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Abstract—Nowadays, robotics implementation spans industries
such as manufacturing, healthcare, and logistics, integrating Al-
driven capabilities to enhance efficiency and collaboration in
diverse operational environments. The ability to respond and
interact while considering human presence is crucial for a mobile
robot to operate effectively and be accepted in a human social
environment. It is necessary to make a robot that can detect the
presence of humans around it to make it capable of navigating
while considering the social environment. Meanwhile, considering
that the lidar sensor is almost always available in many robot
navigation cases, it becomes an accessible tool for detecting the
presence of humans in its surroundings. We brought the one-
dimensional lidar data into two-dimensional image data, then
involved some object selection based on weak characteristics, such
as the acceptable range radius of the object and the acceptable
distance between two legs. The result of the process is a group
of human candidates. We use a deep learning model with a pre-
trained mobilenetvd model as the feature extractor to ensure
whether the candidates are humans and a fully connected layer
of neural networks as the classifier. We defined several scenarios
in an indoor environment to test the performance of the proposed
algorithm. The experiment results show the system’s performance
with a precision score of 0.902, a recall score of 0.782, and an
F1 score of 0.837.

Index Terms—Mobile Robot, Lidar Sensor, Object Selection,
Deep Learning, MobileNet

I. INTRODUCTION

The development of robot navigation has been a significant
area of research in recent years. The increasing usage of
robots nowadays is in more than just industrial manufacturing.
Various fields, such as healthcare, transportation, and even
other daily activities, have started to enforce the existence
of robots [1] [2] [3]. These conditions increase the need
for robots to navigate autonomously and effectively in their
environments, especially mobile robots. This condition has
led to the development of new techniques and algorithms
for robot navigation, ranging from simple path planning to
complex SLAM (Simultaneous Localization and Mapping) [4]
[5] [6]. Despite significant progress in robot navigation, many
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challenges still need to be addressed to fully understand this
complex issue and develop practical solutions. One of the
challenges is to make the robot able to work in a human
environment without disturbing human activities. Numerous
studies have been conducted in order to find solutions to these
problems.

Several thorough reviews of human-aware robot navigation
[7] [8] make a significant addition to the field of robotics.
The review sheds light on the various methods and uses of
human-aware navigation. It emphasizes how crucial it is for
robots’ secure and effective operation in confined places. The
paper’s conclusion discusses the difficulties and potential paths
for future study in human-aware robot navigation. In [9], a
socially conscious behavior control has been implemented.
By implementing the social force model (SFM), the robot
can create behavior that considers obstacles around it and
humans as dynamic obstacles. The authors also improved the
adaptive ability of the SFM to the environment by using a
reinforcement learning algorithm to update the parameters of
the SFM. Repiso [10] shows another example of implementing
a robot for social activities. The article offers an innovative
approach for adaptive side-by-side social robot guidance that
is efficient and trustworthy in a practical setting, significantly
adding to human-robot interaction. The authors also imple-
mented the SFM algorithm and improved it by defining several
scenarios for the robot to adapt its behavior to the current
conditions. Outdoor and crowded robot navigation has been
tested [11]. The authors proposed a neural network model
that utilizes the information on the robot’s target direction, the
information on pedestrian positions, and the information about
the static obstacles. A reinforcement learning method was also
implemented to improve the ability to adapt to the conditions.
The proposed method is social obstacle avoidance using deep
reinforcement learning (SOADRL). The results show that the
method has the best success rate among the other compared
methods.
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One key to implementing socially aware navigation is the
robot’s ability to recognize humans. Socially aware naviga-
tion is only meaningful if there is information about human
positions. Many approaches have been proposed to add the
ability to detect the position of humans, such as using a
camera, a depth sensor, and also a radio signal [12] [13] [14]
[15]. Most currently used monitoring techniques emphasize
expensive, high-performing instruments like multilayer lidar
sensors or high-resolution, short-range radars. Due to the
varying lighting, image sensor-based techniques could be more
robust. This research aims to build a robust and lightweight
human detection system. The proposed method is to use 2D
lidar to detect human legs and the position of the human. This
approach has also been used in [16] to detect and track a
person in a stage for monitor the position of the actors. In
this research, the authors used more than one 2D lidar sensor
to catch the leg’s data from different directions. Those 2D
lidar data were then combined into one common coordinate
system. The detection and tracking were done in the common
coordinate system. Instead of using multiple 2D lidar sensors,
we approach this research using only one 2D lidar sensor. The
target of our approach is that the method can be applied to
social robot navigation.

The remainder of this paper is organized as follows. The
architecture of the system and the technique of approach are
described in Section II. Section III includes the experiment’s
design, results, and discussion. We draw inferences about this
research in Section IV.

II. SYSTEM DESIGN

In this section, we describe how we acquired 2-dimensional
image data from one-dimensional lidar data, preprocessed the
lidar data, and how to detect a person by the shape of the legs.
The system diagram can be seen in Figure 1.

fCapture Lidar ,f ) o Closing
Data Plot to 2D image > Morphology
h 4
Relative Human Object " Candidates
Position Classification | Selection

Fig. 1. System Design.

A. 2D Data Acquisition

We use the Robot Operating System (ROS) to integrate
the lidar sensor into an embedded computer. The acquired
raw data from the lidar sensor is formed as a ROS message
containing several parameters. In this work, we only utilize
the ranges, a list that stores distance data along the scanning
angle, and the angle increment, which stores the value of the
scanning increment in degrees. The sensor coverage in this
work is entirely 360 degrees, so the data can be formed as a
mathematical equation as follows:
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R={ro,r1,...,78} (D
Y= {707717"'77/?} (2)
T = ka 3

with R as a list of values representing the distances from
each direction from the lidar to measured obstacles, r;. is the
measured distance of the lidar sensor at the index of k, y is
a list of values representing the direction of each distance in
degree, the direction of the measured distance in index k, and
« is the angle increment from the lidar parameters.

Lidar Sensor

Fig. 2. Conversion from 1D data to 2D coordinate.

From the distance and direction data, two-dimensional data
is built by using mathematical trigonometry as shown in
Equations (4), (5), and also visualized as in Figure 2. The
result of the conversion is then converted from meter units to
image pixels and plotted as a two-dimensional map formed as
an image.

x = reos(7)

(4)

&)

The image formed from this step has some underexposed
areas at distances. This issue happens due to the lidar sensor’s
lack of sampling per degree. We implement a morphology
operation, Closing Morphology, a closing operation, to fix
this issue using a provided function from OpenCV [17]. This
operation also utilizes the other two methods, dilation and
erosion. The operations are explained in Algorithms 1, 2,
and 3, respectively. Erosion and dilation are mathematical
morphological operations that process binary or grayscale
images. Both operations involve scanning the image with a
small structuring element, or kernel, which defines the shape
and size of the operation.

y = rsin(7y)

B. Candidates selection

We clustered several groups of points from an image by its
continuousness. Thanks to [18] has provided an algorithm to
determine the surrounding relations among the outer bound-
aries of a binary image is available in the OpenCV library.
Using the algorithm, we obtained a list of contours in the
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Algorithm 1: Closing Morphology

Input: Input image I, structuring element SE
Output: Output image O after closing operation
B + convertToBinary(1);

D <« dilation(B, SE);

E < erosion(D, SE);

O« E;

return O

Algorithm 2: Dilation Operation

Input: Input binary image B, structuring element SE
Output: Output binary image D after dilation
operation
D < createEmptylmage(B.width, B.height);
for © < 0 to B.width — 1 do
for y < 0 to B.height — 1 do
R «+ placeStructuringElement(B, z, y, SE);
Dlz,y] + max(R);
end
end
return D

image that are candidates for the human legs. The next step
is to eliminate the candidates with several rules, as follows:

o The radius allowed for the candidates is more than a and
less than b, which means the average radius of human
legs in a pixel is between a and b.

o The allowed candidates must have one nearest neighbor
with a maximum distance of [, which means the maxi-
mum distance of a pair of human legs when travelling.

The value of the rules parameter will be defined in the

experiment. The result of this step is a list of human leg
candidates with more confidence than in the previous step but
still needing to be more confident. It is visualized in Figure 3

(a).
C. Candidates Classifier

The final step is ensuring the candidate has a pair of
human legs. To achieve this, we transfer learning from a

Algorithm 3: Erosion Operation

Input: Input binary image B, structuring element SE
Output: Output binary image E after erosion
operation
E « createEmptylmage(B.width, B.height);
for x < 0 to B.width — 1 do
for y < 0 to B.height — 1 do
R <+ placeStructuringElement(B, z, y, SE);
E[z,y] <+ min(R);
end
end
return
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(a) Before elimination process (b) After elimination process

Fig. 3. Human leg candidates.

popular deep learning network architecture, MobileNetV3,
using an improved version of the predecessor as the clas-
sifier [19] as the feature extraction layer. Considering its
accuracy and performance, this network is utilized in some
image classification applications [20]. Compared to previous
versions, MobileNetV3 introduces several key improvements,
including a new architecture with different types of blocks,
a more efficient activation function called Hard-Swish, the
incorporation of squeeze-and-excitation blocks to emphasize
important features, dynamic input resolution, and improved
channel pruning. These improvements increase accuracy and
efficiency while supporting various devices and introducing
new features. At the output of the MobileNetV3 layer, we use
a simple neural network model containing a single layer with
256 nodes as the classifier. During the training process, the
weights of the MobileNetV3 were frozen. After the training
process, a strong classifier model is obtained to determine
whether the candidate is a human. The detected candidates
that are not predicted to be human will be eliminated. The
output of this step is visualized as Figure 3 (b).

III. RESULTS AND DISCUSSIONS

This section describes the results obtained from the exper-
iments with the algorithm. For the experiments, we use the
following embedded computer specifications, operating sys-
tem, and programming tools: Jetson Nano, NVIDIA Maxwell
GPU, 2GB RAM, Ubuntu 20.04 LTS, and ROS. We use the
RPLidar A3 as the lidar sensor. We placed the lidar sensor on
a top of a differential drive mobile robot which later we will
use for implement the algorithm. The robot is shown in Figure
4. A test of finding the radius of human legs visualized in a
pixel image revealed that the maximum and minimum radii
are 5 pixels and 2 pixels, respectively, varying by the distance
between the human and the lidar sensor and also varying with
different people. The maximum distance of a pair of legs is
10 pixels, varying by distance from the lidar sensor and with
different people.

A. Dataset Creation

The candidate’s selection from II-B represents all the candi-
dates in the image, but there are still non-human legs selected
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() ()

Fig. 4. The placement of the lidar sensor on the robot.

(a) Positive dataset (legs)

(b) Negative dataset (non-legs)

Fig. 5. Result from dataset creation.

at the end of the process. To create the dataset, we utilize
this step to crop the candidates and save them in a folder
automatically. For the positive dataset, we run this process in
a room with many obstacles, and then we ask some people
as samples to walk around. The system will crop and record
the expected candidates. Moreover, we ran the candidate’s
selection system for the negative dataset in a room with many
obstacles and no humans left. The system will crop and record
only the non-human candidates. The result obtained is 10267
images of positive data and 16383 images of negative data.
The dataset is shown in Figure 5.

B. Training Process

The dataset from the previous step is used for classifier
model training. A total of 8214 images from the positive
dataset and 13107 images from the negative dataset were used
for the training process. The rest of the datasets were used
for validation data. The dataset is split into two, for the train
data and the validation data, with a ratio of 8:2. The training
was done in 100 iterations. The accuracy score of the training
process is 0.99, and the validation accuracy is 0.98. The graph
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during the training process is shown in Figures 6 and Figure
7.

Training and validation accuracy
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Fig. 6. The accuracy score during training process.
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Fig. 7. The loss value during training process.

C. Real Test

The model’s success in achieving a good accuracy result
shows that the model is ready for the real test. We defined
two scenarios for the real test. The first is in a hallway, with
the peoples walking along the hallway. And the second is in a
wide hall with peoples walk around it. The real setup is shown
in Figure 8.

There were several experimental scenarios. During all the
experiments, the detected positions of the people are recorded
with a certain sampling rate. A camera was set up for records
the people’s positions around the sensor as the ground truth
during the experiment. Some of the captured frames from the
obtained ground truth are shown in Figure 9. Moreover, the
scanned data is shown in Figure 10.
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(a) The setup in the hallway

(b) The setup in the wide hall

Fig. 8. The Real Experiment Setup.

The system has brought promising results in real experi-
ments. There is some miss detection when there is a non-legs
object shaped like a legs object. For example in Figure 9 (d)
and Figure 10. When the wall is covered by human legs, the
formed line of the wall is split, so the shape is formed, likely
human legs. But, there is also another case when the system is
able to differ the human legs with the wall even if the line of
the wall split, such as in Figure 9 (a) and Figure 10 (b). This is
probably happening because the shape has been covered by the
dataset created before, and for the miss in Figure 10 (d), the
case is still not or is less covered by the created dataset. There
is another limitation. Due to the rules in the object selection
algorithm, only a pair of human legs will be a candidate. So,
the system cannot detect humans when only one leg is scanned
by the lidar, for example, in Figure 9 (f) and 10. After all, The
result from the whole experiment showed a good performance.

TABLE I
EXPERIMENT RESULTS

Metric Value
True Positives (TP) 431
False Positives (FP) 47
False Negatives (FN) 120

The result of accumulation with different scenarios is shown
in Table I. In evaluating the performance of our object detec-
tion system, we considered several vital metrics: True Positives
(TP), False Positives (FP), and False Negatives (FN). These
metrics provide insights into the system’s ability to identify
and classify objects within an image correctly. True Positives
(TP) represent the instances where your system correctly
detected and classified objects. These are the cases where
both the ground truth and our model’s prediction align. False
Positives (FP) occur when our system mistakenly identifies
an object that isn’t present in the image. These are instances
where your model produces a positive prediction, but it doesn’t
match the actual ground truth. False Negatives (FN) indicate
the cases where your system fails to detect an object that is
present in the image. These are instances where your model
produces a negative prediction, but it doesn’t align with the
actual ground truth.

We calculated two additional metrics further to evaluate our
object detection system: Recall and Precision. Recall measures
the effectiveness of a model or system in identifying relevant
items from a larger set [21]. It is calculated by dividing
the total number of correctly classified instances (TP) by the
total number of correct positive predictions and false negative
prediction (TP + FN). It is commonly used in information
retrieval, classification, and binary classification tasks to assess
the model’s performance in terms of identifying true positive
cases. Precision, on the other hand, focuses on the model’s
ability to minimize false positives [21]. It is calculated by
dividing the number of true positives (TP) by the total number
of correct positive predictions and false positive prediction (TP
+ FP). Precision provides insights into the reliability of our
system when it makes positive predictions.

While recall and precision are valuable metrics, they do
not fully capture the balance between false positives and false
negatives. That is where the F1 score comes into play. The F1
score combines precision and recall (equivalent to sensitivity)
into a single metric. It is the harmonic mean of precision and
recall, calculated using the formula:

precission x recall
Flscore =2x T (6)
precission + recall

The values of precision and recall were calculated from the
values of TP, FP, and FN. Moreover, the results are 0.902
and 0.782, respectively. Using Equation (6), we calculated our
model’s F1 score, which obtained a value of 0.837. An F1
score of 0.837 indicates an excellent overall performance of
our object detection system. With an F1 score of 0.837, our
model demonstrates a substantial trade-off between precision
and recall. Our system achieves a relatively high level of
precision and recall, indicating accurate and reliable object
detection. It balances correctly identifying objects (precision)
and avoiding missed detections (recall). Such a performance
is commendable and suggests that our model effectively clas-
sifies objects accurately while minimizing false alarms and
missed detections.

The F1 score provides a balanced measure of our model’s
performance, considering false positives and negatives. It
ranges between 0 and 1, where 1 represents perfect precision
and recall, and O indicates the worst performance. Higher F1
scores indicate better performance in terms of both precision
and recall. In summary, by considering metrics such as True
Positives, False Positives, False Negatives, Accuracy, Preci-
sion, and the F1 score, we gain a comprehensive understanding
of our object detection system’s performance, including its
ability to correctly detect objects and minimize both false
positives and false negatives.

IV. CONCLUSION

We developed a human detection system based on the
foot shape formed by a 2D lidar sensor. The main challenge
with this problem is that the scanned shape of the human
foot is different. It also depends on what pants the human
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(d) Scene 4 from experiment in the coridor (e) Scene 5 from experiment in the loby (f) Scene 6 from experiment in the loby

Fig. 9. The Real Experiment Scenes.

(a) The detected human from scene 1 (b) The detected human from scene 2

(d) The detected human from scene 4 (e) The detected human from scene 5 (f) The detected human from scene 6

Fig. 10. The Detected Humans from the real test.
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is wearing. As a feature extractor, we implement the well-
known and influential deep learning object recognition model,
mobilenetv3, and a neural network model as a classifier in
the output of the mobilenetv3 model. The system created still
requires improvement in several areas. For example, when
a chair has rounded legs, the shapes of the chair legs and
human legs differ by the same distance. However, at different
distances, for example, if the chair legs are seen from a close
distance, they will look like human legs at a long distance.
As a solution, we recommend adding object distance as an
additional parameter in future studies. This solution will allow
the system to accurately distinguish between objects with
similar shapes but different sizes, even at different distances
from the sensor. Despite its shortcomings, this study gave
satisfactory results, obtaining an F1 score of 0.837.
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