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Abstract—The design and development of a low cost hand
gesture recognition computer interface, using a standard laptop
webcam is presented. The purpose of the system is to recognise
both static and dynamic hand gestures from a user in real-time
and perform basic macro instructions on the Windows operating
system. The calibration and gesture recognition processes are
discussed. The system is able to correctly classify 19 static hand
gestures and recognise 6 dynamic hand gestures with greater
than 95% accuracy. However, the system has a varying latency of
between 50-500 milliseconds due to inefficient interfacing with the
operating system. It was concluded that an optimised operating
system interface would improve system performance and user
experience dramatically.

Index Terms—Calibration, Dynamic, Hand gesture recognition,
Operating system, Static.

I. INTRODUCTION

The development of new human-computer interaction (HCI)

devices follows the creation of a new type of user interface

(UI). The keyboard was created to interface with a textual UI;

the mouse and touch screen are used for interacting with a

graphical user interface (GUI). The increasing popularity of

three dimensional (3D) applications therefore necessitates the

creation of a new form of HCI because traditional devices

are not designed to operate in 3D space [1] and therefore

separates the user from their computing environment [2].

Hand gesture recognition (HGR) is a feasible solution to

this problem because gestures are a natural form of human

communication [3]. Most attempts to implement HGR require

expensive hardware such as depth sensors; high-definition

(HD), high-speed cameras and top of the range computers

with powerful graphical processing units (GPUs) to process

data parallelly so that gestures are recognised in real time.

A low cost, real-time HGR system was created to address

this problem by using only a standard laptop web-camera

(webcam) as input and only a laptop’s CPU for processing

data. The GPU is not used because not all laptops have a

dedicated GPU and the main constraint for the system is cost.

The system interfaces with the computer (Windows operating

system) to perform various common tasks such as media con-

trol. The system filters out non-gestures to avoid unintentional

user inputs. It was assumed that the system is operated by

one person at a time, using both hands simultaneously within

an environment containing a static background. Success was

based on the system being able to recognise a minimum of 10

static and dynamic gestures with an accuracy of greater than

95% and a latency of less than 300 ms while other media

applications are running simultaneously.

The designed HGR and HCI systems are presented. The

overall performance is discussed and alternative solutions are

recommended.

II. BACKGROUND

A. HGR feasibility as a HCI

The development of virtual assistants such as Alexa, Bixby,

Cortana and Siri created a new HCI for smart-device users.

These assistants are HCIs which allow users to issue ver-

bal queries or instructions to the device without having to

manually input each command. However, this type of HCI

is not efficient when trying to manipulate virtual objects or

provide any sort of dynamic input to the computer. A hand

gesture interface is more suitable for these tasks because of the

many possible gesture combinations which could be applied to

virtual objects as they are applied to objects in the real world.

The progressive development of HCI systems such as key-

boards, mice and touch screens is a response to a new type

of user interface (textual, graphical and screen respectively).

As such, each HCI system is designed for a specific type of

interface. Although a mouse and touch screen may be able to

provide input to a computer, they do not provide mechanical

feedback like a regular keyboard. Similarly, a HGR-HCI

system may be able to control a cursor but it is uncomfortable

for users to maintain a stable pose while controlling the cursor.

Cursor control requires an easily recognisable point which

could be tracked. A possible solution explored by Xu [4] is

to use Kalmin filtering to smoothen the hand position signal

after it has been detected. Other solutions require wearable

identifiers such as coloured markers which stand out from

the background and can be tracked independently[4]. These

solutions are ignored because the system would then require

additional components to operate, which detracts from the

concept of a natural UI.

B. Convolutional Neural Networks

Convolutional neural networks (CNNs) have recently

emerged as a means to classify objects in images with great



accuracy [1]. CNNs have been shown to provide accurate

image classification results for a wide variation of lighting

conditions and object orientations [5]. HGR is a video classifi-

cation problem because each gesture is made up of a sequence

of intermediate gesture poses. The various layers of a CNN

are explained in Section V.

A recurrent 3D CNN, developed by Molchanov [6], uses a

recurrent layer to learn sequences of static gesture poses and

label these sequences as corresponding gestures in real-time.

Users perceive a delayed response greater than 100 millisec-

onds after their gesture to be annoying. The system developed

by Molchanov [6] detects static and dynamic gestures 560

milliseconds before the pose sequence is complete, therefore

the system has a negative lag time. The system has a true

positive rate (TPR) of 88% but requires four Titan X GPUs

to achieve the aforementioned performance due to the size of

the input layer and computational complexity of the recurrent

layers [7]. Recurrent layers are therefore good for sequence

classification but require far too much computational power

to be included in a low cost HGR solution.

Other systems make use of gesture representative frames [7]

instead of a video stream input to a CNN. This reduces the

size of the input layer and therefore decreases computation

time, however preprocessing must be performed to determine

which frames are representative of the gesture.

C. MATLAB-Windows Interface

MATLAB is used to develop both the HGR and HCI

systems because the availability of various toolboxes allows

fast code development time. The Hardware Support Package

allows simple access to a laptop webcam. MATLAB also

allows a user to execute Microsoft Disk operating system

(MS-DOS) commands to perform various functions such as

keyboard key presses, adjust speaker volume and screen

brightness. Macro instructions are combinations of MS-DOS

commands and may be triggered when a specific gesture is

performed.

III. HGR-HCI SYSTEM DESIGN

A. User gesture interface

The system is designed for use by an individual on a

personal laptop and is easy to set up and use. The gestures to

be classified are both simple and intuitive for most people to

perform comfortably. Gestures are determined by the position

of the hand in the frame but not any explicit finger pose.

This constraint may limit the total number of gestures which

can be performed but allows individuals without much digital

dexterity to be able to perform most of the defined hand

gestures. A GUI is implemented only when required for data

acquisition, otherwise the program operates in the background.

B. Skin extraction and background subtraction

McBride [8] conducted an investigation of skin extraction,

background subtraction and other image processing techniques

to aid HGR. Varying lighting conditions and background

leakage caused by hand-like structures in the user’s environ-

ment can not be filtered out with sufficient accuracy. (See

McBride [8] for more details.) Therefore these methods are

not implemented in the final HGR-HCI system.

C. Personalised CNN model

Although a generalised model is easier to use than a system

which requires user calibration, the accuracy of a generalised

CNN (trained using many images of various users within

different environments) is usually less than that of an over-

fitted model (trained using few images of a single user in

their current environment). Therefore the calibration phase is

designed to fit the model to the user as quick as possible. The

model is capable of being recalibrated when relocated to a

different environment, while still retaining images from prior

calibrations. The system builds a repository of user poses in

various environments and will therefore require less calibration

over time.

D. System phases

The overall system is composed of two user phases: cali-

bration and implementation as shown in Figure 1 and Figure 2

respectively. Each phase consists of HCI and HGR subsystems

(depicted as blue and red boxes respectively).

Fig. 1: Calibration Phase

During the calibration phase the user is requested to perform

19 gestures with both arms simultaneously. A model is dis-

played on screen performing the required gestures for the user

to copy. The first pose is of the user in a natural, comfortable

position performing no gesture at all. The following nine ges-

tures require the user to position their hand within individual

boxes of the grid in a mirrored fashion shown in Figure 3.

The final nine gestures again require the user to position each

hand in a box corresponding to the model, but at a distance

nearer to the screen. This is required for detecting gestures in

3D. The images are then processed as explained in Section V.

The CNN is trained and tested until it achieves an accuracy

greater than 95%.

The calibration GUI allows the user to save or overwrite

new calibrations as needed if the system does not perform

accurately enough at any time (depicted by the blue arrow in

Figure 1). The user may also retrain the model using existing

data (depicted by the red arrow in Figure 1) because the train-

ing procedure rarely produces a model of insufficient accuracy.

This concept is addressed in more detail in Section V.









VII. DISCUSSION

The HGR-HCI system was tested by using the system

to control YouTube video playback in the FireFox browser;

Google Earth in the Chrome browser and PDF documents in

Adobe PDF Viewer as well as other computer settings such

as speaker volume and screen brightness. The system was

calibrated trained in an acceptable time of 1 minute and 32

seconds. The system was able to classify gestures accurately

however system lag affects user experience occasionally.

The system was able to pause, play and scrub a YouTube

video without noticeable lag. When controlling the Google

Earth globe, the system response was too sensitive and would

often overshoot. Unlike the click of a keyboard or mouse,

the HGR-HCI system provides no tactile feedback to the user

to indicate that a gesture has been detected. The user must

rely on auditory or visual cues instead. This is a deficiency

of the system because a user is more likely to perform a

gesture longer than is required and have to make corrections

when controlling an application such as Google Earth. When

scrolling through a PDF document, the system was also too

sensitive. A variable sensitivity setting should be added to the

system which will not affect the system response time.

The left-select, right-enforce method of performing gestures

prevented unintentional gestures by the user being detected by

the system, however it requires the user to hold up their left

hand as long as they wish to perform a gesture with their right

hand. This is inefficient and leads to user fatigue. An additional

limitation is that each hand is only guaranteed to be detected

in its half of the grid which is not intuitive to a new user. A

different method should be developed for determining when

to detect user gestures and what macro instruction to execute

depending on context. The system could be integrated with

existing virtual assistants to recognise both hand gestures and

voice input for a more natural user interface.

The use of the Golden Ratio grid to guide user input makes

performing gestures within a confined area more natural.

However, resizing the input image from a rectangle to a square,

distorts the virtual grid divisions slightly by shrinking the

horizontal gesture area. The input layer should therefore be

altered to accept rectangular inputs. An alternative is to use a

shallow regional CNN to identify and crop just the hand from

an input image into a deeper CNN for pose classification.

VIII. CONCLUSION

A low cost hand gesture recognition computer interface

was designed and implemented using a webcam, convolutional

neural network and MS-DOS interface in MATLAB. The

system is calibrated to an individual user within two minutes

and is able to classify 19 static hand gestures and recognise

6 dynamic hand gestures with greater than 95% accuracy

because it is over-fitted to the user by design. The system

latency varies between 50-500 milliseconds due to the lag

caused by the interface with the operating system. This is not

sufficient for a real-time user interface. It is recommended

that the operating system interface be optimised to remove

the bottleneck.
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