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Abstract
Video-based recognition techniques are solemnly effective, and it comes to a new era of research nowadays. Yet again, it suffers some
bottlenecks indeed. Situations, surroundings, and momentums may be disgraceful with all new inventions. So, to solve the drawbacks of
technology is to imply a new technology on it. Biometric features are very authentic and high valued measures for human identi�cations. Most
of the techniques are dependent on close contact with the subject. A gait is a pattern that performs by walking from the individual. Almost all
studies of gait-based person identi�cations are performed by RGB or RGB-D cameras. Very few studies were done by using LiDAR data.
Applying 2D LiDAR images for individual tracking and identi�cation is superb when video surveillances fail to perform accurately due to
environmental and imposed di�culties (i.e., disaster, rain, fog, smoke, snow, occlusion, cost, etc.). This research performed a comprehensive
exhibition of 2D LiDAR data with a rigorous self-made dataset and customized residual neural network. We considered different experimental
setups and found exciting precisions there. Our system is appropriate for recognizing a person based on his ankle level 2D LiDAR data.

1. Introduction
Person identi�cation is a vast and ancient research �eld. Various techniques have been invented in this arena. Diversi�ed biometric [1,2,27]
characteristics enhanced the accuracy of this vital space. Camera-based applications eventually led to this research. Sophisticated innovations,
modernized features, and computational capabilities make this exact day by day. But, privacy, natural calamities, etc. issues are a big concern
for video-based processing. The emergence of new biometric features meticulously crafted the credibility of human recognition in different
delicate applications. Analogously, the urgency of close contact with the devices down worth the performance of biometric identi�cations in
some cases. Hence gait recognition is an apt alternate to person identi�cation where subjects are not supposed to be nearer with devices. In all
these innovations, video cameras [2] were used as key identi�ers to demonstrate individuals' states and distinctiveness.

Some crucial circumstances and feasible bene�ts over traditional camera-based applications make gait more popular these days. Gait is a way
of walking, and gait recognition refers to identifying a person based on their walking style. A very plausive gain 'remote access' over close
camera contact is well accepted to all. Furthermore, without the cooperation of the subject, it can be recognized. Even if some biometric
features (i.e., face, �ngerprint, iris, etc.) are absent or cannot be identi�ed, Gait plays a vital role in identi�cations. It is tough to impersonate the
gait features, making it essential in crime analysis. However, video-based recognition suffers from low resolution capturing, natural disasters,
computational complexities, etc. We propose a new modality with gait data analysis: ankle level 2D LiDAR-based person tracking and
recognition. Recent enhancements on computational capabilities, a deep learning approach make this research more precise than ever.

We demonstrated a person tracking [5] system using 2D LiDAR in ankle level for gait analysis. Determining moving objects in front of the LiDAR
sensor as a person was a challenging job. We fastidiously made the way of tracking by imposing density-based clustering over conventional
approaches. This research started using multivariate density-based algorithms to �t the model best. A visualized tracking based on LiDAR data
was undoubtedly challenging, and we prudently did the same. The development of density-based algorithms to augment the performance of
the tracking was another challenge in this experiment. We proposed two new algorithms [6]: Enhanced Density Based Scan (EDBSCAN) and
Enhanced Ordering Points To Identify the Clustering Structure (EOPTICS) to create the best cluster to determine an individuals' ankle positions
and identify their way of walking. This approach enhanced the performance of our previous tracking system and showed a new person tracking
system based on only 2D LiDAR data. This method also helped us �nd an alternative of surveillance cameras for which people were worried
about their privacy and secrecy. Here, the necessity of tracking and con�dentiality intent meets a unique solution. We found some in�uential
features (i.e., age, height, etc.) can be measured by only ankle movement data, especially tracking data. We have broadened our study with
person property estimation by a 2D LiDAR sensor [7]. Here we used a deep neural network for training and testing the model. We prepared a
detailed dataset of the experiments with different ethnicities, gender, and height. A parametric formulation was performed to do the
experiments, and results were distinctly identi�ed. The outcomes of the trials were remarkable and trustworthy to compare with the actual ones.

Now we go up with some practical instincts that suffer from RGB/RGB-D cameras for illusion, illumination, natural calamities, and even real-
time computational inaccuracies. LiDAR-based person identi�cation is our new research goal that comprehensively deals with all inadequacies
of visual imaging. We placed multiple 2d LiDAR sensors at ankle level to acquire the data. LiDARs emanate pulsed light on the surrounding
objects and compute the distance it traveled to receive the sensor again. We set an experimental model where different LiDAR sensors were
placed at ankle level, and persons were moving in front of the sensors. A Robot Operating System (ROS) was used for capturing the time series
data in a bag �le. We plotted these distance data in images with a speci�c rate to create motion history images (MHI). With these MHI, we
made our datasets to perform the experiments. Continuous ankle movements on a surface develop a path of walking, which determines the
tracking system e�ciently. As all persons have distinct gestures and ways of walking, especially activities of ankles are signi�cantly unique,
diverse us to develop a gait-based person recognition system.

In �gure 1, we have shown a block diagram that clari�es the system overview in brief. A sensing module collects data from the LiDAR sensor
and passes these distance data to create Motion history Images. These are our input datasets. These Image datasets were used to estimate the
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person property [7] through a residual neural network. We previously developed a tracking system [5] based on our modi�ed density-based
clustering approaches EDBSCAN and EOPTICS [6]. Now we developed our recognition system to identify a person through gait analysis.

2. Related Works
A thorough overview of recent innovations in person identi�cation will be discussed in this section. We studied many recent articles on
individual recognition. Most of the research was performed with video-based analysis. We tried to �gure out the techniques from there. A
ubiquitous approach is face recognition. Many research used this biometric feature over the years for person identi�cation. Another biometric
invention made this accurate study day by day. We have gone through gait-based identi�cation also. As not many efforts have been put into
LiDAR-based identi�cation, we found very few on it.

2.1: Person recognition by face
Person identi�cation research started signi�cantly earlier. Some misleading information deteriorated its performance [8]. Sometimes prior
knowledge misleads the recognition. The research continues. Many new approaches applied to it. A multimodal audio-video-based approach [9]
was also used for person recognition. Individuals' face recognition and speaker identi�cation technique were merged to improve the accuracy
of the recognition. Facial video information was also applied to recognize a person [10]. Temporal information (i.e., eigenface, �sherface,
elastic graph matching, etc.) was used for the purpose. The Grassmann manifold technique is a recent approach to recognize a person from a
video [11]. Here a geometry-aware dimension reduction was achieved from the original Grassmann manifold that enabled propitious
classi�cations. A Neural Person Search Machine [12] was invented for the person searching using recursive localization. A better optimization
was possible for this local searching on the image. Still, ideal normalizations are needed in face recognition research. A dataset independent
and automated standardization was desirable that eventually became less information lossy. Xiangyu Zhu et al. [13] depicted a method (HPEN:
High-Fidelity Pose and Expression Normalization) to create a front view typical facial image. In time, this approach improved the performance
of face recognition to identify a person. With the emergence of deep learning [26], face recognition research is now more advanced and
accurate. The major invention was DeepFace [14], where a nine-layer deep neural network was used for piecewise transformation to represent a
face. A speci�c dataset achieved about 97% accuracy, which was a great initiation of face recognition. Later, FaceNet [15] presented a concept
of automatic learning, a mapping method from face images to measure face similarity. A deep convolutional network was used for training the
model. A new record accuracy of 99% was achieved with the same dataset used previously. MagFace [16] is another global representation to
recognize a face. It categorized the losses which learn general feature embedding of an input image even though the leading benchmark was
not achieved.

2.2: Person recognition by Gait
Every human being has some different characteristics. It is this distinctive feature that sets people apart from others. Although people usually
don't see faces from a distance, they can recognize people based on their walking. This method is commonly known as gait. Gait is an active
method that distinguishes each animal according to its body movements and walking patterns. Many scientists have tried to justify this
discovery. We will try to describe something like this here.

Gait research is not a new initiation in today's research. It is approximately more than 400 years prior idea. Gait itself can be categorized into
different types. Human gait representation is usually categorized into model-based and the id model-free. It also can be different based on
human size, age, clothes, religion, shoes, ethnicity, accident, etc. With the development of information technology, especially computer vision,
automated gait recognition features were developed, increasing its performance rapidly. Silhouette analysis [17] was a tricky but
straightforward way of gait recognition to identify a human. Some standard statistical tools, i.e., PCA was used to implement the technique.
Later, a gait recognition technique was proposed without the subject's cooperation [18]. This invention lifts the ideas of contemporary gait
research. In an unknown circumstance, this idea was more well-performing than others. A dynamics normalization [19] was used in research to
identify a person in gait recognition. Comprehensive implementation of the Hidden Markov Model was done to improve the performance. Static
(body shape) and dynamic (arm and leg movements) body features are the key in�uencer of automatic gait recognition. Person identi�cation
[20] was performed on gait recognition based on these dynamic body features.

Human walking speed may vary in different situations. It also in�uences gait analysis. A traditional gait recognition system will under�t these
speed transition situations. A gait identi�cation approach was proposed to cope with these situations that deal with this speed change
situation [21]. Sometimes gait is chaos with body structures that always makes confusion. Two-Point Gait [22] dissociates these two issues,
which considerably process the limb motion instead of body structure. Only dynamic parameters can effectively implement a gait recognition
system where body shape may be ignored in the real-time calculation. This research showed a way of using ankle level sensors in our study.
Deep Convolutional Networks (CNN) [28] are recent learning techniques that improve the recognition's e�cacy. One of the very �rst works of
CNN deals with similarity learning for gait-based identi�cation [23]. Here experimental results outperform the existing evolutions in a good
score. The Koopman operator theory has recently been applied in cross-view gait recognition [24]. Universal deep linear embedding was applied
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here with a large public dataset, and the performance was impressive. Rather than using the whole body, a part-based model GaitPart [ 25],
corresponds with the different body parts individually to boost performance. All research mentioned above was based on RGB/RGB-D camera.
In the next section, we describe one type of research performed using LiDAR data. A 4D visualization and tracking system was proposed there.

2.3: Person recognition using LiDAR data
As so much research has been done to identify a person in different parameters and biometric features, in most of the cases, video cameras
and images were their main analyzing inputs. An alternative to the camera (RGB, depth, or Infrared), the LiDAR sensor was rarely used for
recognition. We found insu�cient research on the topic and thought many more must be put on it. A gait-based person identi�cation with a 3D
LiDAR sensor [3] using an LSTM network was performed by Yamada, H. et al. very recently. The average accuracy (60%) and processing of
high-volume data (3D LiDAR) also in�uence us to diversify the research domain. Benedek et al.'s [4] research were one of the �rst initiatives with
LiDAR sensors to recognize a person giving out with gait analysis. They used a Rotating Multi-Beam (RMB) LiDAR sensor, which eventually
increased the processing complexity, and correctness was not much passable, which has a vast space to improve. We have tried to come up
with a timely solution to these problems. That's why we used a 2D LiDAR sensor for data compilation so that the processing time is minimal
and the cost becomes affordable. Parallelly the accuracy is impressive to rely on the system.

We found a very initial initiative with Rotating Multi-Beam (RMB) LiDAR [29] to facilitate gait analysis. A 2D-LiDAR based gait analysis [30]
system was proposed very recently. The study showed only walking direction with motion captured by the sensor, where individual tracking and
identi�cation were not performed. 3D LiDAR is a modern trend used in human detection [31]. Point cloud clusters and classi�cations were
applied for this purpose. With the variation of the distance from the sensor, its accuracy was not so impressive. 3D LiDAR sensors also
analyzed person behavior measurement [32]. For a service robot application, this system allows it to interact with people more accurately. To
the best of our knowledge, our proposed 2D LiDAR-based person tracking and identi�cation is the initial initiative to do such. We believe this
system has a broad scope in real applications with rigorous outcomes.

3. Proposed Method
The fundamental concept of this research is to introduce 2D LiDAR sensors as an alternative to 3D Lidar sensors that comprehensively
minimize the intrinsic and computational cost also enhance the system integrity on a big scale. Our previous proposed methods were a step-by-
step enhancement of LiDAR-based individual following and their property estimation. We were sensible to use video cameras, often liable for
compromise privacy issues. Moreover, some natural and environmental shortcomings depleted the performance of RGB/RGB-D cameras.

3.1: Integrated System overview
In Fig. 2, an overall system diagram is presented here. 2D LiDAR sensor is placed at ankle level to acquire the data. All time-series data are
plotted on blank images with 40 frames per second rate. We named these images' Motion History Image (MHI)'. The main bene�t of MHI is to
encode a range of time data in a single frame. Thus human gestures and movements can be represented by MHI spans [33]. An update
function µ(x, y, ti ) could calculate the MHI M£ (x, y, ti):

M£ x, y, ti =
£, ifμ x, y, ti = 1

max(0, M£ x, y, ti − 1 − ϕ), otherwise(1)

Here, (x, y) is the position and ti is the time; µ(x, y, ti ) shows ankle position or motion in the current frame. The temporal extent of the movement
is decided by the duration £, where ϕ indicates decay in the images.

These MHI are considered as input of our system. Besides traditional clustering approaches, we used modi�ed density-based clustering
techniques to determine an ankle of a person. Similarly, the same clustering approaches were used to determine a person based on closely
moving two ankles on the plane. This heuristic approach was analyzed repeatedly until it came to tolerable accuracy. The second part of image
2 is clustering which elaborated scenario is shown in Fig. 3. We developed in our earlier article two enhanced algorithms (EDBSCAN and
EOPTICS) to thoroughly evaluate the clusters and de�ne the person's position on the plane. We used the Kalman �lter for tracking the persons
moving in front of the sensor. Our previously published article [5] introduced person tracking based on LiDAR. We enhanced density-based
clustering algorithms in our nest article [6] and showed a signi�cant improvement over the traditional density-based approach. Further, we
developed a well-structured dataset considering all international audiences that were perfectly diversi�ed with height, age, gender, and ethnicity.

Our next attempt was person property estimation (age and height) from 2D LiDAR data [7]. Though these abstract properties are very
susceptible to actual calculation, we created a model. Our experimented results were very competitive to others' estimates with a loose contact
of the subject. Figure 4 is a pictorial representation of the property estimation technique. We used a pre-trained Deep Residual Network for

( ) { ( )
( )
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training the system. Here, we got a fantastic outcome with a sensible dataset with rigorous training, validation, and property height and age test
data. Our designed system categorized the properties in only two classes (Height: tall, short; Age: Young, Elder), but for the test, we
demonstrated more categories also. Next section, we describe our current interest, gait-based identi�cation. Further, we elaborate our study for
person recognition based on 2D LiDAR only. Such types of research were not initiated previously with a 2D sensor only.

3.2: Gait-based Person Identi�cation
Person identi�cation deals with much research over so many years. Other biometric features-based identi�cation made this research more
authentic and accurate. Various types of cameras and sensors were used to make this perfect. With the invention of the deep neural network,
this research got a new dimension. Our focus on this research is to contribute differently to the sense of sensor and calculation.

3.2.1: Experimental Setup
Figure 5 shows the experimental setup for the research. We use four LiDAR sensors to collect the data at different angles and heights. Two
LiDAR stands are placed at a two-meter distance, and the angled gap is 90 degrees. We put four various LiDAR sensors in the two stands so
that everyone's data can be collected easily. We named two LiDARs in the same stand as multi-layer, and LiDARs in separate stands are named
multi-angle. For the analysis, we used different sensors' data in different ways. For this experiment, we used HOKUYO UTM-30LX 2D LiDAR
sensors. It has a 30 meter and 270-degree scanning range. This sensor is lightweight and very suitable to use outdoor. We will discuss these in
the result discussion section.

3.2.2: Dataset Preparation
In this research work, we used our developed dataset. No such research was done with this sensor setup, so no public dataset is available. 2D
LiDAR sensors only provide distance values of objects in front of it, making our image dataset challenging. We created different datasets based
on enormous parameters and named these KoLaSU (Kobayashi Laboratory of Saitama University). Twenty-nine independent observers have
participated in our study, and all of them were unbiasedly allowed to walk in front of the LiDAR sensors. We created one aggregated dataset
considering all four LiDAR sensors. Then individual four sensors' data. After that, we created a multi-layer and multi-angle dataset considering
all possible conditions, i.e., multi-layer-13, multi-layer-24, multi-angle-12, multi-angle-14, etc. Here 1,2,3, and 4 indicate LiDAR position as per Fig.
5. Different colors in the MHI indicate various LiDAR sensors' data in the images. Figure 6 shows a brief description of our prepared dataset.
Here seven chronological movements of two participants are shown with our created images.

3.2.3: ResNet based identi�cation
Figure 7, showing detail of gait-based identi�cation. As mentioned earlier, we created motion history images (MHI) from LiDAR data given as an
input of the neural network. We categorized different ways and trained our model for the experiments. A pre-trained residual neural network
(ResNet) was applied to validate and test the system. Identity mapping vectors and residual learning extract convolutional features by training
a ResNet. In a ResNet architecture, residual can be de�ned by

Y = f(x) + x

Here, x is the input vector, Y is the output vector, and f(x) is the residual mapping function. In this article, we used 18 layers and 35 layer ResNet
to extract the convolutional features of KoLaSU datasets. The second layer of the network is Max pooling comes after the �rst convolutional
layer is used to minimize the data over�tting problem. A Fully Connected (FC) layer combined with Average Pooling and Softmax layers
provides features of person identi�cation based on gait data. Without raising the training error rate, a substantial number of layers can be
trained by ResNet easily. ResNet is also competent to nullify the vanishing gradient problem, giving it an extra advantage over other traditional
neural networks. Finally, a consistent gait-based classi�cation was done with meaningful accuracy.

4. Experiments And Discussion
LiDAR-based identi�cation is a recent yet challenging initiation considering various circumstances and precisions. Few comprehensive studies
have begun with the parallel of conventional video-based tracking with the LiDAR sensor. But all these studies considered 3D LiDAR as their
alternative. We thought differently and used a 2D LiDAR sensor to do so. Considerable outcomes, less processing time, inexpensive installation,
and wide practical applications made this research worthy.

4.1: Gait based person identi�cation
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We thought of the different data combinations during acquisition to make the application-wide in range and reliability. A homogeneous and
heterogeneous LiDAR setup was considered for the collection of data. Though a single LiDAR is su�cient to get a pedestrian's desired data,
critically distributed and overlapped data are always dilute the system performance. Ankle level LiDAR setup was our primary focus to track
and identify a pedestrian. Besides, the uppermost setup of the sensors does not enhance the system performance when the measurements
consider a two-dimensional scenario. We placed two LiDAR sensors on a single tripod; parallelly, another two sensors were placed on the
second tripod. These two tripods were kept 2 meters distance in a ninety-degree angle experiment setup. We considered different ages and
heights pedestrians. They were unbiased in gender, clothes, shoes, and region also. We substantially found numerous walking styles based on
their properties. To plot LiDAR data on an image was our primary challenge, but we cautiously did the experiments and found excellent
accuracy there. Our proposed KoLaSU dataset consists of fourteen outdoor sequences where twenty-nine participants were attended with �ve
to ten minutes walking with the experiment setup. We considered a standard forty fps rate to write the data. For cross-validation, we considered
the 100 fps rate also. In all our experiments, we kept our datasets into three groups. Sixty percent of the data were considered train data, where
the remaining 40 percent were split equally into test and validation sets.

Table 1 shows an overall experimental result of gait-based recognition. As discussed, we considered 14 different conditions data for our
KoLaSU person tracking dataset; here, we placed 9 of these. We split out all four LiDAR's data individually as we kept four top rows in table 1.
Similarly, in the table, we merged different LiDAR data as the number assigned (i.e., LiDAR 12, merged LiDAR 1 and LiDAR 2's data in MHI with
40 fps). Among 29 participants, we keep 26 pedestrians for our experiment after the �lter. Here 60 percent of the total data of a set were kept
for training the system, and the remaining 40 percent were divided equally for validation and test dataset. For this research, we used the
GIGABYTE BRIX GPU machine for the analysis of our data. The batch size was considered as 38, and the number of epochs varied from 25 to
50 periodically. We used a deep neural network to train our model. Here a pre-trained ResNet 18 network was used to train the dataset. We used
ResNet 34 and ResNet 50 also for cross-checking the system performance. We placed some results of these in the next section. We randomly
selected our train, test, and validation datasets among all machine-generated data, where all segments were utterly disjoint. Initially, we kept
every person's data in three parts: train, test, and validation group. Further, we enhanced our study for unknown test data set. Without prior
information, man or machine cannot identify a new individual; thus, the system reacts. From table 1, we see that accuracy in three different
segments is very impressive and near about 99 percent correctly identi�ed. Though some data are not accurately captured due to congestion
problems (i.e., KoLaSU LiDAR 3 and KoLaSU LiDAR 4), their performance in the test case did not go below 93 percent. Moreover, their combined
dataset (KoLaSU LiDAR 34) performed signi�cantly well with 99 percent precession. 
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Table 1
Gait-based person identi�cation on different parameters

Data Experiments

Type

Batch

Size

Epoch

Size

GPU DNN

Model

Train

Accuracy

Train

Loss

Test
Accuracy

Test
Loss

Validation
Accuracy

Validation
Loss

KoLaSU
LiDAR 1

26 Persons
Individual
(60%,20%,20%)

38 25 Yes Resnet
18

0.99421 0.02 0.9843 0.05 0.9851 0.04718

KoLaSU
LiDAR 2

26 Persons
Individual
(60%,20%,20%)

38 25 Yes Resnet
18

0.99324 0.02329 0.9846 0.0494 0.98502 0.04515

KoLaSU
LiDAR 3

26 Persons
Individual
(60%,20%,20%)

38 25 Yes Resnet
18

0.97721 0.00388 0.9336 0.2144 0.93478 0.2078

KoLaSU
LiDAR 4

26 Persons
Individual
(60%,20%,20%)

38 25 Yes Resnet
18

0.98038 0.0627 0.9479 0.1689 0.94711 0.16857

KoLaSU
LiDAR
13

26 Persons
Individual
(60%,20%,20%)

38 25 Yes Resnet
18

0.9982 0.0076 0.9962 0.0132 0.996 0.0145

KoLaSU
LiDAR
24

26 Persons
Individual
(60%,20%,20%)

38 25 Yes Resnet
18

0.99831 0.00717 0.99622 0.01315 0.99611 0.013

KoLaSU
LiDAR
12

26 Persons
Individual
(60%,20%,20%)

38 25 Yes Resnet
18

0.99719 0.00033 0.9934 0.0208 0.99305 0.0208

KoLaSU
LiDAR
34

26 Persons
Individual
(60%,20%,20%)

38 25 Yes Resnet
18

0.99821 0.00772 0.99343 0.0209 0.9942 0.0198

KoLaSU
LiDAR
1234

26 Persons
Individual
(60%,20%,20%)

38 25 Yes Resnet
18

0.99869 0.00561 0.99658 0.01118 0.99713 0.0095

4.2 Comparison to different data types
Figure 8 shows three different input datasets' accuracy with a different dataset, also showing designed network is accurately trained with all
kinds of data. To reduce the over�tting, we validated the network, and here its accuracy is impressive, and none of the datasets goes below 93
percent. The test accuracy also goes through with validation accuracy and follows its footstep. Accuracies and losses are inversely
proportional in a system. Our system is also showing this trend. Most of the loss calculations remain on the borderline of the scale in Fig. 9.
The symmetry in the accuracy and loss carves of the three parameters substantially shows the network credibility. This designed network and
its performances instinctively develop a logical ground of using two-dimensional LiDAR sensors for person identi�cation in broad.

We performed rigorous testing with different datasets to test the system performance. All fourteen datasets were considered for this cross-
testing. We analyzed the results and found an essential symmetry in the performance analysis phase, and those wholly aligned with our
theoretical expectations—�gure 10 shows these results in detail. Suppose the top four datasets on the �gure are KoLaSU LiDAR 24, 13
respectively. We trained and validated the system with the same dataset but changed the test data only in four cases. LiDAR 24 and LiDAR 13
are created with merging sensors 2 and 4 and sensors 1 and 3, respectively. For testing, we used only LiDAR 4 and 2 and LiDAR 3 and LiDAR 1
separately. The bar chart shows that training and validation accuracy is nearly absolute, with a test accuracy below 20 percent. We considered
unbiased disjoint data for all cases. As the �gure shows, if a person is accurately trained by the neural network and tested differently, the
system performance will degrade. The same performance persists for all the cases except the combined dataset LiDAR 1234 is tried with test
data 24 and 13. Here the performance reached up to 38 percent but was not impressive. So here, we can conclude that to achieve the best
performance of the system; it should be trained and tested with the same types of data; any other biasedness is not necessary there.
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Table 2
Performance test with different DNN model

Data KoLaSU LiDAR 1234 TestCross24 KoLaSU LiDAR 1234

TestCross24

Experiments Type 26 Persons Individual (60%,20%,20%) 26 Persons Individual (60%,20%,20%)

Batch Size 38 38

Epoch 25 40

GPU Yes Yes

Model Resnet 18 Resnet 50_2

Train Accuracy 0.99864 0.99999

Train Loss 0.00589 0.000354

Test Accuracy 0.379 0.4007

Test Loss 4.2741 3.5852

Validation Accuracy 0.99721 0.99956

Validation Loss 0.00589 0.001578

Besides ResNet 18, we analyzed different neural networks to test our data's system performance and effectiveness. We show one of such types
of analysis in Table 2. For the same dataset KoLaSU LiDAR 1234, we trained and validated it by ResNet 18 and ResNet 50. The rest of the
parameters remained the same except epoch size. We tested the system with different datasets KoLaSU LiDAR 24 and tried to analyze the
performance of two separate networks. ResNet 18 gave almost 38 percent accuracy, whereas ResNet 50 performed with 40 percent accuracy.
But network size of ResNet 50 is abruptly huge than ResNet 18, and computation time is highly excessive. Thus, we decided to consider ResNet
18 rather than ResNet 50 even though its performance is little improved.

To test the system performance in different ways, we combined different datasets and trained and validated our system. Our achieved
accuracies were impressive in all cases. In Fig. 11, we placed some experiments based on combined datasets. Here we put system accuracy
and loss together. Six datasets were connected with their aligned ones. Suppose LiDAR 24 data was combined with LiDAR 2 and 4 data for
training and validation of the system. Further, we tested the system individually with LiDAR 24, 2, and 4 data. The same scenarios were
performed with LiDAR 1234, 13, and 24 also. In all cases, though the system was trained with multiple groups of data and tested with
individual one, it performed as a regular system performed previously. From Fig. 11, we see that all six combinations' train, validation, and test
accuracies lay around 99 percent, where its loss remains more minor as below 20 percent. Here accuracy and loss curves follow a symmetry as
well, which is an indication of network performance.

4.3 Comparison with contemporary studies
To the best of our knowledge, there was no such research performed with 2D LiDAR sensors to identify a person based on gait analysis. Even a
few studies were conducted with a 3D LiDAR sensor. Though they used different sensor setups and designed their model, we compared the
overall system precisions in Table 3. Benedek et al. [4] initiated the research for lidar-based gait analysis. They prepared their dataset, SZTAK-
LGA, with 28 participants. They used CNN (convolutional neural network) and MLP (multi-layer perceptron) for training and testing the system.
They used a different number of people in their experiments; an increased number of people degraded the system performance from 92 percent
(for �ve people) to 75 percent (for 28 people). Yamada et al. [3] performed a thorough experiment on lidar-based gait analysis. This research
was also conducted with a 3D LiDAR sensor. They also prepared their dataset, PCG (point cloud gait), with 30 participants. A CNN and LSTM
(long short-term memory) neural network model was applied for training and testing the system. Though they get different accuracies in
different input patterns, here l = 1:8 gave a maximum of 72 percent in general. Compared with rest two, we used our own dataset KoLaSU, with
29 participants, and a two-dimensional LiDAR sensor only. We used a residual deep neural network (ResNet) for training, validation, and testing
the system. We randomly used utterly unbiased datasets categorized into three classes (train, test, and validation). The average system
performance is greater than 98 percent, emphasizing a wide use of 2D sensors in different applications.
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Table 3
Performance comparison with state-of-the-art technologies

Method Dataset Sensor Model Accuracies

Benedek et al. [4] SZTAKI-LGA (28 People) 3D LiDAR CNN + MLP 80% (approx.)

Yamada et al. [3] PCG (30 People) 3D LiDAR CNN + LSTM 72% (approx.)

Our KoLaSU (29 People) 2D LiDAR ResNet 98% (approx.)

5. Conclusion
This paper presents a way of person identi�cation with LiDAR sensor. Very little research has been done in this arena those were used only this
sensor setup. We tried to elaborate the use of 2D LiDAR sensors with real-time calculations and enhanced accuracies. Creating an expanded
dataset KoLASU makes the study well suited in this research. A pre-trained deep neural network, ResNet effectively �t the data and found its
losses for gait recognition. The overall precision of the system is awe-inspiring. A combined application of person tracking and identi�cation
with this sensor could be applied in autonomous robot movements.
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Figure 1

A system overview of 2D Lidar-based Estimation

Figure 2

LiDAR-based Person Tracking, Property Estimation, and Recognition

Figure 3

Tracking using EDBSCAN and EOPTICS algorithms
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Figure 4

Person Property estimation (Height, Age, Region)

Figure 5

Experimental setup for Person Identi�cation



Page 13/15

Figure 6

KoLaSU, Two Persons' data: Upper one is MHI and lowers one is the corresponding pose

Figure 7

Gait based Person Identi�cation
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Figure 8

Gait-based Person Identi�cation, Performance comparison

Figure 9

Gait-based Person Identi�cation, System Loss comparison
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Figure 10

Gait Performance test with Cross-Data

Figure 11

Combined dataset performance analysis


