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Abstract. The present paper describes the use of Digital Image Processing and Internet of Things for
gestures recognition using depth sensors available on Kinect R© device. Using the open source libraries
OpenCV and libfreenect, image data are translated and used for communicating Raspberry Pi embed-
ded Linux system with PIC microcontroller board for peripheral devices controlling. LED is triggered
according to the hand gesture representing the corresponding number. Data are stored in a PHP Apache
server running locally on Raspberry Pi. The proposed system can be used as a multifunctional tool in
areas such as learning process, post-traumatic rehabilitation and visual and motor cognition time. Using
image binarization and Naive-Bayes classifier, the achieved results show error lower than 5%.

Keywords: Digital Image Processing, Embedded Systems, Gesture Recognition, Internet of Things,
Raspberry Pi.

1 Introduction

This study consists of the elaboration of a tool that im-
plements the recognition of hand gestures identified by
a Linux embedded system for the control of loads, such
as the activation of LEDs. For this, a protocol for iden-
tifying visual commands will also be developed. There-
fore, the study of concepts of Digital Image Processing
(DIP), embedded systems and Internet of Things (IoT)
will be carried out, with the objective of creating an au-
xiliary tool in the most diverse applications .

Recognition of hand gestures is important for
human-machine interaction, since there are numerous
applications in virtual reality, sign language recognition
and computer games (FREIRE; SILVA; JUCÁ, 2017).
Despite many previous work, such methods of recogni-
zing traditional hand gestures that are based on vision
are still far from satisfactory for real-life applications.
Due to the limitations of optical sensors, the quality of
the captured images is sensitive to lighting and back-

ground conditions, so it is not able to detect and iden-
tify the hands in a robust way, which greatly affects the
performance of gesture recognition.

With the development of low-cost depth cameras,
such as Kinect R©, new opportunities for gesture recog-
nition arise. This work proposes to recognize hand ges-
tures using Kinect R©, verifying how many fingers are
being shown in the captured scenes, making it possible
to perform quantification, identification of forms and la-
ter assign the execution of actions by recognizing each
established pattern. Thus, it is possible to generate indi-
cators, for example, on the process of learning numbers
for children who are at the appropriate level for this type
of knowledge, as well as for children or adults who are
relearning after traumatic processes of total or partial
loss memory or other cognitive faculties. The gene-
ration of these indicators, under the coordination of a
professional of the area, can be obtained with unsuper-
vised tests to the end users, in order to assist them in
the evaluation of the level of visual, auditory, motor or
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reaction time cognition, among other information that
can be made available and that are important to specia-
lists. They can be used in other applications in several
different areas.

For the development of this research, the C/C++
programming language was used because it is multi-
platform and free for development along with OpenCV
computer vision libraries, which are also multiplat-
forms and open source. Imaging and video processing
modules have been used, the libfreenect library is free
and has drivers that allow the use of the Microsoft Ki-
nect device in digital image processing in both 2D and
3D. For communication between the embedded system
and the developed tool the Raspberry Pi will be used.

The sequence of this work is organized as follows:
the state of the art is presented in section 2, followed
by the technologies used in section 3, methodology in
section 4, the results obtained in section 5 and finally
section 6 with the conclusion.

2 Bibliographic review

This section describes concepts related to the proces-
sing of images for the recognition of gestures allied to
the Internet of Things.

2.1 Internet of Things (IoT)

With the advancement of technology, the Internet shows
us the possibility of connecting day-to-day devices to
the Internet, thus giving birth to the Internet concept of
Things, which represents another technological revolu-
tion, with the premise of being the future of computing
and communication.

Systems with greater capacity for integration and
extension are the most common requests that manufac-
turers have received and new intelligent products are
born at all times, although these products often do not
communicate with those of other manufacturers (IBM,
2014), being This question worked in several ways
in Andersen, Fierro e Culler (2016), Desai, Sheth e
Anantharam (2015), Pereira et al. (2016). With this mo-
tivation, Internet of Things is increasingly present in the
development of systems that require greater interopera-
bility, the market has been dealing with increasingly he-
terogeneous and interconnected environments for some
time.

According to Harbor (2014), the Internet of Things
transforms the world into a digital nervous system ba-
sed on sensors and actuators. The Figure 1 shows that
IoT can be used in many different areas, such as the

use of GPS for vehicle tracking (LEE; TEWOLDE;
KWON, 2014), video-monitoring (CHEN; CHIEN,
2012), embedded systems (PEREIRA; JUCÁ; CARVA-
LHO, 2016) home automation (DEY; ROY; DAS, 2016;
KODALI et al., 2016a; KODALI et al., 2016b), sen-
sors with the ability to measure temperature (MADDI-
KATLA; JANDHYALA, 2016) or precision agriculture
(CAMBRA et al., 2017).

Figure 1: Map of sensors and their uses (HARBOR, 2014).

2.2 Digital Image Processing (DIP)

Digital Image Processing (DIP) is the manipulation of
one image per computer so that the input and/or output
are images. According to Camara et al. (1996), DIP
can improve the visual aspect of certain structures for
analysis and provide means for their interpretation, and
may even generate products that can be submitted to
other processing. Thus, it facilitates the extraction of
information from images. Some concepts for extracting
this information will be discussed below.

2.2.1 Image Segmentation

A segmentation process that correctly identifies the lo-
cation, topology, and shape of objects is a critical requi-
rement for information resulting from an image analysis
system to be trusted (PEDRINI; SCHWARTZ, 2007).
This step is of great importance, having a wide area of
study about it, having its use in the most diverse situ-
ations, such as medical image analysis (AYDIN et al.,
2017; RAZZAK; NAZ, 2017; HO et al., 2017; AJAM et
al., 2017; TAN; KUMAR, 2012; LAHIRI et al., 2017)
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for the diagnosis of pathologies, in the field of compu-
tational vision and pattern classification (JÉGOU et al.,
2017; DU; GAO, 2017), among many others.

2.2.2 Thresholding

Image segmentation technique consisting of pixel clas-
sification of an image according to the specification of
one or more thresholds, that is, the threshold will be
a value associated with a function that will allow the
classification of the pixels in sets. When thresholding
occurs by the use of only one threshold, it is called a
binary threshold. That said, a simple way to extract ob-
jects from a scene is by means of a threshold T that
separates the pixels into two sets: points of objects
and background points. Thus, each coordinate pixel
(x, y) such that f(x, y) > T is called an object point,
otherwise it is a background point, as seen in equation
1.

G(v) =

{
0, v ≤ T

1, v > T
(1)

Pixels with a value of 1 correspond to objects, while
pixels with a value of 0 correspond to the background.
Since this threshold has only two levels of intensity
values, 0 (black) and 1 (white) it is called binariza-
tion. As can be seen in Figure 2, the choice of a
good threshold T is of paramount importance for th-
resholding to occur from the best way possible within
a context, so various types of techniques can be used
to choose this threshold, such as global thresholding
(XIE et al., 2010; NOSRATI; ANDREWS; HAMAR-
NEH, 2013), entropy-based thresholding (NAND; NO-
OPUR; NEOGI, 2014), adaptive thresholding (ROUS-
SON; DERICHE, 2002; MARZOUKI; DELIGNON;
PIECZYNSKI, 1994), thresholding based on histogram
processing (DU; BURR, 2012; QIANG et al., 2013).

2.2.3 Classification of Standards

A default is an array of descriptors (GONZALEZ; WO-
ODS, 2011). The classification of standards aims at a
mapping that relates the properties of the samples with
labels, in which samples with similar characteristics
must have the same label. This set of distinct samples
to which the same label is assigned are called class and
thus each receives one of the labels ω1, ω2, ω3, ..., ωm,
which m denotes the number of classes of interest in an
experiment.

(a) (b)

(c) (d)

Figure 2: Segmentation by means of different threshold values
T. (a)original image; (b)T=108; (c)T=179; (d)T=213 (PEDRINI;
SCHWARTZ, 2007).

2.2.4 Bayes’ Theorem

The Bayes’ theorem (BAYES, 1763), also known as
Bayesian reasoning or Bayesian inference, describes
the probability of an event, based on a priori knowledge
that may be related to the event.

P (A|B) = P (A)
P (B|A)

P (B)
(2)

2.2.5 Naive Bayes

It is a family of classifiers based on the Bayes theo-
rem (2) with an assumption of independence between
the predictors, having its use in several types of clas-
sifications, such as face recognition (PUTRANTO; SI-
TUMORANG; GIRSANG, 2016; CHEN et al., 2016)
and objects(ZHANG; LIANG, 2016), reading emoti-
ons in songs (AN; SUN; WANG, 2017), texts(OGUL;
OZCAN; HAKDAGLı, 2017). In simple terms, Naive
Bayes are probabilistic classifiers in which it is assu-
med that the presence of a particular characteristic in
a class is not related to the presence of any other re-
source (VIDHYA, 2015). For example, a fruit can be
considered as an apple if it is red, round, and is about 3
inches in diameter. Even though these features depend
on each other or on the existence of other characteris-
tics, all these properties contribute independently to the
probability that this fruit is an apple and that is why it
is known as Naive.

Journal of Mechatronics Engineering, v. 1, n. 2, p. 2 - 11, Oct. 2018 4



Embedded Linux System for Digital Image Recognition using Internet of Things

3 Matherials and Methods

This topic describes the technologies used to perform
this project.

3.1 SanUSB Tool (PIC18F Microcontroller)

The SanUSB development system, see Figure 3, is a
tool composed of basic software and hardware of the
PIC18Fxx5x family with USB interface. According to
SANUSB (2009), this free tool demonstrates to be a
useful tool in the development of real projects (JUCÁ;
CARVALHO; BRITO, 2009; PEREIRA; JUCÁ, 2013;
JUCÁ; PEREIRA; VASCONCELOS, 2012), for the
ease firmware updating, that does not need its removal
for such task, besides to have a multiplatform USB mi-
crocontroller recording software available, running on
the main systems of today: Windows R©, MacOS X R©
and Linux. It works in plug-and-play, not needing to
install a drive to work.

Figure 3: SanUSB PIC18F2550 Card. (SANUSB, 2006).

3.2 Microsoft Kinect R©

Kinect R© is a motion sensor developed for the Xbox
360 R© and Xbox One R©, along with the company
Prime Sense c©. In Simha et al. (2013), El-laithy, Hu-
ang e Yeh (2012) the ability of its use for image proces-
sing is demonstrated. The Kinect R© module, see Figure
4, is about 23cm long and has 4 main features:

• RGB Camera (Red, Green, Blue) with 640x480 pi-
xels resolution.

• Depth Sensor (InfraRed) with 320x240 pixel re-
solution, which allows the accessory to scan the
environment around you in three dimensions.

• Built-in microphone, which in addition to captu-
ring voices closer, can differentiate external noi-
ses.

• Own processor and software.

Figure 4: Device Microsoft Kinect R© utilized on the project.

3.3 Libfreenect

Powered by OpenKinect, which is a community of pe-
ople interested in using the Xbox Kinect R© device on
PCs and other devices. It is a library that has drivers
that allow you to use the device for development.

3.4 Raspberry Pi

The Raspberry Pi platform, considered the launch year
in 2012, is one of the smallest computers in the world,
the size of a credit card, USB connections to connect
the keyboard and mouse used on desktop computers.
You can connect it to TVs with HDMI output, as well
as having a low hardware cost and zero cost in embed-
ded system software. As can be seen in Figure 5, all
hardware is integrated into a single card. They have
the ability to develop everything a conventional com-
puter does, such as browsing, creating spreadsheets,
playing videos, processing texts, games, among other
more complex tasks, such as online monitoring. That
way it is used by people all over the world to learn
how computers work, how to manipulate the electro-
nic world around them, and how to program (SANUSB,
2006). An overview with prototyping of solutions with
Raspberry Pi can be seen in Saari, Baharudin e Hyryn-
salmi (2017), demonstrating an affinity in its use with
the Internet of Things (PARDESHI et al., 2017; RU-
PANI et al., 2017) and in image processing (RUPANI
et al., 2017).

3.5 OpenCV

OpenCV is a free machine-readable computer-readable
code library. Provides computational efficiency focu-
sed on real-time applications (BRADSKI; KAEHLER,
2008). It has more than 2500 optimized algorithms that
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Figure 5: Raspberry Pi (SANUSB, 2006).

can be used in several different applications related to
DIP and pattern recognition.

4 Methodology

The construction of this project is divided into two
parts: In its initial stage, the recognition of gestures will
occur through the processing of images, in which the
data will be processed and sent by Raspberry Pi to the
Internet for the storage of the information. The steps
are described in the following subtopics.

4.1 Gesture processing

4.1.1 Gesture Recognition Method

The captured images were processed in the Linux em-
bedded system using the Raspberry Pi platform. Fol-
lowing is the steps for gesture recognition, according to
the flowchart shown in Figure 6:

I Kinect R© Image Acquisition: The depth sensor of
Kinect R© assigns values according to the distance
of the objects in scene, these values will be used
to determine the existence or not of objects in the
scene.

II Separation of objects in the image by window: To
capture only objects that can fit the definition of
hands of the algorithm, control was used on the
scene view, where the viewing window is in the
range of 500 to 700 pixels of depth captured by the
sensor of Kinect R©. Taking into account that a dis-
tance in pixels when being converted to a distance
in centimeters can be altered by factors such as: the
angle at which the sensor detects objects as well as
the very distance of the sensor that the objects of
the scene meet.

III Isolation of the pattern through binarization: As
can be seen in Figure 7, this step consists of bina-
rizing the image captured by the sensor inside the
viewing window. If there is an object in the win-
dow in a certain pixel of the image it is assigned a
white color (value 255), if there is no, it is assigned
a black color (value 0).

IV Delimitation of the evaluation space: After binari-
zation, the resulting image is delimited to an area
of 200x250 pixels in the center of the image, with
the sole aim of reducing the cost of processing in
the analysis.

V Identification of the gesture: With the information
resulting from the binarization it is possible to ve-
rify the area occupied by the user’s hand when per-
forming each gesture. The algorithm was tested
with several users, in the learning period using the
Bayes Theorem it was possible to define classifiers
for the pattern of the area occupied by each gesture
that are represented in the table 1.

Figure 6: Flowchart with steps for the recognition of gestures.

Figure 7: Image of the scene and the binarization of the analyzed
area.

The algorithm was submitted to tests with several
users, obtaining with the analysis of the results a stan-

Journal of Mechatronics Engineering, v. 1, n. 2, p. 2 - 11, Oct. 2018 6



Embedded Linux System for Digital Image Recognition using Internet of Things
Table 1: Minimum and maximum values of pixels reached by the
hand area for each gesture.

dard for the area occupied by each gesture, with a mar-
gin of error of 200 pixels. The table 1 displays the areas
occupied by each gesture.

Upon acquiring this information, the first part of the
project is completed, in which the information is trans-
ferred via URL by the GET method to the PHP server
allocated in Raspberry Pi, and the second part of the
project is started.

4.2 Sending Raspberry Pi data to PIC

This topic will address the process of sending data from
the computer to a PHP page hosted on an Apache ser-
ver allocated in Raspberry Pi and it passes this data to
the PIC. The process starts with the configuration of the
server in Raspberry Pi and the installation of the PHP
module, which will make the server able to receive the
data.

In order for the communication between the Rasp-
berry and the PIC to work smoothly, a serial connection
was made between the TX pin (data transmission) of
the Raspberry Pi and the RX pin (data reception) of the
microcontroller. As can be seen in Figure 8, the com-
puter will send the command to which the gesture was
checked for the server, which stores that variable. Af-
terwards, the Linux embedded system reads the stored
data and sends it to the PIC, which will use this com-
mand to perform load control, decide which LED will
be triggered, following the pattern in which the LED
identifier is equal to the number of the recognized ges-
ture.

5 Results and discussion

The development and testing environment of this work
was performed on a Linux operating system, Debian
Wheezy distribution. The algorithms in the research
were written in the C/C++ languages, using the libfree-
nect and OpenCV libraries, in order to manipulate, pro-
cess and process the images. Several users performed
hand gestures in front of Kinect R© and the generated
images were used by the algorithms of this research
in order to recognize and obtain important information

Figure 8: Schematic of the connection between the Linux embedded
system and the microcontroller.

about the hands to perform the tests. The prototype
hit rate was measured based on tests in which a user
made a gesture showing a number of fingers in front of
the depth sensor, see Figure 9 (a) and (b), hoping that
the system to return the value corresponding to the ack-
nowledged gesture and transfer to the microcontroller,
which in turn will activate the LED corresponding to
the gesture, according to Figure 9(c). Are presented on
Table 2 and 3, respectively the rate of success in the re-
cognition of each gesture by the system and the compa-
rison between the methodology implemented with other
views in the literature. Use of the application should be
used on computers connected with Kinect R©.

Table 2: Percentage accuracy of each gesture by the proposed system.

Table 3: Comparative between the methodology implemented and
other views in the literature.
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(a) (b)

(c)

Figure 9: Result obtained through the recognition of the gesture. (a)
Image captured by Kinect R©; (b) Binarization for gesture recognition;
(c) Activation of led number 2, according to the recognition of the
gesture of showing two fingers in front of Kinect R©.

6 Conclusion

The use of the librefreenect library for use of the
Kinect R© depth sensor has proved to be a viable alter-
native for in-depth image capture.

From that moment on, OpenCV libraries assist in
the processing and analysis of images for the recogni-
tion of hand gestures, taking advantage of their real-
time use and the large number of functions implemen-
ted in computer vision and machine learning, aiding in
the creation of a window that will decrease the area
to be analyzed of the image, reducing the processing
of the embedded Linux system, since the area outside
this window will not be analyzed. Finally the platform
Raspberry Pi, which presents as advantages its low cost
and total dedication to the device to which it controls,
accomplishing the data storage and sending them to the
microcontroller, for the control of loads, that in this pro-
ject is the activation of LEDs of according to the recog-
nized gesture, but which can be used in other situations,
such as the activation of electronic devices.

The main advantage of the system is the high level

of accuracy. Compared to other proposals for the recog-
nition of objects in images presents a value greater than
the average of the others. As far as we know, this is one
of the first works on using the Kinect R© depth sensor
for gesture recognition combined with load control by
an embedded system.

The described system works as expected, with an
error rate below 5%, and has the potential to become
a multifunctional tool to aid in the recognition of hand
gestures combined with load control.

For future work, it is intended to create the option
of registering new gestures by the user, for this, will be
carried out the study of artificial intelligence technolo-
gies in order to enable the system to learn to synthesize
area patterns for new gestures, in addition to using a
database of images of hand gestures with greater com-
prehensiveness to carry out the quantification of the
tests automatically and to work in the evolution of the
system, testing other techniques and conducting more
experiments.

It is important to emphasize that the concepts of DIP
and IoT are not new, but that in recent years there is
a greater investment of companies in projects that use
these concepts, as well as their use in teaching environ-
ments.
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