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Abstract

Department of Computer Engineering and Mathematics (DEIM), School of
Engineering (ETSE)

Master in computer security and artificial intelligent

Intelligent Assistant System Based on Single Camera and Deep Neural
Networks for Aiding Visual Impaired Individuals

by David GEORGE FAROUK MARIE

Object Detection and Depth Estimation methods can help visual impaired individ-
uals to understand the scene in front of them. there are multiple applications that
provide help to those individuals by connecting them (by a video call) to others who
can help in describing the scene to them. However, We believe that I can give an
alternative to those applications using light and fast machine learning models and
avoid the interaction of the human support. The project is divided into Two parts.
The First part is Object Detection in a scene. We used YOLOV5S model that was
trained on the COCO date-set with 80 different objects. The second part in the depth
estimation model. We used Midas from pytorch after trying multiple depth mod-
els. the depth estimation model will help me to estimate the distance of each object
extracted from the depth model. The final goal is to take an image or a video from
the user and extract the objects with the distance of each of them and send this data
to the user in a sound note format. Keywords: Scene Description, Object Detection,
Depth Estimation, Midas, YOLOVS5, deep learning.


HTTP://WWW.URV.CAT/EN/
http://www.urv.cat/en/studies/master/courses/computational-engineering/
http://www.urv.cat/en/studies/master/courses/computational-engineering/




Contents

Declaration of Authorship . . . .. ... ... ... ... ... .. .. ...
Acknowledgements . . . . ... ... L Lo L oo
Contents . . . . . . . . e e e e
Listof figures . . . ... ... ... .. ... e
Introduction
1.1 Overview . . . . . . o e e e e e e
1.1.1  Visuallyimpaired . . . . ... ... ... .. L
1.1.2 SceneDescription . . . . .. ... ... .. ... oL
1.1.3 Machinelearning . . . . ... .......... ... ... ...,
114 Deeplearning . . . . ... ... ... ... oL
1.1.5 Problem and limitation . . ... ... ... ... .........
1.2 Objectives . . ... ... . e
1.3 Publications . . . . . . . . . . . e e
Conference . .. . . . . . . i i e
14 Thesis organization . . . . ... ... .. ... . . o oL
Related works
2.1 Object Detection Techniques . . . . ... ..................
211 YOLO . . . . e e
Backbone Networks . . . ... .. ... .. .. ... .. .. ...
PA-NetNeck . . ... ... . . . . . .
ModelHead . . . . . .. ... ... .. . . e
212 R-CNN . . e
22 DepthEstimation . ... ... .......... . ... ... . ... ...
2.2.1 Supervised Depth Estimation . . . . ... ... ... .......
222  Unsupervised Depth estimation . . ... .............
2.2.3 Midas Model for depth estimation . . . . ... ... .......
2.2.4 zero-shot cross-datasettransfer . . . . . ... ... ... .....
2.3 LinearRegression . . . ... . ... ... ... .. ... ... . ...
Methodology
3.1 Object detection based on YOLOModel . . . ... ... .........
3.2 Depth Estimation based on the MiDas Model . . . . . ... ... ....
3.3 Absolute distance estimation using Support Vector Regression . . . . .
3.4 Absolute distance estimation using Mathematical approach . . . . ..
Experimental Result
4.1 Data-set Preparation . ... ............... ... . ......
42 ExperimentalResults . . .. ... ........ ... ... . ... ...
421 Support Vector Regressionresult . . . . ... ........ ...
422 Mathematical approach . ... ... ... ... ... .. .. ...

43 Experiment Limitation . . ... ... .. ..... ... ... .. ...

iX



5 Conclusion and Future Work 21
5.1 Conclusion . . . . . . . o e 21
52 Futurework . . . . . . e e 21

23

Bibliography



xi

List of Figures

1.1 Simple example For our objective . . . . . ... ... ... .. ... ... 2

2.1 YOLOvV4 and other state-of-the-art object detectors. YOLOv4 runs
twice faster than EfficientDet with comparable performance. Improves
YOLOV3’s AP and FPS by 10 percent and 12 percent, respectively

(Bochkovskiy, Wang, and Liao, 2020). . . ... .............. 5
2.2 YOLOV5 different versions performance (Jocher et al., 2021a). . . . . . 6
2.3 YOLO Architecture (Xuetal.,,2021). ... ... ... ... ........ 6
2.4 A 5-layer dense block with a growth rate of k = 4. Each layer takes all
preceding feature-maps as input. (Huang etal., 2016). . . . . . ... .. 7
2.5 Payet(Tan, Pang, AndLe,2019). . . . . . . . i 7
2.6 yolotestedimage . . ... ... ... . .. ... o oo 8
2.7 R-CNN Modules (Girshicketal.,2013) . . . . ... ... ... ...... 8
2.8 R-CNN Example(Renetal.,2015) . . .. .................. 8
2.9 Depth disparity from kitti data-set (Geiger et al., 2013). . .. ... ... 9
2.10 Zero-shot error (the lower — the better) and speed (FPS) (Ranftl, Bochkovskiy,
and Koltun, 2021). . . . . . . . . . e e 10
2.11 Linear Regression example for dependent and independent Variables(Bonaccorso,
2017) oo 11
2.12 SVR Example (Cortes and Vapnik, 1995) . . . . ... ..... ... ... 11
3.1 YOLO Example(Jocheretal.,,2021b) .. .................. 13
3.2 YOLO Performance table (Jocher etal.,2021b) . . ... ... ... ... 14
3.3 Midas Example (Ranftl, Bochkovskiy, and Koltun, 2021 . . . .. .. .. 15
3.4 The proposed workflow for SVR model approach. . . . ... ... ... 16
41 Collected data-set. left image is 4.4 meters and right image is 5 me-
ters.(Ourowndata-set) . ... ... ... ... ... .. ... ..., 17
42 Midas depth test (our owndata-set) . . .................. 18
4.3 SVR model prediction images(Our own data-set . . ... ........ 19
44 SVRErrorTable . . ... ... ... ... ... . 19
45 Mathematical approach (our owndata-set) . .. ............. 20

4.6 Mathematical approach Error Table . . . . ... ... ........... 20






Chapter 1

Introduction

1.1 Overview

1.1.1 Visually impaired

Visually impaired individuals suffer dramatically in their daily life because of the
lack of visually impaired aided systems. According to (Blindness and vision impair-
ment) there are 2.2 billion people all over the globe have a distance vision impair-
ment. half of those cases could be prevented if it has been addressed sooner. there is
a lot of causes for visual impairment. According to (Steinmetz et al., 2021 the causes
of visual impairment are uncorrected refractive errors, cataract, age-related macular
degeneration, glaucoma diabetic retinopathy, corneal opacity and trachoma

Therefore, this project will provide a solution or system to aid the visually im-
paired individuals to understand the scene in front of them using Al and machine
learning technology.

1.1.2 Scene Description

the goal of this project is to analyze the scene from a picture. By analyzing I mean to
detect each object in this picture, and for each object an estimate of distance between
it and the camera will be given. The aim is to use a single camera instead of stereo or
Lidar cameras for estimating the depth. Depth estimation/prediction from a single
image is challenging, and is an ill-posed problem, however it plays a key role to
understand a given scene

1.1.3 Machine learning

Machine learning (ML) is the knowledge of a computer-based algorithm that take
action through knowledge and acts as humans do (wu2013skull). Furthermore, it
improves their learning over time in an independent way, by providing the data-
set where the machine learning algorithms can learn from (mikolov2010recurrent).
We have three machine learning techniques such as supervised, unsupervised and
semi-supervised learning. In a supervised learning procedure, the data-set must be
labeled as we know what output should be expected, like linear regression algorithm
or support vector regression. On the other hand, in the unsupervised learning. It cre-
ates its own target value like clustering or Knns. semi-supervised learning method
are mixed between both supervised and unsupervised algorithms.

1.1.4 Deep learning

The concept of deep learning (DL) is under the umbrella of ML field and term deep
learning when the neural network have a lot of hidden layers and every layer had
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its own function. This technique try to simulate how the human brain processes
data. DL is used in the field of computer vision as it produce a very good result, for
example there are DL models that are used for object detection, object classification
and even depth estimation. its is also used in other fields than Computer Vision.

1.1.5 Problem and limitation

Scene description oppose a big challenge right now as it is composed of a multiple
models working together, and it is hard to make robust system to face this challenge.
three models will be used to face this challenge. object detection model, depth esti-
mation model and SVR model that will predict the distances using the values from
the depth model.

1.2 Objectives

Our aim in this thesis is to create an intelligent assistant system based on neural net-
work models that will have the ability to understanding a scene and guiding VII to
independently walk indoor or outdoor in order to aid visually impaired individual
in their everyday life. The proposed model will be accurate, and robust to illumina-
tion and lighting changes in a scene. The proposed will a light model to be deployed
on a device with limit memory, e.g., Arduino chips or smartphones. we will follow
the next steps:

¢ Choose a reliable deep learning model for object detection and classification

* Choose a model for depth estimation to estimate the depth of each object clas-
sified from the previous model.

¢ Collect our own data-set to check the depth estimation model accuracy and get
absolute distance.

¢ Train a machine learning model to convert the mean intensity pixel from the
depth estimation model with the true distance.

1 Taking animage

3 feet, not looking at you, male, 20s

Sending the
image to a server

- Backend Pedestrian
" Dectection Modules

oz68

Giving the audio
feedback

FIGURE 1.1: Simple example For our objective
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1.3 Publications

Conference

1. Absolute distance prediction based on deep learning object detection and monoc-
ular depth estimation models Armin MASOUMIANa,1, David G.F. MARE]I,
Saddam ABDULWAHAB, Julian CRISTIANO, Domenec PUIG and Hatem A.
RASHWAN. 23rd International Conference of the Catalan Association for Ar-
tificial Intelligence

1.4 Thesis organization

This thesis is outlined as follows:

In Chapter 1, provided an overview of the technologies that will be used.
In Chapter 2, discuss the related work.

In Chapter 3, we discuss the methodology

In Chapter 4,Experimental result of our system.

in Chapter 5, Conclusion and future work






Chapter 2

Related works

2.1 Object Detection Techniques

2.1.1 YOLO

In computer vision, the challenge of object detection need to be considered as it is
very common due to the dependency of the shapes and textures of the objects where
it needs to be detected. The detection techniques also help to get more information
about the object, like the probability if the object detect is right or wrong (e.g., human
detected and 70 percent it’s a female). object detection is seen in various application
like Optical Character Recognition, Tracking vehicles or even identifying iris code.
Nowadays, deep learning have been applied in the entire area of computer vision
and right now one of the state of the art for object detection is You Only Look Once
(YOLO) Redmon et al., 2015. the Yolo models is always updating as it started with
yolov1 in 2016, and now we have yolov5 in 2021. We are using YOLOv5 small as our
approach as it is a light version. in addition, it produces the needed result. in the
next figure, we will show the yolov4 performance with other state of the arts object
detection models.

MS COCO Object Detection

50
cientDet (DO-D eal-time
48

46 A

AP

—4—YOLOv4 (ours)
——YOLOv3 [63]
36 | —m—EfficientDet [77]
34 ATSS [94]
ASFF* [48]
CenterMask™ [40]

. YOLOv3

10 30 S0 70 90 110 130

FPS (V100)

FIGURE 2.1: YOLOv4 and other state-of-the-art object detectors.

YOLOV4 runs twice faster than EfficientDet with comparable perfor-

mance. Improves YOLOv3’s AP and FPS by 10 percent and 12 per-
cent, respectively (Bochkovskiy, Wang, and Liao, 2020).

next this graph show the yoloV5 performance and all its versions



6 Chapter 2. Related works
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FIGURE 2.2: YOLOVS5 different versions performance (Jocher et al.,
2021a).

the yolo architecture have three main parts. The first part is Backbone CSPDark-
net. The second part is Neck:PANet and finally Head which is the yolo later.(Xu et
al., 2021)

Backbone: CSPDarknet Neck: PANet Head: Yolo Layer

[l
| Cosmenaese

|
l |
l |
l |
l |
l |
I |
l 1 t | |
| ((BotteNeckesP J-+—( Concat ] ( BottleNeckcsP )—l—r-[ Convix1 | |
| |
| |
| |
! |
! |

J

T UpSample Conv3x3 S2 | |
|
I ¥

[l i |
((sPPT——p{_BottleNeckesP ] (_BottleNeckesP }—{—,»[m]

I S I
CSP Cross Stage Partial Network Convolutional Layer
SPP Spatial Pyramid Pooling Concatenate Function

FIGURE 2.3: YOLO Architecture (Xu et al., 2021).

Backbone Networks

A backbone network works as feature extractor for object detection, which uses im-
ages as input and outputs feature maps of the identical input image. The CSP mod-
els are based on the densenet which is designed to connect layer in the cnns. the
CSP also address duplicate gradient problems in large convnets problems which is
extremely important to the yolo family as it reduces the parameters and the flops
which result lighter and faster model. in the next figure, we can see and example of
backbone model,
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FIGURE 2.4: A 5-layer dense block with a growth rate of k = 4. Each
layer takes all preceding feature-maps as input. (Huang et al., 2016).

PA-Net Neck
_l?p_e.tte_d_bl_nf.k_s_ , _lE_p_Ea_tE_d_hl_n_Lk_s‘
& O—rO—r P OO P OO
? 3 o R S
: ity g o
O P*O.E / (‘:):-" Pe ( )—.—--I E )_-E,l)_"
W £ ATy 0
" OO ¥ P OO P
e ot e ST e o $2
O @— PO o nO——e
p{ o) per S S basnzzosaay

FIGURE 2.5: Payet(Tan, Pang, AndLe,2019).

Each one of the Pi above represents a feature layer in the CSP backbone. The above
figure is a product from research done by Google Brain on the EfficientDet object
detection architecture. so the neck is a series of layer mix to aggregate the image
features and pass it to them for prediction.

Model Head

The model head is mainly used for the final detection part. it applied the boxes of
each object and generate the probability of the object score as we will see in the next
figure
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FIGURE 2.6: yolo tested image

2.1.2 R-CNN

Before Yolo, Region Based Convolutional Neural Networks was once the state of
the art. it consists of three different modules. The first module generates indepen-
dent regional proposal which define the group of candidates for the next detection
step.The next module is a large convolutional neural network (CNN) that extracts a
fixed-length feature vector from each part.The last module is a set of class specific
linear SVM that gives the prediction of the object (Girshick et al., 2013

4 g aeroplane? no.
— Ty :

4

‘ :
1 > person? yes,
|

1 ;\ :
Ll S Somonior o ]
1. Input 2. Extract region 3. Compute 4. Classify
image  proposals (~2k) CNN features regions

FIGURE 2.7: R-CNN Modules (Girshick et al., 2013)

FIGURE 2.8: R-CNN Example(Ren et al., 2015)
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2.2 Depth Estimation

Depth estimation is one of the most challenging computer vision tasks. as its goal, it
to replace the sensors by trying to estimate the depth of the scene from 2-d images.
the input is normal, an RGB image and the output is a depth image.

FIGURE 2.9: Depth disparity from kitti data-set (Geiger et al., 2013).

depth estimation also has multiple applications like smoothing blurred parts of
an image, self-driving cars or grasping in robotics. there is a lot of depth estima-
tion models that works for different scenarios. there is monocular depth estimation
which we are using as approach which estimate the depth from one image. Also,
there is stero depth estimation models that’s generates a disparity map which is
more accurate but requires supervised learning. We will be using Midas depth es-
timation model as this model was trained in multiple datasets, and it doesn’t need
high gpu.

2.2.1 Supervised Depth Estimation

Supervised depth estimation help decrease the innate difficulty as we can see the
relationship between the colored images. some various approaches of supervised
depth estimation is end to end sampling, optical flow, transfer learning and combin-
ing local prediction (Howard et al., 2017)

2.2.2 Unsupervised Depth estimation

Unsupervised methods are used to avoid aforementioned problems for training mod-
els. Only original images and pre-trained models such as DenseNet is needed. Re-
garding unsupervised methods, various approaches for depth estimation have been
proposed, such as generative adversarial networks (Pilzer et al., 2018), temporal in-
formation and separate pose networks (Zhou et al., 2017).

2.2.3 Midas Model for depth estimation

Midas compute relative inverse depth from an image (Ranftl, Bochkovskiy, and
Koltun, 2021). There are also multiple Midas models for each use case, from small to
big. the small models are light and fast, and big models have better accuracy. all the
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midas model have been trained in six different data sets to insure multi-objective op-
timization to ensure high quality of input ranges for the duration of 6 months with
multiple GPUS.

Model DIW, Eth3d, Sintel, Kitti, NyuDepthVvz, TUM, Speed,
WHDR  AbsRel  AbsRel  6>125 65125 §>1.25 FPS
Small iPhone
models: 11
JLEERE 01248 01550 03300 21.81 15.73 17.00 0.6
small
MiDas v2.1 01344 01344 03370 29.27 1343 1453 30
small URL
) GPURTX
Big models: 3090
MiDas v2 01246 01290 03270  23.90 9.55 1429 51
large URL
MiDas v2.1 01295 01155 03285 16.08 8.71 12.51 51
large URL
MiDasS v3.0
DPT-Hybrid 01106 00934 02741 11.56 8.69 1089 46
URL
MiDaSv3.0
DPT-Large 01082 00888 02607 846 8.32 Y a7

URL

FIGURE 2.10: Zero-shot error (the lower — the better) and speed
(FPS) (Ranftl, Bochkovskiy, and Koltun, 2021).

2.2.4 zero-shot cross-dataset transfer

To test the midas performance, a zero to shot cross protocol was used. Which means
that the model was trained on a certain dataset and then the testing was on a differ-
ent dataset. this initiation was used because it is believed that this is a more faithful
proxy to the real world.

2.3 Linear Regression

linear regression is a machine learning algorithm that depends on the supervised
learning. It is mainly used to find relationship between variable and forecasting.Different
regression models differ on the relation between the inputs and the outputs. In most
linear regression models, the objective is to minimize the sum of squared errors.
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Y A

dependent Variable

regression

independent Variables X

FIGURE 2.11: Linear Regression example for dependent and indepen-
dent Variables(Bonaccorso, 2017)

to have an accurate linear regression model we must have big data-set to train
from and this is not possible for our scenario. That’s why, for our approach, we
will use a support vector regression model to predict the distance of the object from
the pixels value resulted from the depth estimation model.SVR advantage is that it
doesn’t have the best fit line. it has a hyperplane that has a maximum and minimum
number of points. Support vector regression was chosen as we don’t have a big data
collected for the training period. Its biggest advantage is that it let us define the
range of acceptable error to find the probate line.

Decision
Boundary

Decision
Boundary

Hyperplane

FIGURE 2.12: SVR Example (Cortes and Vapnik, 1995)
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SVR tries to fit the best line within a threshold value that we use. This threshold
value is the distance between the hyperplane and boundary line. and the advantage
of SVR are the following

¢ Easily updated
¢ Robust to outliers
¢ Fast With high prediction accuracy

¢ Easy Implementation
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Chapter 3

Methodology

As shown in Chapter 2, we have reviewed the deep learning method for object detec-
tion: YOLOV5 in order to detect the objects in the image. We choose the light version
yolov5s. Next, we talked about depth estimation, and we choose midas model from
pytorch because of its flexibility as it was trained on 6 data set, and it also has a light
version. Our goal is to retrieve the mean pixels of the objects detected in yolo from
the output of the depth estimation model. Then for each object we know the ground
truth distance.We have two diff rent approaches to calculate the distance. the first
mathematical approach is through a mathematical equation.In the second approach,
We will train the SVR with mean pixel feature as an input and the ground truth dis-
tance as an output. So the SVR model can predict the distance from the mean pixels
of each object.

3.1 Object detection based on YOLO Model
We used YoloV5S which is the lighter version of yolo family for the object detection.
it’s already trained for months on multiple GPUS, so we won’t add any training, as

the coco data-set that was used for training serve the same purpose we want.

person 0.88

person‘ 0.59

FIGURE 3.1: YOLO Example(Jocher et al., 2021b)

In summary, the model architecture of YOLOVS5 is very close to YOLOv4. Be-
sides, it derives most of performance improvement compared to object detection
methods. the YOLOv5 model is a fast compact object detection model that is very
performant relative to its size and it has been steadily improving as shown in figure??.
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GloU Objectness Classification Precision Recall
44 1.0 1.00
3.5 4l —e— results
304 0.95 4
' 3 o8 0.90
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154 5] 0.80 4
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FIGURE 3.2: YOLO Performance table (Jocher et al., 2021b)

3.2 Depth Estimation based on the MiDas Model

MiDaS calculates the relative inverse depth from one image.We Chose This model
because it was trained on 6 distinct datasets using multi-objective optimization to
ensure high quality on a wide range of inputs.CRanftl, Bochkovskiy, and Koltun,
2021. MiDas introduces a new loss function that absorbs the diversities between
different datasets used in the training stage, thereby eliminating compatibility is-
sues and allowing multiple data sets to be used for training simultaneously. Midas
advanced the state of the art in monocular depth estimation. MiDas was been evalu-
ated the robustness and generality of models via zero-shot cross-dataset transfer that
can help in the deployment of monocular depth models in practical applications.
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FIGURE 3.3: Midas Example (Ranftl, Bochkovskiy, and Koltun, 2021

3.3 Absolute distance estimation using Support Vector Re-
gression

Our approach to get the distance from a single image. we used two parallel deep net-
works: one for object detection (YOLO) and the other for depth estimation(Midas).
The predicted depth will be extracted from Midas. In turn, with YOLOV5, the ob-
jects inside the image will be localized and classified. In addition, the localization
of each object defined by bounded boxes will be detected on the estimated depth
image. Finally, the relevant distance of an object will be calculated by the median es-
timated distance of all pixels inside the defined bounded box by passing it through
the trained support vector machine model. it was straight forward. As we imported
the svr model for sic-learn library. We have one input feature (mean intensity of
pixel of an object) and one output (the hand measured distance of this object from
the camera). As for the model parameter, we only change the kernel type to linear
instead of the default rbf. we tried all the possible kernels, but the linear produced
the best results.

3.4 Absolute distance estimation using Mathematical approach

here we also used two parallel deep networks: one for object detection (YOLO) and
the other for depth estimation(Midas). The predicted depth will be extracted from
Midas. In turn, with YOLOV5, the objects inside the image will be localized and
classified. In addition, the localization of each object defined by bounded boxes will
be detected on the estimated depth image. Finally, the relevant distance of an object
will be calculated by the median estimated distance of all pixels inside the defined
bounded box by passing it through the following quadratic function equation (Taha
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and Jizat, 2012)
Y = (c.0+c1X +c2X*)H

where, c0, c1, c2 coefficients can be obtained using the least square equations, h is
the camera height, and X is the relevant distance from the object to the beginning of
the camera’s field of view (Taha and Jizat, 2012)

Final Result

Midas Depth
Model

Source Image

YoloV5s

SVR Model

FIGURE 3.4: The proposed workflow for SVR model approach.



17

Chapter 4

Experimental Result

4.1 Data-set Preparation

For our data-set, we didn’t need to train the yolo or the depth model. However,
when we tried to calculate the distance of the object, we prepared our own private
data-set that contains 100 images 777 x 1350 with a hand-held camera. Monocular
RGB camera was mounted on a static stand and the absolute distance of each object
was manually measured from the camera. The absolute distance from the camera
and objects have manually been defined of all objects in scenes.During collecting
the data-set, we imitated potential static obstacles on the front of the camera. These
obstacles located in different distances from the camera test-stand.

FIGURE 4.1: Collected data-set. left image is 4.4 meters and right
image is 5 meters.(Our own data-set)

4.2 Experimental Results

We experimented using the two approaches mentioned before (the support Vector
Regression and the mathematical approach) and we will show the results of each

approach in the next part. but first lets see Midas model depth estimation on our
data-set.



18 Chapter 4. Experimental Result

fit

d
[0
i

FIGURE 4.2: Midas depth test (our own data-set)

4.2.1 Support Vector Regression result

Next we will show the output result images from the Svr approach, the first row im-
age’s real value was 3.4 meters. the model prediction on the right is three meters.The
Second image is 6 meters far, and the model predicted 6 meters. The last row was 11
meters far and the model predicted 10.9 meter.



4.2. Experimental Results

|

ot T

1 G 322 0 5l o
| £

person 0.94 M

L .
q

FIGURE 4.3: SVR model prediction images(Our own data-set

Absolute distance (m) Predicted distance (m) Error (M)
34 3 04
6 6 0
11 10.9 0.1
8 1
7 5.5 1.1

FIGURE 4.4: SVR Error Table
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From this table we can see that the error increase in the middle values. However,
the accuracy is big when the object is too far or too close

4.2.2 Mathematical approach

Next we will show the result from the mathematical approach and demonstrates the
qualitative results of the proposed framework, and it shows some examples of our
own private data-set including the original images, estimated depth images

FIGURE 4.5: Mathematical approach (our own data-set)

Absolute distance (m) Predicted distance (m) Error (m)
11.2 10.91 0.29
3.5 3.45 0.05
8.0 8.09 0.09
10.1 9.83 0.27
8.0 8.13 0.13
12.0 11.69 0.31
4.0 3.88 0.12

FIGURE 4.6: Mathematical approach Error Table

4.3 Experiment Limitation

The biggest limitation we faced is the lack of data-set to train our SVR as we need to
create our own data-set, and it was not big enough. Another limitation was my lack
of programming skills in python and the idea of creating a virtual environment, as it
took me sometime to understand it. If we had a stronger GPU, maybe we could’ve
chosen heavier models for the yolo and midas.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

Scene description is a challenging task, and it will always remain a challenging task.
But we hoped to have a different approach to tackle this problem with the approach
mentioned before. I believe there is a lot to improve if we had better data-set and
more time. even the pretrained models we used as yolo and midas are still getting
updates regularly on their GitHub repos. in the end, we reached a satisfactory re-
sult, and we hope this result may help other researchers in the future to tackle this
problem in a more efficient way:.

5.2 Future work

In the future, we hope to deploy this project in the market to aid the visually im-
paired individuals. to convert the result obtained for each object as it class and dis-
tance to a voice track so the visually impaired can hear it and aid him to understand
the scene in front of him. We also hope that a better data-set source to be collected
for the object distance from the camera, as we believe this will help to improve the
result a lot (e.g.. data-set that have image and the info about every object in the
image as the class type and distance from the camera.)
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