolution [29], and algorithms such as autoencoders are used 346

to remedy the defects [30]. Further research uses data fusion 347

methods, based on point cloud data and multiview projection 348

data to learn features jointly [31]. Meanwhile, Han et al. [32] 349

demonstrated serializing the point cloud processing and views 350

to analyze data. Finally, some studies directly use the unsu- 351

pervised learning method [33] to complete the HAR task. 352

Here, the work has conducted a comparative analysis 353

of some HAR benchmark datasets shown in Table II. For 354

example, Taylor et al. [21] designed a benchmark dataset that 355

includes two activities collected by Universal Software Radio 356

Peripheral (USRP). It uses a machine-learning model with the 357

random forest algorithm to analyze channel state information 358

(CSI) from the radio waves. On their benchmark dataset, the 359

HAR task achieved an accuracy of 92.47%. On the other hand, 360

Khan et al. [22] proposed a benchmark dataset based on the 361

Kinect V2 sensor that captured 12 classes of human skeleton 362

joints data. It is based on a hybrid approach to combine the 363

convolutional neural network (CNN) and LSTM algorithms 364

and then recognizes human activity with the accuracy of 365
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Fig. 5. Confusion matrices for a single subject to multiple subjects. (a) Single subject of five activities classification results. (b) Two subjects of three
activities. (c) Three subjects of three activities. (d) Four subjects of four activities.

TABLE II
COMPARISON TABLE WITH DIFFERENT BENCHMARK DATASETS AND ENVIRONMENTS

90.89%. For Zebhi [23], the sensor signal data is further366

processed by 2-D fast Fourier transform (2-D FFT) and367

Wigner–Ville transform (WVT). Combining these two meth-368

ods makes the HAR tasks more robust on the UCI-HAR open-369

source dataset. Finally, a CNN is applied to classifying these370

images for both methods and gets an accuracy of 93.45%.371

On the benchmark dataset designed by Qu et al. [24], the372

generation adversarial networks (GANs) increase the training373

dataset by producing synthetic micro-Doppler spectrograms374

for six human activities data. It helps human activities achieve375

89.4% accuracy on the deep CNN (DCNN).376

Before the work, there are some real-world human being377

scanned datasets released [9]. However, most of them are378

small in scale, which usually with thousands of parameters 379

for data classification tasks are not suitable for training on 380

deep-learning networks. Moreover, the performance of these 381

methods is limited when there is a mixture of static and 382

dynamic activities in the aforementioned benchmark dataset. 383

After comprehensive consideration, this work proposes a new 384

point cloud benchmark dataset to help the deep-learning 385

algorithm applied by the HAR task for training and increasing 386

recognition accuracy. All human beings are sampled by point 387

cloud data format through accurate scanning of human move- 388

ments. It is different from the existing HAR datasets based 389

on Lidar data collection. Our quantitative evaluations indicate 390

that the proposed benchmark dataset categorizing real-world 391
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human motion data is challenging. The benchmark’s most392

advanced detection algorithm (DBSCAN + LSTM) achieved393

more than 95% accuracy on our dataset.394

V. CONCLUSION395

With the growing development and technological innova-396

tion in the sensor industry, human activity identification has397

become a popular application in many developing computing398

fields. The work, on the other hand, has revisited the state-399

of-the-art point cloud dataset of human movements, thanks to400

the rise of the point cloud data format. In most situations,401

however, researchers are unable to obtain an appropriate402

benchmark dataset to complete the algorithm training. As a403

result, it advocated using the new NodeNs sensor’s human404

point cloud benchmark dataset to complete the HAR task405

using a comprehensive analysis of the previous activity recog-406

nition dataset. The project depends on advanced detection407

algorithms for human activity recognition, it is based on408

DBSCAN for clustering NodeNs’s point cloud data and LSTM409

neural network for activity classification. Greater than 95%410

accuracy is achieved when classifying from a single subject to411

multiple subjects based on an advanced detection algorithm.412

The results show that it is more suitable for deep-learning413

algorithm training than the traditional sensor data format and414

can gather point cloud data more efficiently than Lidar devices.415

In comparison to the current benchmark dataset, the suggested416

dataset is significant for real issues and has higher detection417

performance accuracy. Meanwhile, the case studies in the418

offered benchmark dataset can also provide a better compari-419

son and insights into the benefits and challenges of various420

classification approaches for HAR processing point clouds.421

In future research work, hardware resource consumption can422

be considered, including memory, CPU, number of sensors,423

and battery usage. In addition, the most prevalent tradeoffs424

between recognition accuracy, precision, and resource usage425

should be investigated further.426
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