FAXT

) VAWKUM Transactions on Computer Sciences

http./vfast.org/journals/index.php/VICS@, 2024, ISSN(e): 2308-8168, ISSN(p): 2411-6335
Volume 12, Number 2, July-December 2024 pp: 165-177

Keywords:Visually
Impaired, Object
Detection, Deep
Learning, Datasets,
Evaluation Metrics.

Journal Info:
Submitted:
September 15, 2024
Accepted:
November 30, 2024
Published:
December 04, 2024

1 Introduction

Towards Improved Assistive Technologies:
Classification and Evaluation of Object
Detection Techniques for Users with Visual
Impairments
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Abstract

Even though millions of people struggle to interact with the outside world due to visual
impairments, vision is an essential part of our daily lives. Because of its ability to identify
and navigate around objects in their surroundings, object detection a crucial component
of computer vision has become a potentially helpful solution. This study offers a thor-
ough analysis of object detection techniques utilizing a dual classification system that
combines traditional and deep learning methods. In addition, we analyze the most pop-
ular evaluation metrics and datasets for these systems’ training and evaluation. Unlike
previous surveys, our work provides a unique perspective by carefully examining the lat-
est advancements in both innovative deep learning models and traditional approaches.
The survey's conclusion highlights current problems and recommends future research
directions, highlighting the need for more effective models, diverse datasets, and multi-
modal data integration to improve assistive technologies for the visually impaired.

*Correspondence author email address: nazshakeela380gmail.com
DOI: 10.21015/vtcs.v12i2.1911

Our eyes are our window to the outside world, but not for people who are visually impaired from birth, illness,
accident, or old age. Because our daily activities heavily rely on our vision, they are severely disrupted in the
absence of clear vision. As per the World Health Organization (WHO), visually impaired is defined as the inability
to see objects between 0 and 6.1 meters ahead of us when our sight indicator is below the cutoff point, or 6/18.
Some countries classify people as legally visually impaired if their field of vision is less than 20 degrees[1].

Therefore, creating new solutions is crucial to assisting Partially Visually Impaired (PVI) in carrying out these
tasks quickly and effectively and inspiring them to engage with their social surroundings[2].
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Due to recent technological advancements and its broad range of applications, object detection has been re-
ceiving more and more attention in recent years. In both academia and real-world applications, including robotic
vision, autonomous driving, transportation surveillance, drone scene analysis, and security monitoring, this task
is being thoroughly studied. Among the numerous elements and initiatives that have accelerated the advance-
ment of object detection methods, the creation of deep convolution neural networks and GPU processing power
deserve special recognition[3].

The object detection system functions exactly as a child would have learnt in school. In school, a child is trained
by learning the names of different objects and shapes. He can identify all related objects that he has previously
learnt once he has mastered every object. Similar to how a child learns, the machine must be completely trained
using a variety of machine learning algorithms by adding all of the object names. All of the characteristics of
related objects are kept in a database to facilitate the training process. The next step is to test an input image by
comparing its features with the feature dataset that has been stored. An effective object recognition system will
quickly and accurately produce the object's name [4].

Some methods for assisting visually impaired persons in finding objects in their environment have been pro-
posed recently. Various research methodologies have been employed in this regard, such as artificial intelligence
techniques, ultrasound signals, deep learning, and assisting visually impaired individuals in identifying their sur-
roundings and avoiding obstacles, are also being studied [5].

All of the previous research was limited to giving a summary and evaluation of a small selection of object
detection models for the visually impaired, despite the fact that there were other models available at the time.
In most previous surveys, the models were classified as either one-stage detectors or two-stage detectors. In
[6] number of topics have been covered in earlier works, including the analysis of conventional, two-stage, and
one-stage object detection techniques, dataset preparation and readily available standard datasets, annotation
tools, and performance evaluation metrics.

Similarly, in [7] the state-of-the-art object recognition, face recognition, and text-to-voice recognition methods
proposed to assist the visually impaired are reviewed in detail. [8]. For this research, different pretrained models
were reviewed for the detection of objects such as Region-based Convolutional Neural Network (R-CNN), Region-
based Fully Convolutional Neural Network (R-FCN), single- shot multi box detector (SSD) and You Only Look Once
(YOLO), with different extractors of characteristics such as VGG16, ResNet, Inception, Mobile Net. W. J. Chang [9]
surveyed the current state of wearable and assistive technology and provides a critical evaluation of each system,
pointing out its benefits and drawbacks. These models were used with a variety of extractors of characteristics,
such as VGG16, ResNet, Inception, and MobileNet. R. Alex [10] provided a comprehensive survey of one stage and
two-stage object detection techniques, as well as the most recent detection solutions and a number of noteworthy
research trends, are thoroughly and methodically reviewed. We tried to cover both one-stage and two-stage
object detection models in this paper, along with traditional methods for visually impaired individuals to detect
objects. The number of models we have listed has not been thoroughly covered and analyzed in any previous work.
Furthermore, we separated the detection models into two groups. The first focusses on traditional techniques,
which are further divided into two groups: featured based and Tamplet Matching. The second focuses on deep
learning models, which are further divided into CNN-based and transformer-based models. We also look at the
most popular datasets and evaluation metrics for these systems’ training and evaluation.

This paper’s remaining sections are organized as follows: Section 2. Object detection techniques 3. Datasetand
available standard dataset 4. Evaluation matrices. Finally, Section 5 ends with a conclusion and future direction.
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2 Techniques for Object Detection

The process of identifying a foreground object in a frame is called object detection. Any person, animal, or other
object of interest could be the desired object [9]. Previous studies have explored a range of approaches to assist in-
dividuals with visual impairments in identifying objects and navigating obstacles. Several surveys have focused on
deep learning methodologies, while others have examined artificial intelligence techniques more broadly. Some
research has investigated the potential of ultrasound signals, whereas conventional methods have also been ex-
plored extensively. Together, these studies contribute a diverse set of insights into technological advancements
aimed at enhancing spatial awareness and safety for those with visual impairments [5]. For example, A. Lavric
[11] summarized the characteristics of some commercial assistance programs and looked at the border use of Al
and visible light communications, highlighting how well they meet the needs of blind people. Similarly, A. Khan
[12] examined research directions in smartphone-based assistive technologies for the blind and emphasized the
necessity of technological developments, an accessibility-inclusive interface paradigm, and cooperation between
computer professionals, medical specialists, usability experts, and domain users in order to fully realize the po-
tential of information and communication-based interventions for the blind. In [13] the author offers a thorough
analysis of the many assistive technologies and systems intended to help people who are blind or visually im-
paired. These technologies are categorised according to their functions and uses, such as carrying mode, ob-
ject type, coverage, and analysis type. In [14] the state of research on object recognition for visually impaired
individuals on mobile platforms was compiled and evaluated using the Systematic Literature Review approach.
Wearable devices have also gained attention, as reviewed by K. Manjari [15], who reviewed all the pertinent wear-
able and handheld devices developed for visually impaired people, wearable devices have also gained attention.
The main focus of the review was on the devices' prominent features, and an analysis was conducted based on
a few factors such as power consumption, weight, economics, and user-friendliness. In order to address the
changing needs of visually impaired people in their daily lives, more research focusses especially on improving
real-time object detection[16]. Z. Q. Zhao [17] review of deep learning-based object detection frameworks and
give a brief overview of a few particular tasks, such as pedestrian, face, and salient object detection, and concen-
trate on common generic object detection architectures. A. Balothiya [18] briefly addressed the various object
detection algorithms for people with visual impairments, including the CNN family, SSD, and YOLO. These algo-
rithms are compared based on a number of characteristics, including speed, cost, accuracy, and complexity. M.
Deshpande [19] discussed several object classification and detection techniques (CNNs, Fast R-CNN, SSD, YOLO,
ViT, and ResNet) that are particularly pertinent for helping visually impaired individuals. We divided object de-
tection methods into two primary categories: Deep Learning Methods and Traditional Methods, which we will
address individually.

2.1 Traditional Methods

Traditional object detection techniques are based on shallow trainable architectures and manually created fea-
tures. Using complex ensembles that combine high-level context from object detectors and scene classifiers with
numerous low-level image features, their performance quickly stalls [17].

2.1.1 Feature-Based Methods

To address different challenges faced by visually impaired people, feature descriptors like Scale Invariant Feature
Transform (SIFT) and Speeded Up Robust Features (SURF) [20][21][22] are often paired with traditional machine
learning classifiers like Support Vector Machines (SVM) and K-Nearest Neighbors (KNN). Developed by David Lowe
in 2004, SIFT provides robustness against changes in illumination and blur. It matches images under different
scales and rotations. While SURF builds upon the concepts of SIFT, it uses a fast Hessian matrix computation
to improve accuracy and speed in descriptor generation and location detection efficiency. These algorithms are
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widely used for tasks that do not require specific class knowledge, such as 3D mesh reconstruction and image
stitching. If given enough training data, deep neural networks can classify items on an assembly line; however,
less complex approaches such as color thresholding can accomplish comparable outcomes[23].

The Histogram of Directed Gradients (HOG) is a feature descriptor for visually impaired people that is used in
computer-view and image analysis for object detection. The fundamental concept of a histogram is that a series
of intensity gradients or boundaries represents the presence and structure of local objects within an image. The
pictures are separated into cells, which are tiny, connected regions. Meanwhile, for every pixel in every cell, a
gradient direction histogram is generated. The concatenation of these histograms is the descriptor. The HOG
descriptor has a few key advantages over other descriptors. With the exception of object orientation, itis invariant
to geometric and photometric transformations because it operates on local cells.[24].

2.1.2 Template Matching

For the purpose of object detection and recognition for visually impaired individuals, computer vision and image
processing rely heavily on comparing similarities between various scenes. Template matching[25][26] is the widely
used method compares different regions of a source image to a template image in order to find possible matches.
High-level machine vision techniques such as edge detection, mobile robot navigation, object localization, and
medical image registration depend on this technique. The process of template matching determines if an object
is present in an image and where it is by calculating the difference measure between the template and potential
matches. Numerous computer vision tasks, such as stereo correspondence, motion tracking, and 3D structure
reconstruction, are based on this process[27].

2.2 Deep Learning Based Object Detector

In order to recognize and categorize objects into different classes, supervised learning methods are frequently
combined with neural networks (NN). The most popular application of NN in the field of computer vision is found
in CNNs that use hierarchical feature learning, which makes use of the spatial information on the ever-increasing
areas of images as the system processes them. More precisely, they drastically lower the parameters and, as a
result, the computational power in comparison to conventional feed-forward fully connected networks due to
their structure and characteristics (e.g., Local Receptive Fields, Shared Weights, Pooling)[28].

2.2.1 CNN-Based Methods

Object recognition is a popular artificial intelligence application for people with visual impairments and a very
fruitful task for deep neural networks [29]. Deep learning techniques for regression, classification, and object
detection are currently applied in two different ways to assist visually impaired individuals with object detection.
The R-CNN, Fast R-CNN, and Faster R-CNN architectures all use the two-stage algorithm [30], Another algorithm
is the one-stage algorithm [31], represented by the following symbols: which is symbolized by YOLO[32] [33] [34]
[35][36][37], SDD[38] [39] [40], and so on[41]. R-CNNs, Fast R-CNNs, Faster R-CNNs [42] [43] [44][45] [46] [47] [48]
and Mask RCNNs all use region proposal networks in their initial stages. After that, the bounding box regression
and object classification processes propagate the region proposals down the pipeline[29].

By treating object detection as a straightforward regression problem, single-stage detectors YOLO and SSD
were proposed to improve the detection efficiency to be suitable for real-time applications. They use an input
image to learn the class probabilities and bounding box coordinates. One-stage detection algorithms, which are
quicker but less accurate, only extract one feature at a time[2].
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2.2.2 Transformer Based Method

Predicting bounding boxes and category labels for objects of interest is known as object detection. Convolutional
neural networks, which have a head for localization and classification and a backbone for feature extraction,
are commonly used in this process. A more recent alternative, called Detection Transformer (DETR) [49][50][51]
frames object detection as a set-based matching problem. DETR eliminates hand-designed components like non-
maximum suppression and anchor generation by modelling object relations and global image context using Trans-
formers. DETR is innovative, but it has drawbacks like incompatibility with feature pyramids, limited input reso-
lution because of the quadratic complexity of the self-attention module, and longer training times needed for
convergence. As a result, there is a great need for DETR to be improved in an efficient manner [52].

Object Detection Model

7\

Traditional Methods Deep Learning Methods
Feature - Bascd Template Matching CNN Based Transfer- Based
Method Method Method Method

ISIFT] |sum-‘]|n0(;] YOLO mm SDD

Figure 1. Techniques for Object Detection

3 Datasets

Itisimpossible to overstate the value of datasets for those who are visually impaired. Large-scale datasets are now
central to the development and assessment of models for the visually impaired in the field of machine learning.
Because these kinds of systems are used in real-world situations where real people’s lives and livelihoods are
at stake, it is critical that academics, advocacy organizations, and the general public comprehend the datasets
contents and how they impact system performance [53].

Compilations of labelled photos make up datasets. Object position and class are included in the annotation.
The number of classes in each dataset is predetermined. Groups of training and testing images are created from
the class images. The PASCAL Visual Object Classes 2007 (VOC 2007), PASCAL VOC 2012, ImageNet, Microsoft
Common Objects in Context (COCO), and Openlmages datasets are five of the most well-known datasets in

3.1 Analyses of Dataset
the generic object detection field [54]. Table 1 shows the most common images datasets.

The comprehensive and diverse nature of the COCO (Common Objects in Context) dataset [55] [56] [49] [571]
justifies its selection as the preferred dataset and benchmark for individuals with visual impairments. Because
the COCO dataset can challenge models with a wide range of challenges, such as occlusions, diverse object sizes,
and crowded scenes, which mirror the complexities encountered in real-world applications, researchers widely
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use it [58]. MS COCO is an open-source dataset comprising 328,000k images and 80 classes related to our daily
activities. It is used for object detection, segmentation, key point detection, and captioning. The images are
somewhat complex, but they are easily recognizable. The size of the dataset is 47 GB[59][60].

Many visually impaired people use transfer learning, a widely used computer vision technique made possible
by large datasets such as ImageNet [61] [62] [63] PASCAL [64], and COCO [65]. ImageNet open-source nature and
placement within the WordNet hierarchy both contribute to its increased usability [66]. Among these, ImageNet is
especially useful because of its enormous size and variety—it comprises 14,197,122 images from 1,000 different
object classes. Many tasks, including image classification [65] , object detection [67], and image captioning. . Its
47GB total size makes it a better option for transfer learning than other datasets because it offers a strong basis
for creating precise and broadly applicable models [68][69][70]. For those with visual impairments, PASCAL VOC
(Visual Object Classes) [58] [49] has been essential in the visual object recognition process since 2005. It provides
standardized image data along with comprehensive annotations and evaluation protocols. It has made a major
contribution to the advancement of computer vision technologies by making it easier to develop algorithms for
tasks like image classification and object detection for the blind. From 2005 to 2012, the yearly VOC challenges
played a pivotal role in promoting innovation within the industry. Notably, VOC12 represents a significant ad-
vancement over previous iterations with over 11,530 training images and 27,450 annotated objects spanning 20
object classes. The dataset is publicly available in XML format and is a favorite benchmark among computer vision
researchers and practitioners due to its extensive coverage and open accessibility. PASCAL VOC is an important
reference dataset in visual recognition research because of its rich history and broad adoption [59][71][72].

The publicly accessible Open Images dataset V4[73] comprises 9.2 million images with unified annotations for
three tasks: image classification, object detection for visually impaired individuals, and visual relation detection.
Each image was downloaded from Flickr without using predefined class names. This dataset includes 600 object
classes with 15.4 M bounding boxes, 57 classes with 375 visual relationship annotations, and 30.1M image-level
annotations with 19.8 k concepts[74]. Because all of the objects in the dataset were annotated by experts, it offers
accuracy and consistency. This dataset includes multiple objects in all of its high-quality images [59].

Dataset for Object detection in Aerial Images (DOTA) [75] is a sizable dataset used for aerial image object
detection. Itis useful for creating and assessing aerial image object detectors. Various platforms and sensors are
used to gather the images. Every image is between 800 x 800 and 20,000 x 20,000 pixels in size, and it includes
objects with a broad range of sizes, shapes, and orientations. An arbitrary quadrilateral is used by specialists
in aerial image interpretation to annotate the instances in DOTA images. In order to reflect changing real-world
conditions, we will keep updating DOTA and expanding its size and scope.

4 Evaluation Matrices

Evaluation matrices offer important information about the advantages and disadvantages of an algorithm for a
range of object sizes and complexity levels. Researchers and developers can use these metrics to improve their
models and make them more suitable for use in the real world by utilizing the COCO benchmark, Pascal VOC,
and Open image dataset for visually impaired individuals [58]. Based on the classification result, samples from
both the positive and negative classes in the bi-class scenario can be divided into four groups. Based on the
classification result, positive and negative class samples in the biclass scenario can be divided into four groups
[75]. This can be denoted as the confusion matrix shown in Table 2 [76].

Several measures can be derived from this matrix:[41]

True positive rate:
TP

TPR= o in
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Table 1. Comparison of Datasets

Research Arti- | Dataset Format Images Size Source| Used for
cles
[44][45][46], COCO 2017 | JSON and Image | 328,000 47GB | Open | 1) Object detec-
[47][48][38] Dataset File source | tion 2) Segmenta-
tion 3) Keypoint
Detection 4) Cap-
tioning
[49][50][51], ImageNet WordNet Hierar- | 14,197,122 150GB | Open | 1) Image classifi-
[521[531[54], Dataset chy source| cation 2) Localiza-
[55] tion
[581[49]1[471[59] | Pascal VOC | XML Format 11,318 8.4GB | Open | 1) Classification 2)
Dataset source| Object Detection
3) Semantic Seg-
mentation
[471[611[62] Openimages | Image Level Label | 9,000,000 18TB Open | 1) Object Segmen-
Dataset and Object Bound- source | tation 2) Visual Re-
ing Boxes lationships
[63][64] Dota PNG Format 11,268 20GB | Not 1) Object De-
Dataset open | tection in Aerial
source | Images

Predicted Positive

Predicted Negative

Actually Positive

True Positive (TP)

False Negative (FN)

Actually Negative

False Positive (FP)

True Negative (TN)

Table 2. Confusion Matrix

False negative rate:

True negative rate:

False positive rate:

A models precision is its capacity to recognize only pertinent objects. It is the proportion of accurate positive
forecasts. A model's recall is its capacity to locate all pertinent cases, or all ground-truth bounding boxes. It
represents the proportion of accurate positive predictions made out of all available ground truths. The precision
x recall curve represents a trade-off between precision and recall for various bounding box confidence values
produced by a detector. For unbalanced dataset Precision and recall [77] are especially useful metrics. With
the help of these metrics, which assess both the quantity and quality of predictions, model performance can be

FN
FNR= T v
N
TNR= 75+ 7P
FP
FPR= I+ ep
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understood in more detail. For tasks where the significance of false positives (FPs) or false negatives (FNs) varies
independently, using precision and recall may not be sufficient [78].
The definition of precision and recall are shown in equations (1) and (2), respectively [? 1

TP
Precision = 5+ P (M
TP
Recall = TPTEN (2)

The F1 score can be determined by calculating the precision and recall rates. F1 is the weighted harmonic
average of recall and precision, as defined by eq 3:[78].

~ Precision - Recall 3)
Precision + Recall

One basic metric used to assess the accuracy of an object detection algorithm is Average Precision (AP) [11][79]
It determines the dataset's average precision-recall curve for each class. Benchmarking performance is facilitated
by AP, which offers an overall evaluation of the algorithm’s accuracy in identifying objects across various classes
[58]. Due to its sensitivity to confidence threshold selection, AP might not be the best choice for tasks requiring
exacting precision or recall.[78]

The definition of Average Precision are shown in eq 1[80, 81].

F1-Score =2

1
AP=/0 p(r)dr )

In conventional object detection, the metric mean Average Precision (mAP) [7],[81] is widely used to evalu-
ate performance in terms of regression and classification accuracies [77]. The model's overall performance is
assessed using the mAP value, which is numerically equivalent to the average value of the AP sum across all cate-
gories [80]. Itis sensitive to class imbalance and has the ability to mask subpar performance in particular classes.
Furthermore, the computation of mAP is computationally expensive due to the complex calculations involved
[78].

The definition is shown in Equation 5:

5 Conclusion and Future Work

This survey has examined the development of object detection methods designed for people with visual impair-
ments, emphasizing the benefits and drawbacks of both conventional and deep learning approaches. While deep
learning techniques have shown a lot of promise, particularly in terms of robustness and accuracy, real-time appli-
cation and computational efficiency still need to be improved. In the future, research should focus on evaluating
object detection models in terms of hardware requirements, particularly for mobile and wearable devices, to en-
sure they are practical for everyday use. Additionally, there should be a focus on improving the identification of
common, daily objects to make assistive technologies more reliable and useful for visually impaired user.
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