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Abstract:

There are a lot of images on the internet, and the number is always increasing day by day. The amount of data that
needs to be stored, examined, and analysed has significantly increased because of Al producing more images than
photographers have taken in the previous many decades. Because of their increased quantity and quality, processing
these high-resolution photographs have become more time- and resource-intensive. In this paper we have explored
deep learning techniques for digital image processing.

1. Introduction:

One of the main areas of artificial intelligence is deep learning. Studying adaptable computer algorithms with learning
capabilities is the goal of deep learning [1]. The learning that takes place is always founded on a certain type of
experience based on instructions or known input data.

Deep Learning can specifically increase the calibre and speed of research in the field of medical image analysis. The
two primary goals of image processing are image analysis and image enhancement. Works demonstrating a variety of
applications where the need for enhancement is evident are projected in the literature among image enhancing
approaches.

To gain a deeper comprehension of the photographs, it is also beneficial to analyse them. In this process, methods such
as clustering and classification are mostly taken into consideration. With the technology developed, a wide range of
image processing applications emerged, from standard image processing to medical image analysis. Given that the
number of medical cases is rising in proportion to the population, a thorough analysis of the photos is necessary to
gain a better knowledge of the diseases. Many medical images segmentation techniques, including edge-based
improvements, shape-based enhancements, region-based descriptors, texture-based techniques, and colour-based
techniques, have been developed based on various methodologies to accomplish this goal [2-7].

The methods are regarded as degenerative models; in addition to these, other models highlighted in the literature are
feature-based, depth-based, and model-based approaches. However, since the analysis in this process is predicated on
parameter estimates and the entire analysis is predicated on these parameters, it is expected that model-based
techniques or generative approaches are thought to be more effective.

In addition to these methods, deep learning techniques emerged with the most recent developments in machine
learning. These methods believe to be more promising, especially when it comes to examining medical images. This
paper presents the several image processing domains where deep learning methods are more appropriate through a
thorough investigation [8-11]. An overview digital image processing is given in Section 2 of the paper. The description
of Deep leaning is given in Section 3. The applications of CNN in deep learning algorithms into content based digital
image retrievals are presented in Section 4. The use of deep learning approaches for image processing has been
explored in Section 5. The article is summarized in the Section 6.

2. Digital Image Processing:

Digital image processing is the collection of methods used to alter a digital image to enhance it, make it smaller, or
extract information from it. Four categories of image processing can be: Image synthesis, image analysis, image
coding with data compression, and restoration and enhancement. Examples of images that are present in our
environment includes: Photographic photos of nature, Engineering and artistic drawings and Scientific photos
(medical, satellite, etc.).
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A digital image is made up of a limited number of components, each of which has a specific location and value. These
components are referred to as pels, pixels, picture elements, or image elements. The most common term for the
components of a digital image is "pixel." [12]

A two-dimensional function that depicts a measurement of a feature, like the colour or brightness of a picture being
observed, is called an image. A 3D scene projected onto a 2D projection plane is called an image. The amplitude off at
any pair of coordinates is known as the intensity of the image at that location. An image can be described as a two-
dimensional function f (x, y), where x and y are spatial (plane) coordinates.

The term grey level is used often to refer to the intensity of monochrome images. Colour images are formed by a
combination of individual 2-D images. For example: In RGB colour system, a colour image consists of three (Red,
Green and Blue) individual component images [12].

2.1 Digital image processing applications:

Applications for digital image processing are numerous and include:

. Remote sensing

. Business applications for image transmission and storage

. Processing medical data Radio Detection and Ranging (RADAR) and Sound Navigation and Ranging
(SONAR)

. Acoustic image processing (underwater acoustics or hydro acoustics is the study of underwater sound.)

. Automated industrial part inspection and robotics. Earth resource tracking, geographic mapping, crop

prediction, urban growth and weather monitoring, and flood and fire control are all aided by satellite imagery.

Applications for space images include:

. Identifying and analysing items in pictures taken by deep space probes.
. Applications for image transmission and storage take place in broadcast television.
. Conference calls Facsimile image transmission for office automation (printed papers and visuals).

Interaction via computer networks,
. Security monitoring systems based on closed-circuit television and in communications within the military.

Applications in medicine:

. Chest X-ray processing.

. Cine angiograms.

. Trans axial tomography projection pictures.

. Nuclear Magnetic Resonance (NMR) medical imaging; and
. Ultrasonic scanning

3. Deep Learning:

Deep Learning (DL) techniques have been evolving in unison with this complex enhancement in the image collection.
A fundamental concept in many fields, such as computer science, engineering, and medicine, is image processing.
Algorithms used in deep learning techniques learn from experience, or what is referred to as input data. Neural
networks are the focus of the machine learning subfield known as "deep learning." The purpose of this study is to
investigate the latest advancements in Deep Learning techniques, including their applications in image processing
[13]. It also offers details and perspectives on the most recent developments in the field as well as the challenges and
limitations that come with using Deep Learning to process photos. The most recent advancements are also discussed in
this paper [14].
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3.1 Deep Learning architecture:

DL architecture can be divided into supervised DL and unsupervised DL:
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Fig — 1: Breakdown of Deep Learning architecture [16]

Supervised Deep learning models are:

. Recurrent Neural Networks (RNNs),

. Long Short-Term Memory (LSTM),

. Gated Recurrent Unit (GRU),

. Convolutional Neural Networks (CNNs),
. Generative Adversarial Network (GAN).

Unsupervised deep learning models are:

. Deep Belief Networks (DBN),

. Deep Transfer Network (DTN),

. Tensor Deep Stack Networks (TDSN),
. Autoencoders (AE).

4. Convolutional neural networks:

A paradigm for information processing, Artificial Neural Networks (ANNs) are primarily influenced by biological
nervous systems. It is made up of numerous processing units known as neurons that cooperate to solve a particular
assignment. Like a biological system, the learning process in an ANN entail modifying the connections between the
processing units. A subfield of convolutional neural networks that is better suited for evaluating visual pictures is deep
learning methodology. Convolutional Neural Networks are a component of machine learning techniques that deal with
knowledge representation [15]. By splitting the photos into layers, these deep learning techniques aid in a better
understanding of the parameters by allowing each layer to be examined and more precisely evaluated in contrast to the
traditional analysis process. When the deep learning approach is applied, several layers are created, including input,
output, vertical, and horizontal layers. The product of the horizontal vertical and the number of channels in use can be
used to determine the number of hidden layers.
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4.1 Convolution Layer:

It is possible to think of the image’s passage through the Convolutional Layer as a feature extraction process. Before
delving into the Convolutional Layer, let’s examine how computer vision and human eyesight differ from one another
[17]. For example, brightness, size, and contour help to visually a grayscale image of an ‘a’. This ‘a’ image is a matrix
of solely integer in computer vision, as seen in Fig - 2.
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Fig - 2: Images in human vision (left) and computer vision (right) [20]

A computer must extract the image's features from this matrix to learn it. One such procedure is picture convolution.
As an example, we select a 3x3 matrix known as a filter (or convolution kernel) that moves with a step size of 1 across
a 5x5 image.
Every time the filter slides, its values are multiplied by the image's value, and the total of these multiplications is
calculated. An element of the feature matrix is the resultant value. The image's feature matrix can ultimately be
obtained after traversing the complete image.
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Fig - 3: Convolutional layer [23]
4.2 Pooling Layer:

A pooling layer is frequently inserted in between convolution layers in convolutional neural networks. Both the size of
the parameter matrix and the number of parameters in the final fully linked layer can be efficiently decreased by the
pooling layer. The computation can be sped up and over-fitting avoided by using the pooling layer. A pooling layer
must be added between the convolution layers in image recognition when the trained image is too big. This lowers the
number of training parameters. The image's depth doesn't change because pooling is done in all depth dimensions.
Max pooling is the most widely used pooling form. Maximum pooling size 2x2 pixels make up a typical filter. Stride,
measured in pixels, is the separation between each extracted tile [18]. It differs from convolutional ones in that the
convolution filters slide pixel by pixel throughout the feature map, however in max pooling, step establishes the points

© 2026, IJSREM | https://ijsrem.com | Page 4



https://ijsrem.com/

f.’ \z*‘

‘JIJSREM

s-~efZ International Journal of Scientific Research in Engineering and Management (I[JSREM)
a Volume: 10 Issue: 07 | Jul - 2026 SJIF Rating: 8.659 ISSN: 2582-3930

of origin for every tile. For a 2x2 filter size, a phase of 2 is specified, meaning that all non-overlapping 2x2 tiles are
extracted from the function map by the max pooling operation.

6 5 2 4 | Maxpoolwith2x2 g 7

filters and stride 2
—_— —

2 4 3 1 4 3

Fig - 4: Pooling Layer[16]
4.3 Fully Connected Layer:

The fully connected layer, the last component of a convolutional neural network, is frequently employed in
classification tasks. It transfers the outputs of formal layers into the classification task's goals. Assume that we have
five outputs from the formal convolution and pooling layers, which we will map into three categories. The three
categories are the targets for the classification task, and the outputs of the fully connected layer are the five outputs,
which are known to be the key features that can help us determine which input image belongs to which category.
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Fig - 5: Fully Connected Layer [22]
5. Digital Image Processing using Deep Learning techniques:

Image processing deals with a lot of complex concepts. There are two main application areas to think about:
processing images datasets for transmission, storage, and analysis for machine interpretation, and improving and
developing pictorial data for human comprehension and interpretation. Computational machines can examine
additional electromagnetic spectrum ranges, such as radio waves, gamma waves, and x-rays, while humans can only
observe one of the five senses, vision, which is limited to a specific range [19]. This holds greater significance and
importance in the domains of astronomy and medicine. Consequently, the significance of image processing and related
methods increases.

5.1 Data Acquisition and Preparation:

To apply deep learning techniques effectively, the first step is to collect an appropriate dataset, which typically begins
with image collection. The size and quality of the dataset play a crucial role in determining the model's performance.
Corrupt files, duplicate entries, and irrelevant data can negatively impact the training process [20]. Hence, the dataset
must be cleaned before use. This process is referred to as data cleaning. For tasks such as object detection, image
segmentation, and corruption analysis, data annotation is essential. To enable supervised learning, it is important to
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label the objects accurately and consistently, ensuring that the model can learn meaningful patterns and generalize well
to new data. After this, data pre-processing is done to give input to the neural network [21]. For this, techniques like
Resize, Normalization, Data Augmentation are used. This technique helps in increasing the size of the data set and
model generation from the artificial rope.

5.2 Choosing the Right Architecture:

The design of a neural network dictates the quality of fitting it may have on assimilating spatial, temporal, or
generative characteristics of image data. Some of the deep learning architectures commonly used according to their
applicability to various image processing tasks are below:

. Convolutional Neural Networks (CNNs): CNNs became the backbone of current image processing, and this
kind of neural network is successful in image classification, object tracking and semantic segmentation tasks. They are
made to extract spatial hierarchies of images with localized filters [22].

. Recurrent Neural Networks (RNNs) and Transformers: The tasks that need to work with time or sequence-
based data are perfect to be performed with these architectures, including analysing video frames or captioning an
image. They make context-sensitive use of image sequences possible when used along with CNNs.

. Generative Adversarial Networks (GANs): Generative Adversarial Networks (GANs) comprise the
generator and discriminator which are trained adversarially. They excel especially when it involves creation or
modifying pictures.

o Autoencoders: They are unsupervised models aimed at learning compact representations, thus referring to the
input data. They can be applied in dealing with roles such as noise reduction, dimensionality reduction, and anomaly
detection.

5.3 Customization and Layer Design:

Convolutional Neural Network (CNN) based models are usually built up of different types of layers such as
Convolutional Layers, Pooling Layers, Fully Connected Layers, and Normalization and Regularization Layers. When
developing a custom architecture design, it is very important to maintain a balance between the depth of the model, the
total number of parameters, and its computational efficiency [20]. The purpose of this balance is to keep the
performance of the model optimal, so that neither the problem of overfitting arises, nor the performance degrades due
to underfitting. Appropriate layer combination and hyperparameter selection help in improving the generalization
ability of the model [24].

5.4 Training the Model:

The process of training the Deep Learning model involves several important steps. The first step is to define the loss
function, which quantifies the error between the prediction of the model and the ground truth label. The loss function
controls the learning direction of the model, and its selection has a direct impact on the efficiency of training [25].
Then, the appropriate optimizer is selected, which updates the weights of the model sequentially such that the value of
the loss function becomes minimum.

During the training process, input data is fed to the model in batches, and the model’s weights are updated based on
the gradients computed from the loss. Throughout this process, the model's performance is monitored on both the
training and validation datasets to identify and address issues such as overfitting and underfitting. Additionally, the
early stopping technique is employed, wherein the training is halted at the optimal point where the model's
generalization ability is at its peak. This prevents the model from overtraining and helps maintain its performance on
unseen data.

5.5 Model Evaluation:

After the training process, the performance of the model is evaluated on the Test Dataset, which contains data that the
model would never have seen during training. Its objective is to impurely assess the generalization ability of the
model. This evaluation is made through various evaluation metrics, which provide information about various aspects
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of the model performance [26]. For example, specific metrics for tasks like Image Classification, Object Detection,
and Image Segmentation are used such as Accuracy, Precision, Recall, F1-SCORE, Interstation Over Union (I0OU) etc.

The results obtained after the evaluation are analysed, so that the strengths and weaknesses of the model can be
understood. This analysis provides guidance towards the improvement and adaptation of models in future.

5.6 Deployment and Inference:

Deploying the model means making the trained Deep Learning model available for real-world applications. For this,
mediums like Cloud Server, Edge Device, or Mobile Platform can be used. The selection of the appropriate platform
depends on the requirements of the application and the available resources [27]. After the model is deployed, it
processes new and previously unrecognized image inputs to make predictions. This stage is called the Inference stage.
During inference the model performs the same function for which it was trained.

5.7 Monitoring and Maintenance:

Post-deployment monitoring and maintenance of the model are essential processes that ensure that the model
continues to function effectively and reliably. The purpose of monitoring is to monitor the accuracy, reliability and
response time of the model, especially when the model is processing a new image [28]. Additionally, the model may
need to be retrained or fine-tuned from time to time, especially when the data distribution used in the real-world
changes. This process helps in maintaining the generalizability of the model so that it can make accurate predictions
even in unexpected or unseen scenarios [29].

6. Conclusion:

Deep Learning models are more appropriate for image processing jobs because they utilize neural networks, which are
significantly more accurate and reliable. Furthermore, we observed that machine learning algorithms perform far better
on data-driven sets than on big, complicated datasets. We also explored the several stages involved in deep learning
techniques for image processing. By examining specific phases and layers, we discovered why DL is far more accurate
in nature. We may discover more resources and opportunities to learn more about the topic as time goes on because
the field is always evolving.
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