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Abstract—The paper proposes a device capable of making the
lives of visually impaired easier. The device encompasses an image
recognition using deep learning (convolutional neural network)
unit coupled with the novel idea of the bone conduction system,
which can be mounted on the sunglasses of the visually impaired.
The whole process allows two-channel hearing enabling people
to hear regular as well as the intended audio. Instead of air, the
sound is propagated through the bone in the form of vibration
and is sent to cochlea through a membrane. The proposed
system takes an image from a mounted camera, classifies it
with a dedicated processor and sends the audio signal through a
Bluetooth channel to the bone conduction transducer so that the
user can hear through the system what is in front of him. The
system is able to recognize the input image using deep learning
and give an audio output directly to the eardrum of the user.

I. INTRODUCTION

Technology has grown by leaps and bounds, yet the blind
have to rely on archaic sticks to navigate their way which
is neither a safeguard against the harsh surroundings nor
comfortable. The hearing impaired is left to rely on hearing
aids which are expensive and very limited in their functioning
i.e. they simply amplify audio signals. Till date, the types
of hearing aids available are vacuum tube hearing, transistor
body-worn, ear-molds, canal-receiver aid, in-ear and in-canal
aids, bone-anchored surgical aid etc. Some of these aids are not
comfort-friendly, or have to be implanted, thus involving few
risks or are very costly. This paper proposes an integrated stan-
dalone system using the concept of bone conductivity which
aims to assist the visually impaired as well as individuals
with auditory impairments and thus solves the aforementioned
issues. The device will not only amplify audio signals it will
also generate instructions based on their surroundings using
image recognition using deep learning (convolutional neural
network) and send the data directly to the users ear in speech
format and send and receive data in audio form [1].

In bone conductivity vibrations are directly sent through
the cochlea, bypassing the tympanic membrane which is
responsible for converting audio signals into vibrations in air
propagation[3-4]. And while the conventional hearing aids
are heavy on the pocket, this system aims to give a more
personalized sensation closest to sight using auditory signals
which makes it much more comfortable, flexible and sensitive
thus aiding a startlingly large and neglected part of the world
population. A standard earphone works on the principle of
pressure difference in the air, thus generating sound waves.
However, a bone conduction medium is more direct and uses
a solid medium (bone) to provide a discrete channel without
interrupting sounds received by ear normally[1]. Thus, the
user is aware of the surrounding noise as well as the image
processing in his ear. The proposed prototype helps visually
impaired people to perceive what is in front of them. This may
not help the individual get a full picture of what is in front of
them, but the immediate object next to them can be perceived
and they can understand the surroundings better[5]. The frame
of the sunglasses would be integrated with the novel feature of
bone conductivity[2]. Here the sound signals are transmitted
through bone instead of conventional wireless propagation.
These glasses would take the data from the camera and the
data is processed by the Raspberry Pi which gives the feedback
to the glasses. Through bone conductivity, the glasses would
intimate the user about the environment. These glasses[4-6]
would also work as a substitute for standard earphones and
hearing aids. They can read the text on the mobile screen of
an individual and use text to speech algorithms, the speech
data will be sent directly to the users ears. The standalone
system that can amplify the sound without any extra device
attached on the earlobe would be neat as well as convenient for
individuals with damaged eardrums thus getting an empirical
precision on the functioning[1]. Thus its a convenient device



that can be used as a hearing aid as well as a visual guide for
the less fortunate.

A. Bone Conduction Hardware

The prototype here mainly consists of five modules.
These are Raspberry Pi, Camera, Bluetooth Module, Audio
Amplifier and Bone Conduction Transducer, as shown in the
block diagram in Fig.1. We are using a general webcam to
capture the live images to scan. This is fed to the Raspberry
Pi for the processing which then sends a signal of the audio
output generated by Raspberry Pi to Bluetooth module.
Technical Specifications of each of the modules are given in
table 1 below:

Fig 1. Shows the block diagram of the proposed system

Technical Specifications of each of the modules are given in
the table 1 below:

Component Technical Specification
Raspberry PI ARM Cortex-A53 1.2GHz 4 Core

1GB LPDDR2-900 SDRAM
40-pin Header GPIO
Bluetooth 4.1 Classic

10/100 MBPS Ethernet
2.4GHz 802.11n Wireless LAN

XS3868 Audio Module: Bluetooth 2.0
Frequency: 2.402 2.480GHz

Range: 10m
Data Transfer: 3 MBPS

Supply Voltage: 3V-3.6V DC
Bone-Conductivity 8 ohm 1-watt Transducer

Transducer Frequency Response: 300-19000 Hz
SPL: 90.1 dB 1W/1m

Camera Image Resolution: 640 x 480 pixel
TDA8551 1 W BTL(Bridge Tied Load)

Audio Amplifier
Supply Voltage: 5V

Lithium-Polymer Single Cell lipo battery
Battery(1S) Voltage :3.7-4.2 V

150mah

B. Design Approch

Visually impaired people wear the black sunglasses so
mounting the bone conduction system on the glasses makes it
relatively easier for them to wear[2]. Considering the glasses
as a base for our design, the transducer can be mounted rela-
tively close to ears, enabling maximum sound. The novelty of
this project lies in the object identification which is integrated
with the hearing module and thus makes it a stand-alone
system, capable of guiding the visually impaired. The bone
conduction transducers have to remain in contact with the
bones in order to transmit the sound. Furthermore, the Blue-
tooth module is mounted on glasses. Also, a high-resolution
image input gives better determination and identification of
the object captured through a camera. The project uses a
Raspberry Pi as a processor for image recognition using deep
learning (convolutional neural network). The present design
would be having glasses with a small camera attached to
the side of the sunglasses that individuals who are visually
impaired use.

The proposed system deconstructs images input from a
regular camera and forms an audio cue for visually impaired
individuals. This audio is transmitted from the primary
processor (Raspberry Pi here) through Bluetooth and is
received through a Bluetooth module. This Bluetooth module
plays the audio in the Bone conduction transducer fit on
the sunglasses of the user. Vibrations flow through bones of
the user and it reaches the eardrum through bone channel
thus making the visually impaired individual aware of his
surroundings. The actual processing is done by RasPi which
is a separate system and is capable of handling deep learning.
Once charged, the device can run for 3.5-4 hours continuously

II. IMAGE RECOGNITION

Image recognition gave a computer to identify obstacles,
places, people, writing and actions in images. Computers use
machine vision technologies in combination with a camera
and Artificial Intelligence software to achieve the task. Deep
Learning algorithms have been a game changer in the field of
object detection and localization in the current decade because
it is able to achieve human-level accuracy in recognition tasks.

A. Deep Learning

Deep Learning is a subset of machine learning but has a
major difference in terms of feature extraction. Most of the
machine learning algorithms require hand engineered features
which must be done by a human before giving input to the
machine learning algorithm but this is not the case for deep
learning. The features are extracted by the Deep Learning algo-
rithm by itself and hence there is no human intervention. This
is known as feature learning. Deep Learning algorithms have
been existing from 1900’s but have recently become so popular
that most of the non-deep learning algorithms which exist
today because of many years of extensive research have been



replaced by an end to end deep neural networks. Hence, we
get to train bigger models which make the algorithm better and
give useful insights. Deep learning algorithms can be classified
into Supervised learning algorithms, Semi-supervised learning
algorithms, and Unsupervised learning algorithms.

B. Training a Deep Neural Network

All the different types of deep learning algorithms use
backpropagation for training. Training a deep neural network
is difficult because we need to find the right set of Hyper-
parameters for the best performance of the model. A Hyper-
Parameter is a configuration that is external to the model
and whose value can’t be estimated by data. The traditional
way of finding out the hyper-parameters is using exhaustive
grid search, where hyper-parameters are selected manually
from a subset of learning space. A grid search algorithm is
usually guided by performance metric such as cross-validation
technique. Andrew Ng, one of the leaders in deep learning
community suggests that the dataset for a building a model
should be split in the ratio of training data, test data and
validation data. This guarantees that the model will perform
well on the validation data. The aim of a deep neural network
is to reduce the loss which is obtained from the loss function.

C. Convolutional Neural Network

The convolutional neural network is widely used in image
recognition and classification algorithm these days. It is
the core underlying architecture for many famous Neural
nets such has AlexNet, Inception-V1, VGG 16, ResNet-200
and many other deep neural networks who set benchmark
accuracy on classification task [8][9][10]. Every Convolutional
Neural Network architectures have two major functionalities
involved which are listed below,

1) Convolution Step: CNNs name is derived from Convolu-
tion operator. The main purpose of the convolutional operation
is to extract features from the image using a kernel. The
kernel slides over the images and at each location, the product
between each element of the kernel and the input element it
overlaps are computed and the results are summed up to obtain
the output in the current location. This procedure is repeated
for different types of kernels which extract different features
to output as many feature maps. The filters/kernels has a shape
corresponding to some permutation of (n,m, k1, ..., kN ) [11],
where

n ≡ number of output feature maps

m ≡ number of input feature maps

kj ≡ kernel size along axis j

The output size oj depends on following parameters which
are,[13]

• ij : input size along axis j,
• kj : input size along axis j,
• sj : stride (distance between two consecutive positions of

the kernel) along axis j,

• pj : zero padding (number of zeros concatenated at the
beginning and at the end of an axis) along axis j.

Commonly used convolution arithmetic are valid convolution,
Same convolution and strided convolution. In valid convolu-
tion no padding is allowed also assuming that kernel takes
a unit stride and hence the feature map size we obtain after
convolution is [11][12],

output dimension = (ij − kj + 1)

In same convolution the image is padded so that the resultant
features maps retains the same size after convolution and hence
the resultant dimension is [11][12],

output dimension = (ij + 2× pj − kj + 1)

In the case of non-unit strided convolution the dimension of
the resultant feature map would be, assuming its the kernel
size kj × kj [11][12].

output dimension =

⌊
ij + 2× pj − kj

sj
+ 1

⌋

2) Pooling: Dimensionality reduction of the feature map
is done using spatial pooling in convolutional neural network.
The pooling operation retains the most important features from
the feature map.

Pooling works by sliding a window across the input and
feeding the content of the window to a pooling function.
In some sense, pooling works very much like a discrete
convolution, but replaces the linear combination described
by the kernel with some other function[11]. The following
properties affect the output size oj of a pooling layer along
axis j [11]:

• ij : input size along axis j,
• kj : pooling window size along axis j,
• sj : stride along axis j.

The most widely used pooling operations are Max pooling
[15] and average pooling [13][14] in CNN like architecture.
For pooling operations we don’t apply padding so the output
dimension along axis j is,

output dimension =

⌊
ij − kj

sj

⌋
+ 1

III. EXPERIMENTAL SETUP

We have use Tensorflow deep learning framework for imple-
menting our deep neural network model for image recognition.
We have used pre-trained inception net [7] for image recog-
nition task and its structure is given below. After recognition
of the image using Deep Neural Network, we send it through
the Bluetooth module present in the raspberry pi to send the
information to the Bluetooth module present in the spectacles.



Fig 2. Our completed prototype.

A standard earphone works on the principle of pressure
difference in the air, thus generating sound waves. However,
a bone conduction medium is more direct and uses a
solid medium (bone) to provide a discrete channel without
interrupting sounds received by ear normally[1]. Thus, the
user is aware of the surrounding noise as well as the image
processing in his ear. A limited amount of sound reaches the
individuals ear as the vibrations consume a lot of energy,
however, the audio is clear and audible with minimal noise
transmission. The integrated camera with Raspberry Pi works
efficiently with an accuracy rating of 92. The glasses act as
a simple base so there is no obstruction to the user[2-4] as
shown in Fig.

IV. CONCLUSION

The proposed design focuses on a working prototype of
H.U.B that not only helps the subject in the base model
but can also be expanded and customized according to the
users requirement. The H.U.B. system has a great potential
in the field of alternate channel sound transmission and can
be heavily upgraded with lighter and quicker processor to
identify, navigate hue bifurcate images. With added features
and functionalities it could provide a life-altering device for
the blind with endless capabilities. Additional implementation
of the technology would include a safety device to listen to
music as most regular audio devices run the risk of damage to
eardrums at high volume, however channeling through bone
is a safe medium. As shown in figure 2 the proposed system
for bone conduction has been successfully implemented into
a working prototype and it is capable of converting the image
into sound and channelling the audio through bones of the user
using sunglasses/spectacles. Thus, it provides an audio cue for
the image that is in front of the camera thus aiding visually
impaired and partially deaf people by using novel two-channel
conduction.
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