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Abstract—This paper presents the design and development of
a lightweight, portable 3D spatial sensing device equipped with
a compact LiDAR-type sensor. The device provides a 3D point
cloud representation of the surrounding environment as captured
by the sensor. Based on the acquired 3D point cloud, we propose
a real-time object recognition method. The technical challenge is
how to process the 3D point data in real-time while pursuing the
best trade-off between the processing overhead and recognition
accuracy. To answer the question, we leverage the Fisher Vector
to extract spatio-temporal features of different objects enabling
efficient classification of these objects using the Support Vector
Machine approach. The experimental results show that the
proposed method achieves mean Average Precision of 0.961. The
processing speed on the device was 59.3 frames/second, indicating
that object detection can be done in real-time on the device.

Index Terms—3D Point Cloud, Object Recognition, Spatial
Sensing, Edge Device

I. INTRODUCTION

The recent advancements in mobile IoT unleash an extraor-
dinary cycle of innovative applications that target humans,
vehicles, and mobile objects. These applications build a se-
cure and enriched living environment. They will also lead
to the realization of the next generation of human-centered
intelligent environments that will improve the human quality
of life. Particularly, the human sensing field is witnessing a
growing need for applications that support social distancing
and contact tracing to prevent the spread of infectious diseases
(e.g., COVID-19) [1]–[4]. These applications also contribute
to understanding and analyzing human flow in working en-
vironments, or commercial facilities [5], as well as in-home
monitoring of the elderly for emergency detecting (e.g., falls).

Most of these detection systems use image analysis technol-
ogy based on RGB cameras [6], which is not an acceptable
solution in private environments. This is because of the leakage
of personal information (e.g., individuals’ faces) and privacy-
sensitive information (e.g., appearance and clothing). Even in
public spaces such as commercial facilities, introducing this
technology as data acquisition means without consent may not
be allowed, and an opt-out mechanism is required in some
cases.

To solve this problem, our research group is developing a
human flow detection system called ”Hitonavi” [7] that uses
3D point clouds acquired by Light Detection And Ranging
(LiDAR) sensors. Since the 3D point cloud acquired by
LiDARs does not have color information, there is little risk of
invading subjects’ privacy. Powerful, high-precision LiDARs

can precisely capture the shape of subjects in a wide area,
and it has been used for object detection in indoor and outdoor
environments [8] and person tracking [9], [10]. However, since
these LiDAR systems acquire dense point clouds with large
volume, data processing needs high-performance computa-
tional resources.

In this paper, we present the design and development of a
small, portable device, called Hitonavi-µ, which is equipped
with an ultra-compact and power-efficient LiDAR-type device
and a microcontroller board, to acquire a 3D point cloud of the
surrounding environment. We also propose a real-time object
recognition method using the 3D point cloud obtained by the
device. The method is lightweight enough to run on the device,
which enables real-time processing of the obtained 3D point
cloud with good segmentation and classification accuracy of
the objects in the scene. The key idea is to leverage the Fisher
Vector representation of the 3D point cloud features and a
trained SVM classifier tailored to the object recognition.

Hitonavi-µ can be used for supporting visually impaired
pedestrian while wearing the device [11]. The device can
recognize the surrounding objects and alert risks of colli-
sions [12]. If the device is on a worker’s desk, it can detect
work posture and assess her/his concentration level during the
work [13].

The evaluation results on a dataset using the Hitonavi-µ
device show that the proposed method achieves 0.961 mAP.
This indicates that the features of the point cloud distribution
can recognize the objects and their types with sufficiently high
accuracy. Besides, the processing rate on the device was 59.3
frames/second. This highlights the real-time performance of
the proposed method on resource-constrained edge devices,
especially off-the-shelf microcomputers without GPUs.

II. RELATED WORK

Object recognition in a 3D point cloud is generally defined
as a segmentation and classification problem to find objects
in the scene and determine the classes (types) of objects. For
this purpose, many efforts have been dedicated so far [14]–
[17]. PointNet [15] is a well-known approach. Given a 3D
point cloud as input, a multilayer perceptron extracts features
from the point cloud and performs segmentation of the point
cloud. The method applies Max-pooling, a symmetric func-
tion that preserves the point cloud’s sequential invariance.
PointNet++ [16] is an enhanced version of PointNet that
improves accuracy by incorporating information from each
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point’s neighbors. VoteNet [17] focuses on the fact that point
clouds acquired by geodesic sensors capture only the surface
of objects and uses a voting mechanism to determine the
center point of objects. These methods enable highly accurate
object recognition. However, they assume powerful hardware
for both sensing and data processing. More specifically, these
methods assume point clouds with high density obtained by
powerful LiDARs or depth cameras, which consume much
energy for sensing. They also rely on deep learning-based
data processing, which is computationally expensive and often
requires high-performance GPUs for training and inference.
Therefore, running these methods on resource-constrained
edge devices is not straightforward.

Meanwhile, in this study, we explore a possibility of object
recognition using our portable device with a small LiDAR-
like sensor and an off-the-shelf microcomputer. The obtained
point cloud is much more sparse than that from such powerful
sensing devices. Therefore, it is not easy to capture the features
of the objects, achieving sufficient accuracy and processing
speed. To pursue the best balance, we leverage a combination
of a pillar grid-based discrimination for fast segmentation and
a compact representation of point distribution using Fisher
Vectors (FVs) and a conventional classifier (SVM) for class
inference.

Several methods have been proposed for processing 3D
point clouds using mobile devices. Kim et al. [18] employed
a hardware-dependent approach using a graph convolutional
network with pipelining, and achieved high-speed, energy-
efficient point cloud processing. However, they need dedicated
hardware (the processor architecture has been optimized for
the proposed processing scheme), and the algorithm has been
configured for the architecture. Meanwhile, our goal is to
develop a cost-efficient device with a small single-board
computer (we use a raspberry pi 4 compute module) that has an
ARM-compatible CPU and an algorithm that works on it. Liu
et al. [19] propose a LiDAR-equipped mobility support system
for visually impaired people. A wearer is equipped with a
LiDAR and a laptop PC on her/his body and back, respectively.
The system can generate a 3D map of the environment
in front using SLAM, perform object recognition, capture
the surrounding environment, and provide voice notification.
Although the system has shown the possibility of a pedestrian
SLAM system using LiDARs, it needs powerful machines with
GPUs and sensing devices, which differs from our approach
that only relies on a simple, cost-efficient device with a small
LiDAR.

To summarize, the existing approaches to enable point
cloud processing on edge devices do not satisfy the following
requirements that we think are significant for our purpose.
(i) The data processing should be lightweight and hardware-
independent, which can easily be implemented and run on off-
the-shelf CPU-based architecture, and (ii) the point cloud data
can be sparse to allow energy-efficient small sensing devices.

Fig. 1. Device dimensions and components

Fig. 2. (a) Device usage, (b) acquired point clouds

III. DEVICE ARCHITECTURE

In this section, we describe the architecture of Hitonavi-µ.
Hitonavi-µ can obtain a 3D point cloud (frame) of the sur-
rounding1. It consists of a battery, a microcontroller unit, and
a MEMS LiDAR sensor, as shown in Fig 1. The components
are assembled into a case of 100mm(H)×74mm(W )×29mm
(D) made of aluminum and plastic. The case has a hole for the
LiDAR sensor, a type-C port for battery charging, and a power
switch. The processing unit of Hitonavi-µ is a Raspberry
Pi Compute Module 4 (CM4). This unit is connected to an
I/O board that provides the required interfaces to the LiDAR
sensor and power supply. The CM4 has an ARM Cortex-
A72 CPU (1.50 GHz, four cores) with 4 GB of RAM, which
facilitates running our algorithms on the edge.

The LiDAR sensor has an ultra-compact size with a sig-
nificantly lighter weight than existing LiDAR devices in the
market. The sensor consists of an infrared laser and a CMOS
image sensor and can acquire a 3D point cloud in real-time.
Additionally, the detection range of this sensor is within 3m,
and the FOV (Field Of View) is 90 degrees.

Hitonavi-µ is also equipped with a 9-axis inertial measure-
ment unit of tri-axial accelerometer, gyroscope, and magne-
tometer, whose operating frequency ranges from 14.9 Hz to
952 Hz. The acquisition of acceleration, angular velocity, and
magnetic measurements enables estimating the user’s posture
wearing the device. In addition, the device is equipped with a
battery to supply power when used as a portable device.

The wearing usage of Hitonavi-µ and the acquired point
cloud are shown in Fig. 2. The device is worn around the
neck as shown in (a) and acquires the shape of objects within

1Each point in the cloud has only x, y, and z coordinate information without
color or other information.
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the detection range in the form of a 3-D point cloud as shown
in (b). That point cloud can represent the shape of a person
in fine detail.

IV. OBJECT RECOGNITION ALGORITHM

Fig. 3 shows the proposed 3D point cloud segmentation
and classification procedure. The proposed method takes the
3D point cloud obtained from the LiDAR as input. First,
the method divides the input point cloud by pillar-grid and
performs grid-based clustering process to segment the point
clouds into objects (Section IV-A). Fisher Vector-based fea-
tures are extracted from each cluster to determine the shape
of the objects (Section IV-B). The obtained feature vectors
are used as input to the machine learning model (SVM) to
learn object class inference, and a class label is assigned to
each point according to the inference results (Section IV-C).
Detailed descriptions of these sub-processes are given in the
following subsections.

A. Pillar-grid-based Segmentation

PointPillars [20], an object detection method, uses a pillar
grid to divide the point cloud into pillars to speed up process-
ing. We leverage the concept of that approach.

Let L = {pi ∈ R3, i = 1, ..., n} be the set of 3D
points, where n denotes the number of points in a given point
cloud. Each point has only geometric information in 3D space
(xi, yi, zi). First, the point cloud is discretized into an evenly
spaced grid in the x-z plane, creating a set P of pillars.

Next, a grid-based clustering process is performed. Fig. 4
illustrates the process. Before clustering, noise reduction is
performed. Using the number of points in each grid, if the
number of points is above a threshold, the grid is considered
as a component to form an object (the green grids in Fig. 4).
If the number of points is less than the threshold, the grid is
considered as noise (gray grid in Fig. 4) and is not included
in the subsequent clustering process.

Finally, a grid-based clustering process is performed. If both
adjacent grids are object-presence grids (green grids), they are
considered to be in a single cluster. By repeating this process,
the cluster can be divided into three clusters in this example,
as shown in Fig. 4.

The time complexity of this processes is O(n), which is
faster than clustering methods such as DBSCAN [21] (worst-
case complexity O(n2)), which are often used in object
detection.

We note that, if the pillar-grid size is too small, it may
be difficult to determine if the point cloud in each pillar is
from an object or noise, resulting in lower detection accuracy.
Meanwhile, with too large-sized pillars, a single grid may
contain point clouds from two or more objects, decreasing
recognition accuracy. In our implementation, we determine the
grid size as 20cm× 20cm empirically.

B. Feature Extraction via Fisher Vector

Next, we extract features based on each selected pillar’s
Fisher Vector (FV) representation. Generally, processing point

cloud data has a lot of challenges. Extracting meaningful
context is not straightforward due to its unordered, unstruc-
tured, and varying size nature, unlike visible images. FV
representation can overcome these challenges because it is
independent of their order and sample size. Our method
uses feature vectors from point cloud distribution in each
cluster (i.e., each segment found in the previous section). FV
representation is employed to define discriminative spatio-
temporal signatures for different objects’ data of variable
sizes. The intuition behind using FV for feature extraction
is its ability to capture the spatial formation of 3D points in
space, yielding discriminative signatures of the objects. These
signatures are defined as the deviation of 3D points from
the Gaussian Mixture Model (GMM). This can be done by
calculating the gradients of the sample’s log-likelihood w.r.t.
the model parameters (i.e., weight, mean, and covariance).
Additionally, FV yields a fixed-size feature vector, making it a
convenient input to any classifier. We explain how to derive FV
in our proposed method. Let Xi = {pt ∈ R3, t = 1, ..., T}
be the set of 3D points of a cluster i, where T denotes the
number of points in a cluster. Let λ = (µ,Σ) denote Gaussian
parameters, where µ = (µx, µy, µz) and Σ are expected value
and covariance matrix of the Gaussian. The proposed method
uses one Gaussian to compose GMM, and µx and µz can be
obtained by averaging the x and z coordinates of the points
in the pillar respectively, and we use a constant value (1000)
for µy . For fast computation, we use a unit matrix as Σ. The
likelihood of a single 3D point p with the Gaussian density
is:

u(p) =
1

(2π)3/2|Σ|1/2
exp{−1

2
(p− µ)TΣ−1(p− µ)} (1)

The Fisher Vector G is the sum of normalized gradient
statistics, computed here for each point pt:

G =

T∑
t=1

L∇log u(pt) (2)

The normalized gradient can be written in terms of the
variable:

Gα =

T∑
t=1

(u(pt)− 1) (3)

Gµ =

T∑
t=1

u(pt)

(
pt − µ

σ

)
(4)

Gσ =

T∑
t=1

u(pt)

(
(pt − µ)2

σ2
− 1

)
(5)

To construct a feature vector to be fed to the object inference
model (explained in Section IV-C), we use the maximum value
in the summation of each equation (3)-(5) (7-dimension), the
minimum value in the summation of each equation (4)-(5) (6-
dimension), and the height (1-dimension) and the number T
(1-dimension) of points in each cluster, as well as the obtained
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Fig. 3. Object Recognition Procedure

Fig. 4. Proposed clustering (Point cloud viewed from above)

Fisher Vector representation (7-dimension). Consequently, we
obtain 22-dimensional feature vector for each cluster as:

Xinput =



T∑
t=1

L∇log u(pt)|λ=α,µ,σ

max(L∇log u(pt))|λ=α,µ,σ

min(L∇log u(pt))|λ=µ,σ

max(y|(xt, yt, zt) ∈ Xi)

T


(6)

We refer to [22] for the details of the formulas and imple-
mentation.

C. Object Class Inference

For each cluster (as in Section IV-A), a feature vector in the
form of Eq. (6) is obtained. Then, this feature vector is used
as an input to a Support Vector Machine (SVM) classification
model that identifies the class of each cluster. SVM is a kernel-
based machine learning classification model that determines
a function of decision boundaries to maximize the margin
between existing decision boundaries in the feature space.

The output of SVM is the class (human, wall, furniture, etc.)
of the object. We consider the true class label of each cluster
as the most frequent label among the points in a cluster. We
train the classification model using feature vectors and their
corresponding true class labels for each cluster obtained from
the annotated point cloud dataset.

V. EVALUATION

A. Dataset

A dataset was created to evaluate the system’s performance
described in Section IV. The Hitonavi-µ device was fixed at
the height of 1m on a tripod, and we acquired point clouds
for 13 different scenarios in a 15m × 25m room. Currently,
the device is intended for use in indoor environments. It is our
ongoing work to make the algorithm work in mobile scenarios.
The average frame rate was 10 frames/second. The captured
point cloud consists of 12,105 frames, and we created 3D

bounding boxes for the objects in all frames for annotation.
This annotation process is essential for training and testing the
proposed method. The class labels of the objects are ”human,”
”wall,” and ”chair,” and points that do not belong to any of the
bounding boxes are considered as noise and are not assigned
a class label. The dataset details are shown in Table I.

B. Comparison Method

To highlight the balance between the accuracy and pro-
cessing speed, we have also implemented a method using a
conventional clustering method, DBSCAN, instead of pillar-
based discretization and clustering. This method is denoted
as DBSCAN-FV. More specifically, DBSCAN-FV performs
feature extraction based on the FV representation for each
DBSCAN cluster. This means that the method incurs the
processing cost of point-based segmentation but may have
better classification accuracy as it captures the features of a
whole target object, while ours, denoted as Pillar-grid FV,
focuses on the part of the features separated by pillars.

C. Experimental Result

The first 80% frames of each scenario were used for training
the SVM models of both approaches, and the second 20%
frames were used for performance evaluation.

We measured the accuracy and execution time. Average
Precision (AP) for each class and mean Average Precision
(mAP), which is the average AP for each class, are used for
the evaluation.

Execution time refers to the time required for the class
inference. The measurement starts after loading all 2400
frames of 3D point cloud data as Python variables and ends
when all point clouds have been segmented, and classes have
been inferred. We run this process 20 times and calculate the
average execution time. The entire process is executed on a
Raspberry Pi 4 Model B of Hitonavi-µ.

The average precision and the execution time are shown in
Tables II and III, respectively. Regarding recognition accuracy,
our proposed method, Pillar-grid-FV, achieves almost the same
accuracy as DBSCAN-FV. We look into the details later in
this section. As for the execution time, we achieve significant
improvement. The overall processing time is reduced by
81.3%, and the average fps reaches 59.3. To see the details, we
show the breakdown of the processing time of both methods in
Fig. 5. As seen, the time required for discretization and grid-
based clustering is less than one-ninth of the time required
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TABLE I
OUR DATASET DETAILS ∗: MEASURED FROM MULTIPLE ANGLES (30, 60, AND 90 DEGREES)(0 DEGREES WHEN THE LIDAR DETECTION DIRECTION

AND THE WALL ARE DIRECTLY OPPOSITE TO EACH OTHER.) ⋄: MEASURED FROM MULTIPLE OBJECT DISTANCES (60cm, 120cm, 180cm)

Scenario #Frames Existing objects (M = Move, S = Stationary)
Human Wall Chair

Total frames 12105 M S (note) M S (note) M S (note)
01 A wall 2272 1 ∗
02 A human 1893 1 ⋄
03 A human passing by a wall 397 1 pass 1
04 A human passing 436 1 pass
05 A human approaching from a wall 352 1 approach 1
06 A human approaching 362 1 approach
07 A human departing to a wall 370 1 depart 1
08 A human departing 234 1 depart
09 A chair (front) 2392 1 front⋄
10 A chair (side) 1321 1 side⋄
11 A wall and a chair 973 1 1
12 A human and a wall and a chair 572 1 1 1
13 A human and a wall 531 1 1 45◦

TABLE II
AVERAGE PRECISION

Human Wall Chair mAP
DBSCAN-FV 96.0 96.1 100 96.2
Pillar-grid-FV (ours) 97.3 91.0 100 96.1

TABLE III
PROCESSING TIME (2400 FRAMES)

Processing time (s) frames/second
DBSCAN-FV 216.6 11.1
Pillar-grid-FV (ours) 40.5 59.3

by DBSCAN clustering, which contributes significantly to
the reduction in processing time. On the other hand, the
time required for subsequent processing is 1.5x longer for
the proposed method, but does not affect a lot to the whole
processing speed.

To investigate the results more, the ground truth and the
segmentation results are shown in Fig. 6. In frame (a), both
point clouds are generally segmented correctly. Frame (b)
shows a case where a person is in front of a wall. While
the proposed method can separate the wall and the person,
DBSCAN-FV cannot do so. This is due to the processing of
the clustering algorithm: because DBSCAN is a density-based
clustering algorithm, if the point cloud of people and one of the
walls are close to each other, they are included in one cluster.
On the other hand, the proposed method is not sensitive to
the distance between objects. This is because the pillar-grid
discretization separates persons and walls appropriately.

Since the clustering method merges adjacent grids into a
single cluster, a wall that spans over diagonal grids may
often be regarded as multiple clusters. Due to this feature, the
Average Precision of the wall is a bit lower than the others.
Nevertheless, we achieved 96.1 mAP, which is sufficient for
scene recognition.

The proposed discretization and clustering were five times
faster than DBSCAN clustering. As described in Section IV-A,
the time complexity of the pillar-grid discretization and grid-
based clustering is O(n), which contributes significantly to
the overall processing time reduction. On the other hand, the
proposed method takes longer time for feature extraction and
class inference than DBSCAN-FV. This is due to an error in

Fig. 5. Comparison of processing time for each module (2400 frames)

Fig. 6. Ground truths and segmentation results (Points with yellow, blue,
green colors refers to wall, human, and noise, respectively).

the clustering process of the proposed method. Most of these
errors were caused by dividing the data into more clusters
than the number of clusters output by DBSCAN. However,
the difference in execution time between feature extraction
and class inference is 2.5(ms) per frame, which has almost
no impact on real-time performance, a requirement of the
proposed method.

D. Wearable Device Scenario

Hitonavi-µ is intended to be used as a wearable device in
some scenarios. While walking, the device is unstable, and the
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LiDAR direction should be calibrated.
We acquired the data in the wearable device scenario in the

following procedure. One device wearer and one subject stand
at a distance of 2.5m. The wearer wears the device around his
neck and starts sensing while standing still. The wearer starts
walking in the direction of the subject, passes by the subject’s
side, and then terminates the acquisition.

Fig. 7. Segmentation results of acquired data during walking

The segmentation results of the acquired data are shown
in Fig. 7. The point cloud (a) was acquired when the device
was tilted upward by 20 degrees. The raw point cloud cannot
be correctly segmented by the proposed method. On the other
hand, point cloud (b) is after the pose calibration, the x-z
plane of the point cloud is parallel to the real world ground,
and correct object recognition is performed. Due to space
limitations, we omit the details of the calibration.

VI. CONCLUSION

This paper introduced our portable 3D spatial sensing
device called Hitonavi-µ based on which we proposed a novel
computationally-efficient object recognition method. The pro-
posed method utilizes space discretization by pillars and
feature extraction and representation based on Fisher Vector,
which leads to a low processing cost that enables running
on edge devices with limited computational power. We have
evaluated our method in terms of recognition accuracy and
execution time using our dataset captured by Hitonavi-µ.
The experimental results showed that the proposed methods
achieved 96.1 mAP with a high processing speed as 59.3
frames/second on edge devices. We can conclude that we
could achieve a good balance between processing time and
recognition accuracy.

We are working on further refinement and tuning of all the
modules for facilitating support to visually impaired in in-situ
environments.
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