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Abstract. Deep learning is one of the current research’s key areas of artificial intelligence. This paper surveys and encapsulates the 

current advancements and future research areas in deep learning. This paper establishes the basic structure of deep learning models, 

areas or applications of deep learning, and the solutions to the deep learning challenges. Firstly, three primary models of deep 

learning are figured including feed-forward neural networks, convolutional neural networks, and recurrent neural networks. This 

paper then encapsulates artificial intelligence-based deep learning applications including computer vision, medical image analysis, 

natural language processing, agriculture, self-driving car, and many other applications. Finally, this paper examines the existing 

challenges of deep learning and its state-of-art solutions. 
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I INTRODUCTION  

Deep learning is one of the most important subsets of machine learning algorithms that operate multiple layers to successively 

draw out higher-level features from the basic input. The word “deep” in “deep learning” mentions the number of layers across which 

the information is transformed. In many instances, depending upon the complexity of the problem, deep learning can also overcome 

the restrictions of former shallow networks that prevented effective training and concepts of hierarchical illustrations of multi-

dimensional training data. The factors which are responsible for the exceptional success of Deep Learning: (i) developments of 

advanced Central Processing Unit (CPUs) and Graphics Processing Unit (GPUs); (ii) accessibility of the massive amount of data (i.e., 

Big Data); (iii) evolution of learning algorithms [96], [106], [107]. 

 Deep learning networks are the mathematical models that are used to mimic the human brain as it is designed to resolve 

problems using unshaped data, these mathematical models are designed in the form of a neural network made up of neurons. Deep 

learning models are able enough to emphasize the accurate features themselves by demanding a little direction from the programmers 

and are very supportive in explaining the problem of dimensionality.  

Deep learning is one of the current research’s key areas of artificial intelligence. As we know that deep learning is a very 

vast area that is, having so many applications and challenges. We seek to answer the following research questions which are mostly 

present in the mind of budding researchers. 

RQ1: What is the basic structure of deep learning models? 

RQ2: What are the areas or applications of deep learning?  

RQ3: What are the challenges of deep learning and how to overcome these challenges? 

With these questions in mind, the goal of this paper is to provide vast deep learning applications and present a novel work 

by discussing various challenges with their state-of-art solutions. Most of the papers [39], [25], [66] only focus on a specific area and 

specific problem-related challenges. Some of the papers [111], [112] discuss only the challenges without their solutions. This paper 

covers different types of deep learning networks, deep learning applications, and challenges with state-of-art solutions. 
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II CLASSIFICATION OF DEEP MODELS 

The most well-known deep learning models are considered in this section, including feed-forward networks, convolutional neural 

networks, and recurrent neural networks.  

2.1 Feed-Forward Neural Networks 

 Artificial Neural Networks (ANNs) are computing systems motivated by the biological neural networks that mimic the human 

brain and learn patterns intrinsic in observations. The perceptron is the first trainable neural network accompanied by a single-layer 

architecture [1], which consists of an input and an output layer. The perceptron was examined as a favorable form of network, but 

applications demanding complicated information patterns were prohibited because perceptrons do not work with non-linear activation 

functions.  

The ‘hidden’ layer is added between the input and the output layer to successfully overcome such type of limitation. In neural 

networks to be notified that the units of the adjacent layers are densely connected, apart from the units of the same layer are not 

interconnected. This network moves in the forward direction that’s why called the feed-forward neural network. Feed-forward neural 

networks are the traditional models of deep learning [2] [3]. The main aim of training the deep forward networks is to estimate the 

analogous objective function. The learning of the feed-forward neural network is controlled by examining the deviation between the 

predicted or processed outcome of the network and the actual or target outcome. This deviation is called the error or the loss function. 

After that, the network modifies its weighted organization according to the learning rate parameter by using the process of back-

propagation [4]. The updation in the weight parameters causes the feed-forward network to obtain an output that boosts the predicted 

output similar to the actual output. After an adequate number of weights updations, the learning can be ended based on a definite 

standard. 

   

 

 (a)                               (b)  

Fig. 1. Architectures of feed-forward neural networks- (a) Single-layer neural network [1] and (b) Multi-layer neural network [2] 

2.2 Convolutional Neural Networks 

A Convolutional Neural Network (CNN) is a kind of ANN, most often applied to examine visual imagery [5]. The major advantage 

of CNN is that it automatically recognizes the applicable features besides any manual supervision [6]. Goodfellow et.al [3], disclosed 

the three basic aids of CNN. First, weight sharing decreases the number of trainable parameters and gives benefits to the network by 

boosting generalization and keeping away from overfitting. Second, dealing with sparse interaction i.e. the number of collections is 

reduced. Third, equivariant representation, i.e., the maximum value location, will vary with equal proportion. A CNN architecture 

with an example of image classification is shown in Fig. 2. The CNN architecture is composed of several layers which are also called 

building blocks of the network, which are explained below: - 

2.2.1 Convolutional Layer  

This layer is the first layer, which is applied to extract the various features from the input images [3]. It consists of a set of trainable 

filters or kernels (small pattern detector) of a particular size M×M, that is used to slide over the entire input volume and the dot product 

is taken between the filter and the parts of the input image concerning the size of filters (M×M). The output of a convolution is termed 

a ‘feature map’ or ‘convolved feature’ which gives information about images such as corners and edges.  

2.2.2 Pooling Layer 

A pooling layer mostly follows a single convolutional layer or a set of convolutional layers. This layer usually serves as a bridge 

between the convolutional and fully connected layers. The primary aim of this layer is to progressively reduce the spatial size of the 

representation or feature maps which reduces the number of parameters and computational cost in the network. For example, max-

pooling is used to take out the largest element from the feature map. In CNN, numerous other types of pooling such as spatial pyramidal 

pooling, average, L2, overlapping, etc. are used [7], [8]. 

2.2.3 Non-Linearity Layer 

Three steps are influences in normal convolutional layers [3]. In the first step, the layer assembles a set of linear activation 

by carry-outs convolutional operation. Second, on the output feature maps, a non-linear modification is produced. Third, further 

modification of the output pooling layer is used. An exceptional class of functions is called activation function which can be used for 

acquiring non-linear transformation. Therefore, the activation function creates a flexible network with minor changes or noisy input 

data and upgrades the representations' computational capability. In the literary text, various activation functions such as sigmoid, tanh, 

max-out, SWISH, ReLU (Rectified Linear Unit), and the alternative forms of ReLU, such as Leaky ReLU, ELU (Exponential Linear 

Unit), PReLU (Parameterized Rectified Linear Unit), Randomized Leaky ReLU, SELU are helped to fix the non-linear sequence of 
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features [8], [9], [10], [13]. However, ReLU and its types are helped to overcome the vanishing gradient problem [11], [14]. MISH 

[12] is the recently proposed activation function that gives a better performance than ReLU. 

2.2.4 Batch Normalization 

Normalization is a pre-processing technique used to standardize data. The batch normalization technique is done between the layers 

of CNN. It is done along mini-batches instead of the full dataset. It severs to speed up the training of deep CNN and use higher learning 

rates, thus making the learning easier. It combines the dispersion of feature-map values by putting the mean as zero and the variance 

as one [16]. Moreover, it flattens the motion of the gradient and acts as a controlling factor, therefore helping in boosting the 

generalization of the network. 

2.2.5 Fully Connected Layer 

The Fully Connected (FC) layer consists of the weights and biases along with the neurons and is used to connect the neurons between 

two different layers. These layers are usually placed before the output layer and form the last few layers of a CNN Architecture. In 

this, the output of the previous layers is flattened and fed to the fully connected layer. The flattened vectors undergo a few more fully 

connected layers for the classification of data [15]. 

 

Fig. 2. A CNN architecture with input as 3D volume followed by convolutional layer, activation function, pooling layer, and fully 

connected layer [3]. 

2.3 Recurrent Neural Networks 

Another important type of ANN is the Recurrent Neural Network (RNN), where relations among nodes are set up as a directed or 

undirected graph through a transitory sequence. This allows it to show transitory changing behavior. Arise from FNNs, RNNs can 

make use of their memory to compute the continuance of inputs of variable dimensions [17], [18]. This builds the RNNs accessible 

to unsegmented problems such as speech recognition [19], and hand-writing recognition [20]. Besides CNNs, data used by the RNNs 

are sequential, which carries beneficial pieces of information. For example, to decide the meaningful specific word in a sentence, it is 

essential to acknowledge its context.  

 However, in deep learning the problems of the gradient exploding [21] and vanishing [22], can be handled by using Long 

Short-Term Memory (LSTM) [23]. LSTM is commonly added by recurrent gates known as “forget gates”. These problems are 

explained by the aspect of the gradient, that is the slope of loss function onward the error curve, and LSTM avoids backpropagated 

errors from these problems. “Input-to-Hidden”, Hidden-to-output” and “Hidden-to-Hidden” are the three distinct types of deep RNN 

approaches [24]. 

III APPLICATIONS OF DEEP LEARNING 

Deep Learning is a group of appealing new automation for neural networks. Deep learning allows a neural network to learn 

hierarchies of information in a way like the human brain’s function. We never imagined that deep learning applications bring us self-

driving cars and virtual assistants like Alexa, Siri, and Google assistant a few years back. Some of the deep learning applications that 

are changing the world around us very quickly are mentioned below. 

http://www.jetir.org/


© 2022 JETIR July 2022, Volume 9, Issue 7                                                                               www.jetir.org (ISSN-2349-5162) 

JETIR2207340 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org d331 
 

 

Fig. 3. Examples of deep learning applications 

3.1 Computer Vision  

Computer Vision (CV) is an area of deep learning devoted to describing and grasping images and videos. CV models are composed 

to interpret the visual data derived from features and interpretative data detected throughout training. This implements models to 

simplify videos and images and put those simplifications to predictive or judgment tasks. CV is a subset of Artificial Intelligence that 

enables systems to interpret information by having to get through variations such as different poses or facial landmarks. The seminal 

work of Viola and Jones [25] made it possible to rapidly catch upright faces in rreal timewith very low computational complexity. 

Farfade et al. [26] proposed a deep CNN-based method Deep Dense Face Detector (DDFD) with minimal complexity. 

3.1.1 Human-Pose Estimation  

Human pose estimation is an attractive research topic in computer vision for its extensive perspective in many applications, 

such as video games, gesture control, action understanding, and pose retrieval. The main objective of pose estimation is to evaluate 

the respective position of a particular target concerning the camera. Deep learning architectures were presented for non-trap field moth 

selection images [27]. Li et al. [28] presented a heterogeneous multi-task framework for human pose estimation. In this, regression 

and detection tasks were trained simultaneously for converged local minima. 

3.1.2 Action Recognition  

There is a growing concern for video human activity recognition, with CNN features in interactive media understanding. To 

build up the achievement of action recognition, some latest efforts have been suggested to learn video specifications for video action 

recognition and upcoming outcomes were obtained [29], [30], [31], and [32].  Recently, Wang et al. [33] proposed a digital image and 

react to it with actions or recommendations.  

3.1.2.1 Face Recognition 

 Face Recognition is one of the difficult and active research areas in CV. A diversity of face-recognition techniques established on the 

removal of manually crafted features have been proposed [34], [35], [36]. The face-recognition area is modified by CNNs because of 

their feature extracting and transformation constant properties. This [37] was the first work that apply CNNs for Face recognition.  

Convolutional DBN accomplished a big achievement in face validation in [38].  

3.2  Medical Image Analysis 

With fast evolutions of Artificial Intelligence (AI) automation, the work on deep learning to medical imaging data has turned 

into a big swing in the medical industry [39]. Making the use of state-of-art DL algorithms for medical image analysis, clinical 

detection, and decision-taking has developed into an effective research area in the region of both industry and academia [40], [41]. 

Medical image analysis includes the following applications. 
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3.2.1 Localization Detection  

The major objective of detection is to analyze a specific region of interest in an image and drag an adjoining box throughout 

it. Therefore, localization is one more term designed for the detection task. Detection also termed as Computer-Aided Detection 

(CAD), is used for identifying the earliest symbols of irregularity in patients. By using the MRI images of the OASIS data set [42], 

Islam and Zhang et al. [43] applied a CNN for the detection of Alzheimer’s Disease (AD). To classify) the AD in four classes, authors 

assembled Inception-v4 [44] and ResNet [45] as baseline networks. Chiang et al. [46] advanced a CAD approach established on a 

3DCNN for the detection of breast cancer operating imaging modality of Automated whole Breast Ultrasound (ABUS).  

3.2.2 Segmentation  

Deep learning in medical image analysis, is being broadly cast for image segmentation along distinct modalities like Magnetic 

resonance imaging (MRI), Computed Tomography (CT), Ultrasound, X-ray, etc. Segmentation is the procedure of dividing an image 

into distinct significant segments across automated or semi-automated marking off the image’s borders. Dey and Hong [47] employed 

an interrelated segmentation network, called CompNet, for brain stripping for pathological and normal brain images of MRI scans. 

Zhao et al. [48] suggested a deep learning approach for the segmentation of brain tumors by merging Fully Convolutional Networks 

(FCNs) and Conditional Random Fields (CRFs) in a merged framework to attain segmentation along aspect and dimensional stability.  

Zhang and Chung [49] employed a deep neural network for the segmentation of retinal blood images of the eye by utilizing the U-Net 

architecture [50] along with residual links. 

3.2.3 Registration  

In medical image analysis, image registration is a usual assignment that authorizes the dimensional arrangement of images 

to the usual architectural area [51]. It focuses on lining up a source image along with an objective image by conversion. Sheikh et al. 

[52] performed deformable image registration by using deep FCN to achieve dimensional conversions. Similarly, Hou et al. [53] 

employed an information-based image registration approach using CNNs.    

3.2.4 Classification 

Classification in medical imaging goes well with the basic job Computer-Aided diagnosis (CAD). Therefore, recently 

numerous researchers have approved the utilization of deep learning approaches for classification in medical imaging. Li et al. [54] 

trained deep CNN to identify Autism Spectrum Disorder (ASD) by using functional MRI. Courture et al. [55] characterized a CNN 

applying quantile function to get classification based on breast tumor histology. Concerning the field of the eye, Pratt et al [56] 

employed a CNN for identifying and classifying the seriousness of Diabetic Retinopathy (DR) in color anatomy images.   

3.3 Natural Language Processing (NLP) 

Any computer can be easily utilized the NLP to change the language into an appearance. Even though; Recurrent Neural Networks 

(RNNs) are very acceptable for NLP applications, nevertheless, CNNs can also be applied in NLP-established applications like 

sentiment analysis [57], speech recognition [58], etc. Afterward the extension of CNN as the latest demonstrating learning algorithm, 

a big turn has taken in language modeling or sentence modeling. For semantic modeling of sentences, Kalchbrenner et al. [59] 

presented a dynamic CNN with dynamic k-max pooling. This technique handles input sentences of varying lengths and is easily 

applicable to any language without taking any external source like a parser. Kim et al. [60] employ CNN to acquire knowledge of 

sentiment-based sentence mechanisms. Moreover, this work [61] has advanced a novel CNN framework for visible sentiment analysis 

to conclude sentiments of visible constituents.  

3.4 Fraud Detection 

Meanwhile, with the establishment of credit cards and the payments by the internet, abounding defrauders have set up various paths 

to abuse people and creep the information of their credit cards to operate them for illegal purposes. This generates a vast number of 

crooked investments day by day. The websites of banks and e-Commerce are efforting to determine these unauthorized transactions 

and halt them from proceeding repeatedly. The deep learning approaches are trying to halt the defrauders before the transaction is 

accepted. Chouiekha and EI Haj [62] used CNN for fraud detection by creating a database of 300 customers’ actions with 1800 

artificial images throughout 60 days. The work in [63] correlates Bayesian Belief Network (BBN) upon Artificial Neural network 

(ANNs), which found that BBN useless training time and discovers better fraud cases. 

3.5 Agriculture  

Agriculture does not alone produce an income for the people, moreover devotes much towards national earnings and development. 

The products of agriculture when prepared and transported, come up with a very beneficial source of the rate of currency exchange. 

Advance agriculture is essential to overcome the confronts of crop production like crop diseases, food security, feasibility, and 

environmental effect. Presently, the latest approaches of deep learning algorithms make consequences for upcoming uses by examining 

images from regions of interest to authorize smart agriculture. Deep learning algorithms can perform several applications in 

agriculture, such as fruit detection [64] [65], leaf classification [66] [67] [68], weed detection [69] [70], plant disease identifier [71], 

etc. 

3.6 Self-driving Cars 

In science and technology, the hottest research topic is Self-driving cars, which have a strong effect on social and commercial progress. 

In the last few years, deep learning-based methods increased more frequently in the area of self-driving cars and have attained 

outstanding outcomes. The market needs and commercial values of self-driving cars are progressively prominent [72]. Present-day, 
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more and more endeavors research organizations have financed in this area. Google, Apple, Tesla, Ford, Honda, BMW, Toyota, 

Nvidia, etc. have contributed to the research and advancement of self-driving cars [73]. Various work has been done on the main 

challenges that must be required in self-driving cars such as obstacle detection [74] [75], lane recognition [76] [77], scene recognition 

[78] [79], etc. 

3.7 Other Applications 

Speech-enabled virtual assistants [80] suggest a wide variability of network-oriented services and join to smart environments, 

therefore, enhancing them with novel and adequate user interfaces. Speech disorders, autism, and developmental disorders can 

decline a good quality of life for children suffering from any of these problems. A primary diagnosis and treatment can have a 

great effect on the physical, mental, and emotional health of differently-abled children. Hence, one of the righteous applications 

of deep learning is in the initial detection and course correction of these problems related to infants and children [81]. Another 

latest application is the colorization of images which is the process of taking grayscale images (as input) and then producin g 

colorized images (as output) that represent the semantic colors and tones of the input [82]. 

IV CHALLENGES OF DEEP LEARNING WITH STATE-OF-ART SOLUTIONS 

Deep learning is hard to authenticate because they are normally like a black box and thus may lack analysis and classificatio ns. 

Some of the challenges with their specific possible solutions are listed below.  

4.1 Limited Annotated Data 

To achieve capability, deep learning requires a large amount of annotated data for training tasks . Assembling such a 

massive dataset is often a very hard task and performing the annotation on novel images will also be very annoying and 

expensive. Szegedy et al. [83] demonstrated that there could be an increase in misclassification error while training CNN on noisy 

image data. For overcoming this problem, the widely used approaches are discussed below. 

4.1.1 Data Augmentation 

The most often acquired method to increase the size of the training dataset is data augmentation. Data augmentation integrates 

an assemblage of methods that enhance the attributes and size of training datasets. Therefore, DL networks can achieve better when 

data augmentation approaches are applied. These approaches are data-space keys for any limited data listed below. 

Flipping. The image is flipped horizontally and vertically. Flipping rearranges the pixels while protecting the features of the image. 

Vertical flipping is not meant for some photos, but it can be useful in cosmology or for microscopic photos [84]. 

Rotation. The image is rotated by a degree between 0 and 360 degrees. Every rotated image will be unique in the model [84]. 

Cropping. Cropping a foremost patch of every single image is a practice employed with united dimensions of height and width as a 

definite processing phase for image data. Moreover, random cropping may be applied to build out an effect similar to translations. 

The distinction between random cropping and translation is that translations preserve the structural dimensions of the image, although 

random cropping minimizes the input size. 

Color space.  The color of the image is changed by new pixel values i.e., splitting a channel of a particular color, such as Red, Green, 

or Blue [85]. 

Noise Addition. This technique involves adding a matrix of random values. Adding noise inside the images allows the deep learning 

networks to learn supplementary robust features [86]. 

4.1.2 Transfer Learning 

When we face a new problem or task, we always try to apply the knowledge gained from our past experiences and this is the 

basis of transfer learning. Nowadays, the research has disclosed the extensive use of deep learning models such as CNNs, which 

provide innovative results for classification problems for large annotated data. The main challenge related to such deep models 

considerate the shortage of annotated data. Therefore, the Transfer Learning technique is used to solve the undersized data problem 

[87]. Transfer Learning is defined as the ability of a system to perceive and engage the knowledge learned in a previous source domain 

in a novel task [88]. Hence the use of pre-trained models helps in dealing with smaller data is transfer learning, which can be 

implemented from trained models in the same area even in other areas. 

4.1.3 Patch-Wise Training 

In this strategy, the image is demolished into multiple patches which can be either overlapping or random patches. Random 

patching may result in higher variance among the patches and better convergence, especially in 3 Dimensional cases where N random 

view of Volume of Interest (VoI) is taken as the training samples [89]. Yet, random patching has a class imbalance issue and lower 

accuracy as compared to overlapping patches. 

4.2 Class Imbalance 

One problem that occurs much more commonly in image processing is that the anatomy of interest only occupies a very 

small portion of the image. Therefore, most of the taken-out patches are related to the background area, although these small deviations 

are of higher significance. Training a network with such data often leads to the trained data being biased and got trapped in local 

minima [90], [91]. 
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4.2.1 Sample Re-weighting 

A popular solution for this issue is sample re-weighting, where a higher weight is applied to the selected random area, during 

training [92]. Instinctive adjustment of sample re-weighting has been established by applying the Dice loss layer and dice coefficient 

[50] [93].   

4.2.2 Sampled Loss 

Another approach to deal with this issue is sampled loss in which the loss is calculated by some random pixels rather than 

the entire image [94].  

4.3 Overfitting 

Overfitting happens when a model fits too well into the training set. It then becomes difficult for the model to generalize to 

new examples that were not in the training set [95]. Generally, the main reason for overfitting is the small size of the training dataset. 

Therefore, the solutions for “Limited Annotated Data” may help to solve the overfitting problem as well. Other techniques to handle 

overfitting are mentioned below: 

4.3.1 Dropout 

Dropouts are another recent but fast-adapting technique to tackle overfitting. It is a process of randomly dropping the 

activations from the last layer of every level, before passing the activation function to the next layer. It was proven to reduce overfitting 

and help the model to generalize better and faster [96]. 

4.3.2 Weight decay 

Although weight decay is similar to dropouts, they are different in implementation. The primary constructs of neural networks 

are weights and biases between different neurons. Weight decay engages selective weights that reduce while moving towards the 

output layers. As the weight decays, overfitting reduces enabling generalization. 

4.3.3 Early Stopping 

Early stopping prevents overfitting by preventing the model training for the entire set whenever validation loss rises, which 

is a clear indication of overfitting. Although it is a small tweak, it helps a lot while training with large datasets. 

4.3.4 L1/L2 Regularization 

L1 is a Lasso Regression, whereas L2 is a Ridge regression. These techniques introduce a penalty system within the model 

to help keep features in check. These are very helpful in training large models with a huge number of features. 

4.4 Training Time 

The core topic of many studies is reducing the training time and having faster convergence. Earlier, the solutions for this 

issue are to apply pooling layers which can reduce the dimensionality of the parameters [97]. Recent pooling-based solutions use 

convolution with stride [98] which has the same effect but lightens the network. Another approach to improve the network convergence 

is Batch-Normalization [99], [100]; refers to centering the pixel values around 0 by subtracting them by the mean image [101]. 

4.5 Gradient Vanishing / Exploding 

Deep networks are excruciating with the problem of completely vanishing gradient [102] [103]. In other words, the network 

is unable to propagate useful gradient information from the output end of the model back to the layers near the input end of the model. 

More specifically, as the backpropagation algorithm establishes downwards (or backward) from the output layer towards the input 

layer, the gradients often get smaller and smaller and approach zero, leaving the weights of the initial or lower layers nearly unchanged. 

As a result, the gradient descent never converges to the optimum. Opposite to the vanishing problem, the gradient keeps on getting 

larger and larger as the backpropagation algorithm progresses. This causes very large weight updates and causes the gradient descent 

to diverge [104]. This is known as exploding gradient problem. There are many solutions to deal with these problems, some of them 

are mentioned below. 

4.5.1 Proper Weight Initialization 

Glorot et al. [105] proposed a way to remarkably alleviate these problems. They argue that for the proper flow of signal the 

variance of outputs of each layer should be equal to the variance of its inputs and the gradient should have equal variance before and 

after flowing through a layer in the reverse direction. 

4.5.2 Using Non-saturating Activation Functions 

The nature of the sigmoid activation function of saturating larger inputs came out to be the major reason behind the vanishing 

of gradient and making it non-recommendable to use in the hidden layers of the network. So, to tackle the issue regarding the saturation 

of activation functions like sigmoid and tanh, some other non-saturating functions like ReLu and its alternative such as LReLU, 

PReLU, ELU and SELU can be used [10] [13] [14]. 

4.5.3 Batch Normalization 

Ioffe et al. [101] proposed a technique known as batch normalization to label the problem of vanishing / exploding gradients. 

It comprises affixing an operation before and after the activation function of each hidden layer. This operation lets the model learn 

each input layer's optimal scale and mean. 
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4.5.4 Gradient Clipping 

Another popular technique to alleviate the exploding gradient problem is gradient clipping which clips the gradient during 

backpropagation so that they never surpass some threshold (hyperparameter which can be tuned). This optimizer will clip every 

component of the gradient vector to a value between -1.0 and 1.0.  

V CONCLUSION AND FUTURE DIRECTIONS 

In image processing and computer vision tasks, CNN has made extraordinary development. A lot of efforts have been 

achieved to upgrade the performance of CNN on such tasks. The improvement in CNNs can be classified into many strategies such 

as activation, optimization, regularization, loss functions, learning algorithms, and modernization in architectures. The architectural 

design of CNN is a hopeful research field in the future. Ensemble learning by the combo of numerous and disparate architectures is 

one of the research regions in CNN [108], [109]. The making use of generative learning potentialities of CNNs at feature abstraction 

phases can raise the illustrative capability of the model. Also, up-to-date standards are desired for enhancing the learning ability of 

CNN by consolidating explanatory feature maps that can be grasped using additional learners in between the phases of CNN [110].  

It is anticipated that cloud-based objectives will play a vital role in the future progress of analytical DL applications. Applying 

cloud computing provides a solution to keeping the huge amount of data. It also supports raising efficiency and diminishing costs. 

Furthermore, it provides the adaptability to train DL architectures. Concerning the issue of shortage of training data, it is anticipated 

that several methods of transfer learning will be observed such as training the DL model on huge unlabeled image datasets and then 

transferring the information to train the DL model on a small number of labeled images for the similar task. Increasing the learning 

capability of deep CNNs is however a critical burden on memory utilization and computational sources. As a result, we still need 

many advancements in hardware mechanization that can speed up research in deep CNNs. Now, it is also a time to turn research in 

the direction of hardware-oriented estimations models.    

In the end, this survey provides a starting point for the association of DL being involved in the field of DL. Moreover, 

researchers would be authorized to conclude the more suitable direction of work to be taken in order to provide more accurate 

alternatives to the field. 
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