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ABSTRACT
For visually impaired people to carry out basic tasks like recognizing objects, people in the background are very challenging.
The paper presents work done in the field of object detection for visually impaired people. It mainly focuses to detect sharp,
dangerous objects like a fork, knife, gas stove, stairs, and microwave using a pertained model. Google’s open image dataset v6
is used for training the R- CNN.
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1. INTRODUCTION
According to the world health organization (WHO) in 2012, 285 million peoples were visually impaired people in the
world. Roughly 36 million individuals are blind among them and the rest 217 million individuals have different vision
impairments [1].
Now a days dangerous and sharp object detection is very important in the research field. New technology is arriving
every day which makes our living more comfortable. But the life of visually impaired people is still difficult. The
visually impaired requires more help in their daily life. To make their life more comfortable like us we can use new
technologies and develop models for their assistance. Some new models are already developed to make them
independent like to solve a traveling problem of visually impaired people staircase detection is done using pertain
model and sensors [1]. Smart Cap is developed for visually impaired people to interact with people with some
commands. This smart cap includes features like face, text, and image captioning [12].
In our day to day lives we come across many dangerous and sharp objects even at our home. Such dangerous and
sharp objects are mainly found in kitchen places. In this paper, some of the dangerous objects such as gas stove, sharp
knife and stair case are used to for designing our object detection model that will help visually impaired people.
Dangerous and sharp object detection is done using a pertained model. For the pertained model of a specific class of
objects like a gas stove, knife and staircase are used. We have taken these three classes of object images from Google’s
open image dataset v6. These images have different categories of a gas stoves and stair case. We are detecting the ON
and OFF condition of a gas stove, up and down stair and knife with high confidence score. These images are trained
using regions with convolution neural networks (R-CNN) which is a good object detection model.

2. LITERATURE REVIEW
There are different proposed methods provided in application areas like object detection, face recognition, text
recognition, and human activity recognition in recent years [11]. Literature review is described in Table 1.
Table 1: Literature review.
Reference
s
9
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Description

Accuracy

In this paper, they developed a model for real-time
surrounding identification using deep learning
techniques. Transfer learning on pretrained network to
detect signs. SSD (Single Shot Multi-Box Detector)
object detector and MobilenetV2 architecture are used as
a base network for their model. They used Restrooms,
Pharmacies, and Metro Station signs for object detection.

90.99%
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In this paper they developed object detector model to
detect small objects in images, webcam and from video.
To increase performance, they used faster R-CNN and
single shot multi-box algorithm.

75%

11

Their main aim to get probability and an easy user
interface. This model itself divides into major aspects
like object detection, face recognition, and sign language
recognition. For object detection they used COCO
dataset for training and SSD (Single Shot Multi-Box
Detector) is used to train the model.

92.1%

1

In this paper, they develop a hybrid system for the
detection of staircase and ground using pertain model
and sensors. They have collected 250 images for their
research and 300 images of different buildings in the real
world. They used faster R-CNN to train the model.

98.73%

12

The paper SMARTCAP is a deep learning and IOT
based assistance for the visually impaired, they used real
time multimodal system that uses audio commands like
“who is in front of me”, “describe my surroundings” and
this audio command is converted into text using “Google
speech to text” library.

14

In this paper, they developed indoor signage and door
recognition system. For indoor signage, they used four
types of signage: exit, wc, disabled exit, and confidence
zone. The deep learning algorithm is used for this system
and to develop classification system transfer learning
technique used.
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99.8%

3. PROPOSED WORK
The block diagram of the proposed system is shown in Figure 1.

Figure 1 Block Diagram of proposed system.

The image dataset which contains images is given as an input to the system. Images are labeled using the image labeler
application in MATLAB. R-CNN pretrained network is used for training. Inputs which are required for training RCNN object detector are.
 Training data: Labeled Image dataset in input to detector. Dataset is in table format which contains grayscale or
true color images. The table contains two or more columns. In this table, the first column must be an image
filename and other columns are single object class.
 Network: Which network is used to train our detector is specified here. Some valid networks are listed
alexnet’,'vgg16','vgg19','resnet18','resnet50','resnet101','inceptionv3','googlenet','inceptionresnetv2','squeezenet','
mobilenetv2’. Alexnet network is used in our system.
 Option: Training parameters of a neural network are defined in option.
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After training the detector testing is done. For testing we have given one image to the network to verify whether the
system detects the correct object in that image. And at the output stage we get the final object detected.
3.1 Dataset
Dataset includes a number of images of a number of classes. In this project common object in context (COCO2017)
dataset is used. COCO2017 has a maximum number of dangerous objects are found. Some classes of objects are
downloaded from Google open image Dataset V6 which comes with labels and annotation for each image. The
dangerous and sharp object list is shown in Table 2.
Table 2: Dangerous object list.
Dangerous Object List
Fork

Bicycles

Knife

Car

Microwave Oven

Bus

Edges and corner of
tables

Train

Edges and corner of
chairs

Traffic

Door

Wild animals

Scissors

Trees

Broken glass

Stair cases

Fungal food

Drainage

Footpaths

Gas Cylinder

3.2 Custom Dataset
We are detecting specific classes of object like gas stove, knife and stairs. Dataset for this object is not available in
COCO 2017. The gas stove, knife and stair dataset are downloaded from Google’s open image v6 dataset. Images are
resized in 227x227 sizes for less processing time.
3.3

Dataset: Splits into Training and Testing

For gas stove class of object 118 images are used for training and 29 images used for testing. For knife class of object
25 images are used for training and 10 images used for testing. For staircase class of object 50 images are used for
training and 30 images used for testing.
3.4

Labeling of Images

Labeling of images is done using the Image labeler app in MATLAB. Training Images contains gas stove in ON
condition is labeled as ‘ON’ and for OFF condition is labeled ‘OFF’. For knife class of object is labeled as ‘knife’ and
for stair case class of object upstairs and downstairs are labeled as ‘Up stair’ and ‘Downstair’. The illustration of
labeling is shown in Figure 2. Figure 3 shows the sample of labeling of gas stove object.
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Figure 2 Illustration of Image Labeling.
Following images from Figure 3 Show samples of labeled images in MATLAB.

Figure 3(a). ON

Figure 3(b). OFF
3.5

R-CNN Network

R-CNN is part of the machine learning model and it is mostly used for object detection and computer vision
application. In object detection for R-CNN input is images. When an input is given, it starts the extracting region of
interest called ROI. The boundary of the object in the image represents ROI that is in rectangle form. If the object is
detected in an image region, then these regions are fed through CNN to extract features. Using these extracted features
object is classified.
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Using edge box algorithm region proposals are generated by RCNN detector. From the images these region
proposals are resized and cropped. Support vector machine is used for refinement of region proposals bounding boxes.
The function ’trainRCNNObjectDetector’ is used to train detector. Detected object in an image is output of the detector.
Figure 4 shows R-CNN detector.

Figure 4 R-CNN Detector [16].
For our system Alexnet network is used. Using Alexnet network we have done comparative analysis on the training
parameters. These analyses are explained in Table 3 below. Depending upon analysis done, we have used Sr. No 1
parameter in our system as it has less time duration is less and better accuracy compared to others.
Table 3: R-CNN Network parameters.
Sr. No

Parameter

1

Epoch-10

Time
Elapsed
00.31.41

MiniBatch
Accuracy
96.88%

MinibBatc
h Loss
0.2390

00.33.20

95.31%

0.1139

00.33.00

94.53%

0.1738

Mini Batch size32
Learn Rate-le-4
2

Epoch-10
Mini Batch size64
Learn Rate-le-6

3

Epoch-10
Mini Batch size128
Learn Rate-0.01

Training progress of knife class of object is shown in below Figure 5. Figure 5 shows the training loss for each
iteration to number of iterations.
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Figure 5 Training progress knife class of object.
3.6 Faster R-CNN Network
Instead of using an algorithm to add region proposal to network, Faster R-CNN adds region proposal directly to the
network. Region proposals are generated faster in faster R-CNN. Faster R-CNN is more complex than R-CNN. Hence,
we used R-CNN in our system. Faster R-CNN detector is shown in figure 6.

Figure 6 Faster R-CNN Detector [ 16].

Comparison between R-CNN and Faster R-CNN is explained in below Table 4.
Table 4: Comparison between R-CNN and Faster R-CNN
Network Type
R-CNN

Features
“Slow training and detection
Allows custom region proposal” [16].

Faster R-CNN

“Optimal run time performance
Does not support custom region proposal”
[16].
Used for real time application

3.7 Alexnet Network
Alexnet network is already trained for large number of images. It can classify images in to 1000 object classes. Work
flow of alexnet network is explained in figure 7.
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Figure 7 Work Flow of Alexnet Network
 Input Data: Load the image data. Image datastore automatically label the images and store in image datastore
object. Split the dataset in to training and validating. For our system 60% images are used for training and
40% for validating. Store these split images in to new tow datastores. Figure 8 shows some sample of images
from dataset.

Figure 8 Classified Images from Dataset
 Load Pretrained Network: Load alexnet Pretrained network. We have to install deep learning toolbox model for
alexnet network. First layer of this network is Data. Image’s size of 227x227x3 is required for input data.
Final layers are replaced to do fine tuning for new classification images. These layers are replaced with fully
connected layer, softmax layer and classification output layer. In fully connected layer filter size is equal to
number of object classes. In this model we use three classes of objects, so filter size kept three for the network.
 Train Network: Network is trained by giving training options. Training options used in this system is shown in
table5. Augmented image datastore is used which resizes images during training. Training progress of the
network is shown in figure 9.

Volume 10, Issue 5, May 2021

Page 108

International Journal of Application or Innovation in Engineering & Management (IJAIEM)
Web Site: www.ijaiem.org Email: editor@ijaiem.org
Volume 10, Issue 5, May 2021

ISSN 2319 - 4847

Figure 9 Training Progress the Network
Table 5: Training Options Used In the Network
Options
MiniBatchSize

10

MaxEpochs

6

InitailLearnRate

1e-4

Validation Frequency
ValidationData

Values

5
augimdsValidation

 Classify the validation images: “Fine-tuned networks are used to classify the validation images” [17]. Classified
images are shown in figure 10.

Figure 10 Classified Validation Images

4. RESULTS
Object detected with high confidence score of class knife, gas stove and stair are shown in Table 6. For Gas stove ‘ON’
and ‘Off’ condition of object is detected. Stair case ‘Upstair’ and ‘Downstair’ condition is detected. Using Alexnet
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pretrained network classification of these three classes of object is done. We have achieved 91.8% of accuracy rate for
the classification of the images. Confusion matrix is shown in Figure 11.
Table 6: Results A) test images B) detected images
A. Test Image
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Figure 11 Confusion matrix for gas stove, knife and stair class of object

5. CONCLUSION
In this paper dangerous object detection is done using pertained R-CNN model. The gas stove is detected for both ON
and OFF conditions. The stair case is detected for both Upstair and Downstair condition. Sharp object knife is also
detected with high confidence score. We can develop an alert system for the same. For optimal run time performance,
we can use a faster R-CNN network.
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