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Abstract

Deep learning, driven by big data and graphic processing units, has garnered significant
attention across various domains. The flexibility of network architectures, combined with
their diverse components, has allowed deep learning techniques to be applied across a
wide range of domains, expanding from low- and high-level computer vision tasks to
encompass video processing, natural language processing (NLP), and 3D data processing.
However, there has been relatively little effort to systematically summarise these works
from principles to applications in terms of deep learning fundamentals. The present study
aims to address this gap in the literature by presenting components of deep networks for
image applications, and describing several classical deep networks for image applications.
The study then introduces principles, relations, ranges, and applications of deep networks
across an expanded scope, covering low-level vision tasks, high-level vision tasks, video
processing, NLP, and 3D data processing. The study then compares the performance of
different networks across these diverse tasks. Finally, it summarises potential focuses and
challenges of deep learning research for these applications with concluding remarks.

Keywords Deep learning - Vision tasks - Natural language processing - 3D
convolutional neural networks - Artificial intelligence

1 Introduction

Deep learning has achieved remarkable progress in recent years, demonstrating significant
potential across a wide range of applications. Its core strength lies in the ability to auto-
matically learn complex features from data, providing efficient solutions for various tasks.
Deep learning for image application has been extensively utilized in fields such as aeronau-
tics and space, biomedical engineering, communication engineering, industrial automation,
military and public security, robotics, and e-commerce, making it a focal point of research
for many scholars. Deep learning has diverse applications across multiple domains, includ-
ing image segmentation, classification, object detection, and restoration, as well as video
processing tasks like video tracking and action recognition, natural language processing
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tasks such as text generation and cross-modal integration, and 3D data processing tasks like
3D object recognition and reconstruction. Notably, deep-learning-based image denoising
has become a crucial area. In the past 20 years, its development exemplifies the progress of
deep-learning applications in the image domain. Buades et al. (2005) proposed a non-local
algorithm method to deal with image denoising. Lan et al. (2006) fused belief propagation
inference method and Markov Random Fields (MRFs) to address image denoising. Dabov
et al. (2007) presented to transform grouping similar two-dimensional image fragments
into three-dimensional data arrays to improve sparsity for image denoising. Although, these
selection and extraction methods have amazing performance for image denoising, most of
these traditional methods have two challenges as follows (Zhang et al. 2017). First, these
methods are non-convex, which need to manually set parameters. Second, these methods
refer a complex optimization problem for the test stage, which results in high computational
costs.

However, research have illustrated that deep learning technologies can reply to deeper
architectures to automatically learn and find more suitable image features rather than man-
ual setting parameters, which effectively addresses drawbacks of traditional methods above
(Krizhevsky et al. 2012). Big data and GPU are also essential for deep learning technolo-
gies to improve learning ability (Li et al. 2019). The learning ability of deep learning is
finished by a model (also referred to as a network) and that is made up of many layers, i.e.,
convolutional layer, pooling layer, batch normalization layer and full connection layer. That
is, deep learning technologies can convert input data (e.g., images, speech and video) into
outputs (e.g., object category, password unlocking and traffic information) by a deep model
(Litjens et al. 2017). Specifically, convolutional neural networks (CNNs) stand out as the
most typical and successful deep-learning networks when it comes to applications in the
realm of images (Lawrence et al. 1997). CNNs originated LeNet in 1998 and it was success-
fully used in hand-written digit recognition, which obtained excellent performance (LeCun
et al. 1989). Although, CNNs have obtained initial success for hand-written, they have not
been widely used in other real applications until arise of GPU and big data. In other words,
the real success of CNNs attributed to ImageNet Large Scale Visual Recognition Challenge
2012 (ILSVRC 2012), where a new CNN was proposed, named AlexNet and became world
champion in this ILSVRC 2012 (Krizhevsky et al. 2012).

In the years that followed, deeper neural networks gained significant popularity. These
networks have demonstrated remarkable efficacy in various image-related tasks (Simonyan
and Zisserman 2014). Simonyan and Zisserman (2014) increased the depth of neural net-
works to 16—19 weighted layers and convolution filter size of each layer is set to 3 x 3 to
improve performance for image recognition. Christian Szegedy et al. (2015) used sparsely
connected layers instead of fully connected layers to increase width and depth in neural
networks for image classification which is named Inception V1. Inception V1 effectively
prevented to overfitting from enlarged size (width) of network and reduced the computing
resource from increased depth of network. Ioffe (2015) used two 3 convolutions to take
place of a convolution with 5 in speech recognition, which reduced the number of param-
eters and established more nonlinear transformation to improve learning ability for extrac-
tion features. Besides, batch normalization (BN) was proposed in this network to address
internal covariate shift in image denoising which was called as to Inception V2. Inception
V3 based on Inception V2 was proposed by Szegedy et al. (2016), which decomposed a
two-dimension convolution into two one-dimension convolutions to deal with image clas-
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sification, i.e., a two-dimension convolution of 7 x 7 was divided into two one-dimensions
of 1 x 7and 7 x 1. Thus Inception V3 not only accelerate computing speed of network, but
also increased the depth of network to enhance the non-linearity of network. Despite deep
networks have obtained successfully applications for image classification (Sermanet et al.
2013), they can generate vanishing gradient when network depth, which makes network
hamper convergence. Also deeper neural networks get to converge, networks are saturated
and degrade quickly with increasing depth of networks. The appearance of residual network
effectively deals with problems above for image recognition (He et al. 2016). Additionally,
the idea of training two models jointly was proposed and named the Generative Adversarial
Network (GAN) for image-related applications (Goodfellow 2016). A GAN was trained
together. One model was named as to a generator, which was used to generate the same
distribution as the training data. Another model is regarded as a discriminator, which was
exploited to determine if the data was real data or counterfeit (Pan et al. 2017). GAN method
has a lot of applications for image single image super-resolution (Ledig et al. 2017), image
to image translation (Isola et al. 2017), image editing (Brock et al. 2016) and text to image
(Reed et al. 2016). Besides, there are other effective methods for image applications. For
instance, attention methods are good methods to deal with object recognition (Mnih et al.
2014) and image generation (Mansimov et al. 2015). The ResNet method has been tested
to be very effectively for image classification (Xie et al. 2017). Residual Dense Network
(RDN) is also effective tool for image super-resolution (Zhang et al. 2018). DiracNets
(Zagoruyko and Komodakis 2017), IndRNN (Li et al. 2018) and variational U-Net (Esser
et al. 2018) are also very good technologies for image applications.

In recent years, two potent deep-learning methods have been extensively applied to
images: Transformers (Vaswani 2017) and Diffusion Models (Nichol and Dhariwal 2021).
Transformer models, originally designed for natural language processing tasks, have been
adapted for images due to their ability to capture long-range dependencies in data. Unlike
traditional CNNs, which are limited by their local receptive fields, transformer models lever-
age self-attention mechanisms to capture global dependencies within images. This global
context awareness makes them particularly effective for image applications that require
understanding of the entire image structure. Vision Transformers (ViTs) (Dosovitskiy 2020)
and other transformer-based models (i.e., Shifted Window Transformer (Swin Transformer)
(Liu et al. 2021) and Convolutional Vision Transformer(CvT) (Wu et al. 2021)) have dem-
onstrated impressive results in various image applications, including image classification,
object detection and image inpainting. Beyond image applications, Transformers have also
revolutionized natural language processing and cross-modal tasks, while Diffusion Models
are increasingly applied to video generation and 3D reconstruction, demonstrating their
versatility across the expanded scope of deep learning applications. On the other hand, Dif-
fusion models, such as Denoising Diffusion Probabilistic Models (DDPM) (Ho et al. 2020),
were proposed to address the limitations of previous generative models in capturing com-
plex data distributions. These models simulate a gradual denoising process. The key advan-
tage of diffusion models lies in their stepwise denoising approach, which allows for finer
recovery of image details, significantly enhancing restoration quality (Croitoru et al. 2023).
This iterative process enables the model to learn and reverse the noise addition process,
resulting in high-quality image generation and restoration.

Although the above research reveals that deep-learning technologies have achieved
remarkable success in image-related applications, there is a lack of a comprehensive survey
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specifically focused on deep-learning technologies for handling images. In the context of
image-related tasks, i.e., image segmentation, image classification, object detection, image
restoration and action recognition have big difference, however, deep learning technologies
refer to properties of different tasks to propose wise solution methods, which are embedded
in multiple hidden layers with end-end connection to better deal with different applications.
Therefore, a survey is important and necessary to review the principles, performance, dif-
ference, merits, shortcomings and technical potential for image different tasks (e.g., image
segmentation, image classification, object detection, image restoration and action recog-
nition). Additionally, some basic plug-ins, i.e., convolutional layer, pooling layer, active
function, fully connected layer and BN layer in deep neural networks are illustrated in this
survey, which make readers know the implementations of neural networks. The implemen-
tation environment: software and hardware are revealed. The concepts behind typical deep-
learning techniques, along with the reasons for their success in image-related applications,
are presented. To better show the robustness of deep learning technologies, the performance
of deep learning for different image tasks are shown. Finally, we give challenges and trends
of deep learning technologies in the future are also offered in this survey. An outline of this
survey is shown in Fig. 1.

This overview covers more than 500 papers about deep learning for image application in
recent year. Differing from previous research, our research provides a comprehensive report
on classical techniques across multiple domains, including low- and high-level vision tasks,
video processing, natural language processing, and 3D data processing, rather than focusing
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Fig. 1 Outline of the survey. It consists of nine parts, including definitions of terms, overview of deep
learning methods, low-level tasks, high-level tasks, video processing, natural language processing, 3D
data processing, performance comparison, challenges and potential directions
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on a single application area, which is highly beneficial for starters, engineers, and scholars
in diverse research fields. Besides, we also analyze relations and differences of these tech-
niques to make scholars convenient do research of interdisciplinary individuals to facilitate
development of difference industry, i.e., traditional chemistry, medical, etc.

The main contributions in this paper can be summarized as follows.

o The overview illustrates the effects of deep learning methods for diverse applications,
including image processing, video analysis, natural language processing, and 3D data
processing.

e The overview offers an extensive review of deep learning applications across both low-
level and high-level vision tasks, as well as video, language, and 3D data processing.
It systematically examines various deep learning models and their effectiveness in im-
proving image quality for tasks such as denoising, super-resolution, and deblurring,
while also addressing video analysis, text processing, and 3D scene understanding. Ad-
ditionally, it explores the latest techniques in image classification, object detection, and
segmentation, offering a comprehensive perspective on how deep learning is advancing
diverse fields, from image and video processing to language understanding and 3D data
analysis.

e The overview points out some potential challenges and directions for deep learning
across diverse applications, including image processing, video analysis, natural lan-
guage processing, and 3D data processing.

The rest of this overview is organized as follows.

Section 2 explores the fundamental terminology related to deep neural networks, laying a
solid conceptual foundation. Section 3 provides an overview of various deep learning meth-
odologies, highlighting their core principles and functionalities. Section 4 then illustrates
the broad applications of deep learning in addressing low-level vision tasks, emphasizing its
effectiveness in enhancing image quality. In contrast, Sect. 5 focuses on high-level vision
tasks, detailing how deep learning facilitates a deeper understanding and interpretation of
image content. Section 6 explores deep learning’s role in video processing, addressing video
analysis and understanding, generation and editing, and enhancement and repair techniques
for dynamic visual data. Section 7 investigates deep learning applications in natural lan-
guage processing, focusing on text representation and structured analysis, text generation
and interactive applications, and cross-modal integration for advanced scenarios. Section 8
delves into deep learning for 3D data processing, covering 3D object recognition and clas-
sification, scene understanding and segmentation, and reconstruction and generation for
spatial data applications. Section 9 presents a rigorous performance analysis, comparing
and contrasting the effectiveness of various deep learning approaches. Section 10 explores
the untapped potential of deep learning in image applications, outlining promising research
directions and offering a visionary perspective on its future trajectory. Finally, Sect. 11 sum-
marizes the key findings and contributions of this paper, while last section presents a com-
prehensive list of references, underscoring the breadth and depth of the research conducted.
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2 Definitions of terms for deep networks

In this section, we show the general technical terms in the deep networks, explain ideas for
deep networks, which is significant to better know the implementations of deep networks.
Basic components of deep networks are provided as follows.

1. Convolutional layers are core components of CNNs. They apply filters (or kernels) to
local input regions (receptive fields) via convolution, producing initial feature maps.
This process typically involves convolving the input with filter weights, adding a bias,
and applying an activation function (LeCun et al. 1998) for nonlinearity. For example, a
convolutional layer with a Tanh activation can be expressed as z = a(W x i + b), where

i is the input, W is the filter weights, b is the bias, and a(z) = & 75— . And detailed

eT4e— T
information of mentioned activation functions can be shown in later.

2. Batch Normalization (BN) layers, typically applied after convolutional layers, address
the covariate shift problem by normalizing layer inputs to a standard distribution
(mean 0, variance 1), followed by a learnable scale and shift (Ioffe 2015). Covariate
shift occurs when the input distribution to a layer changes during training (e.g., after
i = W x 1 + b, where W is the filter weights and b is the bias), violating the indepen-
dent and identically distributed (IID) hypothesis question (Clauset 2011) that training
and test data share the same distribution. In deep networks, this shift pushes distribu-
tions toward the saturation regions of nonlinear activation functions, causing vanishing
gradients in lower layers and slowing convergence. BN mitigates this by maintain-
ing larger gradients and accelerating training. However, BN’s effectiveness depends
on batch size: small batches yield inaccurate mean and variance estimates, while large
batches strain GPU memory (Wu and He 2018). Alternatives like Group Normalization
(GN) (Wu and He 2018) and Layer Normalization (LN) (Ba et al. 2016) overcome these
limitations by normalizing across groups or layers, stabilizing training without batch
size dependency.

3. Ifaneural network includes a linear convolution and fully connection operation, where

this neural network only represents linear mapping. However, most data is nonlinear
in the real world, which makes neural network be hard to deal with nonlinear data. An
activation function is embedded into a neural network to improve nonlinear modeling
ability of neural network, which can effectively data of nonlinear distribution in real
applications. Ans it is after BN layer. Common activation functions include Sigmoid
(DasGupta and Schnitger 1992), Tanh (Jarrett et al. 2009) and ReLU (Nair and Hinton
2010).
Sigmoid, a nonlinear activation function, maps inputs to (0, 1) with the for-
mulaf(z) = H%’ where x is input and f{x) represents an output of an activation
function. However, it suffers from vanishing gradients for large or small inputs, slow-
ing convergence and complicating deep network training. Additionally, its non-zero-
centered output can hinder gradient descent efficiency.

Tanh, defined as a(z) = ‘;:jri;;, where x and a(x) represent input and output of this
activation function, is a nonlinear activation function with zero-centered outputs,
improving over Sigmoid. Yet, it still faces vanishing gradient issues for large inputs,

limiting its effectiveness in deep networks.
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ReLU is actually a piecewise function and its equation is shown in Eq. (1), where output
of f with input x stand for a standard model. This accelerates convergence and induces
sparsity in neurons, aiding feature extraction and reducing overfitting. More deforma-
tion of ReLU is also very popular for neural networks, which can be obtained at He
etal. (2015).

f@) =ReLU@) ={ § 520 M

4. Thepooling layer, typically applied after the convolutional and activation layers, reduces
the spatial dimensions of feature maps from a convolutional layer. This improves com-
putational efficiency and mitigates the risk of overfitting (Yu et al. 2012). It divides
the feature map into regions, representing each with a single value (e.g., maximum or
average) to decrease dimensionality and computational complexity. Common pooling
methods include general pooling (e.g., max and average pooling (Lee et al. 2016)),
overlapping pooling (Krizhevsky et al. 2012), and spatial pyramid pooling (SPP) (He
et al. 2015), which are detailed below.

General pooling methods extract features from non-overlapping regions of an image.
The window size (sizeX) equals the stride, ensuring that adjacent pooling windows do
not overlap. Common techniques include average pooling, which computes the mean of
aregion, and max pooling, which uses the maximum value of a region.

Overlapping pooling uses a window size larger than the stride (sizeX > stride),
allowing adjacent windows to overlap. This approach reduces overfitting and enhances
performance, lowering top-1 and top-5 error rates by 0.4 and 0.3%, respectively, on
ImageNet LSVRC-2012.

Fully connected layers in CNNs require fixed-size inputs, while convolutional opera-
tions can process variable-size images. In practice, input sizes vary, so SPP (He et al.
2015) addresses this by transforming convolutional features of arbitrary sizes into
fixed-length vectors for fully connected layers. This preserves important information,
avoiding losses from cropping or warping.

Advanced pooling techniques enhance CNN flexibility and performance. Adaptive fea-
ture pooling (Liu et al. 2018) dynamically adjusts output sizes, while global pooling
(e.g., global average pooling (Lin 2013)) summarizes feature maps for classification.
Methods like fractional (Graham 2014), mixed (Yu et al. 2014), and attention-based
pooling (Lee et al. 2019) improve detail retention and adaptability. For specialized
tasks, graph pooling (e.g., graph coarsening (Cai et al. 2021) and hierarchical pool-
ing (Zhang et al. 2019)) handles non-Euclidean data, wavelet pooling (Williams and
Li 2018) preserves structure, and anti-aliasing pooling (Zhang 2019) reduces artifacts.
These innovations boost generalization, efficiency, and adaptability across applications.

5. Fully connection(FC)layer is used after a pooling layer and it maps learned distributed
feature representation sample label space (Lin et al. 2013). However, parameters of
fully connected layer are redundant. Thus, popular ResNet and GoogLeNet use global
average pooling (GAP) (Szegedy et al. 2015) instead of FC to fuse learned features
and apply softmax loss function (Liu et al. 2016) as an objective function to guide the
learning processing. GAP can be also utilized to reduce the model size and address
overfitting.
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6. Loss Function is a function to compute difference of the predict value and obtained
real value to update parameters (Janocha and Czarnecki 2017). Loss function can be
adjusted by gradient descent method. That is, when difference above is less than speci-
fied value, parameters of model are considered to confirm. Common loss functions
include Euclidean (Wan et al. 2014), Cross Entropy (De Boer et al. 2005) and Mean
Square loss (Stewart et al. 2001) and Softmax (Liu et al. 2016). Different loss functions
have different applications. For instance, Euclidean is used for regression problem.
Softmax is exploited for only one label in class labels, i.e., face recognition and object
recognition. When the number of class labels is more than 1, Cross Entropy method is
effective for classification task. Mean Square is a good tool for image denoising and
resolution.

To provide a concise overview of the key components discussed, Table 1 summarizes the
definitions and roles of essential terms in deep networks, serving as a quick reference for
understanding their implementations.

3 Overview of deep learning methods
3.1 Neural network

Traditional neural networks form the foundation of most deep learning technologies
(Schalkoff 1997). They consist of neurons, weights W, biases b, and an activation function
fx), which introduces non-linearity to the linear combination of inputs X, as shown in Eq.

2):

FGW3b) = F(WEX +b) @

Sigmoid, Tanh and ReLU are typical activations functions for neural networks and they
have been shown in Sect. 2.

A multilayer perceptron (MLP) extends this to multiple layers (Gardner and Dorling
1998), as in Eq. (3):

FOXGWsb) = fWVR WL fWOX +09) . 0n ) ™) 3)
(Tiable 1 Deﬁlilitions of terms for Component Description
eep networks Convolutional layers Extracts high-level features,

generates feature maps

Batch normalization Normalizes inputs, speeds up
and stabilizes training

Activation functions Adds nonlinearity (e.g., Sigmoid,
Tanh, ReLU)

Pooling layers Reduces feature map size, lowers

computation (e.g., max, average)
Fully connected layers Maps features to outputs, used in
small or large models

Loss function Measures prediction error (e.g.,
cross-entropy, MSE)
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Here, W denotes weights at layer /, and # is the final layer. Layers between input and output
are hidden layers. Networks with over three layers are deep neural networks, with the final
layer’s activation predicting object classes.

A fully connected network links all neurons between consecutive layers, while partially
connected networks link only some. For a two-layer network (hidden and output), with inputs
x1, 2, 3 and output o1, parameters include weights wy, . . . , w12 and biases by, . . . , by. Using

a Sigmoid activation, the hidden neuron h; computes o(h1) = 7 v cTEn +,“,14_,;2 T

and the output o(o1) follows similarly. Backpropagation (BP) (Hirose et al. 1991) adjusts
parameters by comparing o(o01) to a target, but Sigmoid’s saturation can cause gradient
vanishing, complicating training.

Hinton et al. (2006) proposed pre-training with unsupervised methods and fine-tuning
with supervision to mitigate this, using models like stacked autoencoders (SAE) and deep
belief networks (DBN). However, these are complex and time-intensive (Litjens et al. 2017).
Modern approaches favor end-to-end supervised training, with architectures like CNN vari-
ants (e.g., AlexNet (Krizhevsky et al. 2012), ResNet (He et al. 2016)) and RNNs (Graves
et al. 2013), widely applied to image tasks. These are detailed in Sect. 3.7.

3.2 Convolution neural networks (CNNs)

CNNss are feedforward neural networks trained using backpropagation (BP), achieving sig-
nificant success in image applications and speech recognition (Ciresan et al. 2011). They
extract features hierarchically: low layers detect basic edges, while deeper layers identify
distinct objects. Unlike MLPs, CNNs differ in two key ways (Patra and Kot 2002). First,
CNNs use weight sharing in convolutional operations, where weights learned from a local
image region are applied across the entire image, reducing the parameter count. These con-
volutional operations resemble those in traditional neural networks. Second, CNNs incor-
porate pooling layers after each convolutional layer (see Sect. 2), which downsample and
refine features. These features are then fed into fully connected layers, mapping them to
labels (or classes). Finally, an activation function (e.g., Softmax) in the last layer produces
a class distribution, and the model is trained using maximum likelihood (Li et al. 2021).

3.3 Typical convolution neural networks

Due to the popular of CNNs in image applications, we provide typical architectures and
show differences of these architectures.

3.3.1 AlexNet

AlexNet, proposed by Hinton et al., won the ILSVRC-2012 competition (Krizhevsky et al.
2012) and is a classic CNN. It employs 5 convolutional layers and 3 fully connected layers
to extract image features.

The success of AlexNet in image classification stems from six key factors:

e [t uses data augmentation (e.g., rotations at 0°,90°,180°,270°, 360°, flips, clipping,

and color/light adjustments) to enhance learning and prevent overfitting (Krizhevsky
et al. 2012).
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e Traditional CNNs fused model predictions to reduce test errors (Bell and Koren 2007),
but their high computational cost and overfitting risk with limited data were drawbacks.
AlexNet’s dropout method (Hinton et al. 2012) randomly sets hidden neuron outputs
to 0 (probability 0.5), excluding them from forward and backward passes. This creates
varied network structures with shared weights per input, breaking neuron dependencies
and forcing robust feature learning. During testing, outputs are scaled by 0.5 to compute
a geometric mean of predictions (Krizhevsky et al. 2012), also mitigating overfitting
(Nielsen 2015).

e Purely linear operations (convolution and full connection) limit a network to linear
mapping, inadequate for nonlinear real-world data. Activation functions enhance non-
linearity; while (Jarrett et al. 2009) and Logistic (Zhang et al. 1998) improve expressive-
ness, they risk gradient divergence. AlexNet’s Rectified Linear Units (ReLUs) (Nair and
Hinton 2010), detailed in Sect. 2, overcome this issue.

o [ocal Response Normalization (LRN), akin to Jarrett et al.’s method (Jarrett et al.
2009), normalizes using neighboring data without mean subtraction (unlike “brightness
normalization”). It boosts generalization, reducing top-1 and top-5 error rates by 1.4 and
1.2%, respectively, in image classification (Krizhevsky et al. 2012), proving its value
for deep learning.

e Pooling reduces data dimensions post-activation using kernel-based neighbor informa-
tion. Traditional non-overlapping pooling (Hinton et al. 2012) is replaced in AlexNet
with overlapping pooling, improving feature precision and reducing overfitting. This
cuts top-1 and top-5 error rates by 0.4 and 0.3%, respectively, in ImageNet ILS-
VRC-2012.

o GPUs are vital for deep learning in image, video, and speech tasks (Chetlur et al. 2014).
As data scales, a single GPU struggles with large CNNs. AlexNet uses two parallel
GPUs, each handling half the neurons and interacting only at specific layers. Experi-
ments show dual GPUs slightly outperform a single GPU in training time (Krizhevsky
et al. 2012), making multi-GPU setups effective for big data.

Despite its success in image recognition, AlexNet lacks flexibility. Removing a convolu-
tional layer can degrade performance, a limitation deeper networks like VGG (Simonyan
and Zisserman 2014) address effectively.

3.3.2 Vgg

Vgg respectively obtained the first and second places in image classification and tracks in
ImageNet Challenge 2014 (Simonyan and Zisserman 2014). However, it is different from
GoogLeNet (Szegedy et al. 2015), which only improves the performance by increasing
depth with filter. Vgg-19 denotes 19 layers from Vgg. The reasons of performance of Vgg-
19 have three-fold. First, each layer of Vgg-19 uses filter, which effectives the number
of parameters and prevents overfitting problem. Second, it uses 3 fully connected layers
instead of 3 convolutional layers, which the fully connected network can allow any size of
input. Finally, architecture of the Vgg-19 is deeper, can better learn features. Despite, Vgg
method has improved the accuracy as 84.0% for single-image action classification in VOC-
2012, Vgg of increasing depth may make accuracy saturated then degrades rapidly. He
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et al. (2016) proposed ResNet method to address problem above, which obtained excellent
performance for image recognition.

3.3.3 GooglLeNet

As deep learning advances, scholars have shifted focus from powerful hardware and large
datasets to novel ideas, algorithms, and network architecture improvements. Widening
CNN s is a straightforward way to boost performance. GoogLeNet (Szegedy et al. 2015)
employs multiple kernels and max pooling, placing a 1 x 1 convolutional kernel before
larger kernels to reduce dimensionality and parameters. With 22 layers, it mitigates the
vanishing gradient problem using two auxiliary losses. Its architecture stacks 1 x 1, 3 x 3,
and 5 x 5 convolutions alongside a 3 x 3 max pooling layer, increasing depth and scale
adaptability.

Initially termed the Inception Module Native Version (IMNV), this design directly
stacked convolutions, resulting in excessive filters at the top layer and high computational
costs. Adding pooling units fused their outputs with convolutional layers, inflating the out-
put size and hindering training efficiency. To address this, the refined “Inception module”
(also known as GoogLeNet) uses 1 x 1 convolutions to reduce dimensions before 3 x 3
and 5 x 5 convolutions, doubling as rectified linear activations. GoogLeNet excels in image
classification and detection. Similarly, VGG, another prominent CNN, enhances image rec-
ognition in ILSVRC 2014 (Simonyan and Zisserman 2014) by deepening the network.

3.3.4 ResNet

Deep CNNs have driven significant breakthroughs in image recognition (Zeiler 2014), par-
ticularly in image classification (Simonyan and Zisserman 2014), and benefit various visual
recognition tasks. However, deeper networks risk vanishing or exploding gradients (Bengio
et al. 1994), where increased depth amplifies training errors. ResNet (Wu and He 2018)
addresses this by adding the input of every two layers to their outputs, forming residual
blocks defined as f(x) + x, where x is the input and fis the activation function. ResNet’s
popularity stems from several strengths: First, it prioritizes depth over width, controlling
parameter count and reducing overfitting. Second, it relies less on pooling layers, using
more downsampling to enhance transmission efficiency. Third, it employs batch normal-
ization (BN) and average pooling for regularization, speeding up training. Finally, it uses
3 x 3 filters in convolutional layers, training faster than mixed 3 x 3 and 1 x 1 filters. These
advantages led ResNet to win ILSVRC 2015, achieving a 3.57% error rate on the ImageNet
test set.

Variants of residual networks (He et al. 2016) are widely applied in image classifica-
tion, denoising, and resolution enhancement. GANs and attention mechanisms have also
achieved notable success in image applications (Denton et al. 2015).

3.4 Generative adversarial networks
While CNNs excel at extracting local features from structured data and building hierarchi-

cal representations, GANs advance generative modeling by creating samples that mimic a
target data distribution. GANs comprise two networks: a generator, which produces syn-
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thetic data from random noise (Random Z), and a discriminator, which assesses whether a
sample—real (Real Sample) or fake (Fake Sample)—is genuine, outputting a probability.
Through adversarial training, the generator refines its outputs to be more realistic, while the
discriminator improves at detecting fakes, driving mutual enhancement.

This adversarial paradigm enables GANSs to excel in generating high-dimensional data,
particularly in image synthesis, producing photorealistic images from noise or partial inputs.
They are widely applied in tasks like image inpainting (Liu et al. 2021) and style transfer
(Lin et al. 2020), yielding outputs with impressive visual fidelity.

However, GANs face challenges. Training instability arises from the need to balance
generator and discriminator performance. Mode collapse, where the generator outputs lim-
ited variety, fails to reflect the target distribution’s diversity. Convergence issues can also
occur, with the generator producing quality data that the discriminator struggles to critique
effectively. These problems often necessitate advanced methods like Wasserstein GANs
(WGANSs) (Gulrajani et al. 2017) or Progressive GANs (Karras 2017) to stabilize training
and boost performance.

GAN:Ss offer a potent generative modeling framework via adversarial training, excelling
in diverse applications. Yet, their training instabilities remain a key research focus, with
efforts ongoing to enhance robustness and generalization.

3.5 Transformer

Transformers, initially developed for sequence modeling in NLP, have transformed tasks
like machine translation, text generation, and summarization (Lin et al. 2022). Unlike CNNs
or RNNs, they use self-attention to capture global dependencies in input data, efficiently
modeling both local and long-range interactions. This innovation extends beyond NLP,
impacting computer vision via models like the Vision Transformer (ViT) (Yuan et al. 2021).

The Transformer’s core is the scaled dot-product attention mechanism, computing rela-
tionships across all input elements simultaneously. For an input sequence of length n, it is
defined as:

Attention(Q, K, V') = softmax (%) v @)

e (), K,V: The query, key, and value matrices, derived from the input embeddings
through learned linear projections.

e QK: The dot product between queries and keys, which quantifies the similarity be-
tween input elements.
V/dg: A scaling factor that stabilizes gradients during training.

e V: The value matrix, which represents the contextualized information passed through
the attention mechanism.

The output is a weighted sum of values, with weights reflecting each element’s relevance.
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A typical Transformer features an encoder-decoder structure. The encoder stacks self-
attention and feedforward layers to process inputs, while the decoder generates outputs by
attending to encoder outputs and its own sequence (Vaswani 2017).

In computer vision, ViT adapts self-attention for images by splitting an image I
H x W x C (height, width, and channels) intoV fixed-size patches (e.g., 16 x 16), flatten-
ing them into vectors, and embedding them as tokens:

20 = [P1E; poE; - . s PN E] + Epos 5)

e E: The learnable linear projection matrix.
e E,.s: Positional embeddings to encode spatial information.

The sequence zg is fed into the Transformer encoder, enabling global patch interactions.
This allows ViT to outperform CNNs on large-scale datasets by capturing spatial and con-
textual relationships.

Unlike CNNs, which use localized receptive fields, Transformers’ self-attention enables
every token to interact globally in one step, excelling in tasks requiring holistic input under-
standing, such as image classification, object detection, and video analysis.

3.6 Diffusion model

Diffusion models have emerged as a significant advancement in generative modeling, dis-
tinguished by their stability and capacity to produce high-quality outputs (Croitoru et al.
2023). Diffusion models are built on the principle of gradually perturbing data through a
stochastic noise process and then learning to reverse this process to reconstruct the original
data. This approach ensures robust generative capabilities while addressing many of the
instability issues associated with adversarial training in GANS.

The core of diffusion models lies in two processes:

o Forward Process (Diffusion): Starting from a clean data sample x(, Gaussian noise is
incrementally added over T time steps to produce a series of noisy samples {x;}7_,.
This process can be formalized as:

q(xilwe 1) = N(2e; /arws 1, (1 — op)T) (6)

where g(z; | x¢—1) represents the probability distribution for transitioning from the noisy
sample z;_1 at step ¢t — 1 to the sample z; at step . The distribution is Gaussian (), char-
acterized by a mean of ,/a;x;_1, where o; is a time-dependent parameter that scales the
original data to control the amount of retained information. The variance term (1 — o)1
adds isotropic Gaussian noise, with I being the identity matrix, ensuring uniform noise
across all dimensions. This process describes how clean data is progressively corrupted with
noise as time ¢ increases.

e Reverse Process (Denoising): The reverse process aims to remove noise step by step,
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reconstructing the data distribution. This is parameterized as:
Po(xi—1|2e) = N(@e—1; po(e, t), To(ze,t)) (7

where pg(x:—1 | ;) models the reverse transition, predicting the previous sample x;:_1

from the current noisy sample z;. The distribution is Gaussian (N) with a learned mean
to(x+,t) and variance Xg(x+,t), both parameterized by a neural network with parameters
0. The mean fp(x¢,t) predicts the denoised data direction, while the variance Xg(z4,t)
accounts for uncertainty in this prediction. Together, these terms guide the step-by-step
removal of noise, enabling the reconstruction of the original data from pure noise.
The model is trained to minimize the discrepancy between the true forward process
q(w¢—1|z¢) and the predicted reverse process po(z:—1|z:), often using a variational lower
bound (VLB) (Ho et al. 2020) as the optimization objective. Figure 2 is a schematic illustra-
tion of the diffusion model’s structure, showcasing the forward diffusion process (adding
noise) and the reverse denoising process (removing noise).

Diffusion models, once trained, generate data by starting with a Gaussian noise sample
a7 and iteratively denoising it using learned reverse transitions. This step-by-step refine-
ment gradually reconstructs the target data distribution, producing high-fidelity outputs with
fine detail. The iterative nature of diffusion models ensures precise and coherent data syn-
thesis, making them highly effective across diverse applications.

In high-resolution image generation, diffusion models excel at creating photorealistic
images with rich textures and intricate details. Models like Denoising Diffusion Probabilis-
tic Models (DDPM) (Croitoru et al. 2023) and Imagen (Saharia et al. 2022a) achieve top-tier
performance, leveraging tailored noise schedules and iterative refinement to preserve key
features of the target distribution, ideal for realistic, high-quality image synthesis.

For image super-resolution, diffusion models enhance low-quality images while pre-
serving structure and detail. Models such as Super-Resolution via Repeated Refinements
(SR3) (Saharia et al. 2022b) and Latent Diffusion Models (LDMs) (Rombach et al. 2022)
showcase this strength. SR3 progressively refines blurry images to recover high-frequency
details, while LDMs use latent space representations for efficient, scalable high-resolution
synthesis.

The versatility of diffusion models highlights their power in generative tasks. Their itera-
tive refinement and probabilistic framework offer a stable, scalable alternative to traditional
methods like GANS, often surpassing them in output quality and training reliability.

3.7 Tools for deep learning methods

GPU is a critical driver of deep learning success in image applications. Unlike CPUs, GPUs
leverage numerous computing units, longer pipelines, simpler control logic, and reduced

aX, X)) Xy
A
‘ - 7

P [ X)

Fig.2 Forward and reverse processes in a diffusion model
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cache, delivering superior computational power. Additionally, GPUs support more threads
than CPUs, accelerating processing speeds. Common GPU hardware libraries for deep
learning include CUDA (Sanders and Kandrot 2010) and OpenCL (Stone et al. 2010).
Modern GPU options have evolved beyond older models, with current standards including
NVIDIA’s RTX 4090, A100, and H100, optimized for Al workloads. Table 2 summarizing
the content about GPU software libraries for deep learning.

GPU software libraries (also called tools) are as vital as hardware libraries for deep learn-
ing. The following are popular tools updated to reflect current usage:

e Convolutional Architecture for Fast Feature Embedding (Caffe) (Jia et al. 2014) is an
efficient, open-source deep learning framework written in C++, with Python and MAT-
LAB interfaces. It runs on both CPUs and GPUs and excels in object detection. How-
ever, it demands strong C++ skills and has seen reduced adoption compared to newer

Table 2 Popular GPU software Tool Languages Key Applications Notes
libraries for deep learning features
Caffe C++, Efficient, Object Detection Needs
Python, Open- C++
MATLAB Source, Skills,
CPU/GPU Less
Popu-
lar
Now
TensorFlow C++, High-Level, Detection, Widely
Python Auto-Dif-  Classification, Used,
ferentiation, Denoising, Out-
Portable Super-Resolution per-
forms
Theano
Keras Python User- Classification, Now
(via Ten-  Friendly, Detection, Su- Part of
sorFlow) Multi-GPU per-Resolution,  Ten-
Denoising, Ac-  sor-
tion Recognition Flow
PyTorch Python Intuitive, Classification, Top
Research-  Detection, Seg-  Choice
Oriented mentation, Ac- for Re-
tion Recognition, search
Super-Resolu-
tion, Tracking
Theano Python NumPy Super-Resolu- De-
Integration, tion, Denoising, velop-
Efficient Classification ment
Ended
(2017),
Out-
dated
MatConvNet MATLAB MATLAB- Classification, Re-
Based, Denoising, quires
Specialized Super-Resolu- MAT-
tion, Tracking LAB,
Lim-
ited
Use
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tools.

o TensorFlow (Abadi et al. 2016) is a versatile, high-level machine learning library sup-
porting neural network design with automatic differentiation (not just backpropagation).
It offers C++ and Python interfaces, flexible portability, and faster compilation than
Theano. TensorFlow is widely used for object detection, image classification, denoising,
and super-resolution.

e Keras (Ketkar and Ketkar 2017), now integrated into TensorFlow, is a Python-based
API for easy neural network implementation. It supports multiple GPUs and is user-
friendly, making it ideal for image classification, object detection, super-resolution, de-
noising, and action recognition.

e PyTorch (Paszke et al. 2017) is a leading neural network library, porting Torch to Py-
thon. With its intuitive Python interface, PyTorch dominates in research and applica-
tions like image classification, object detection, segmentation, action recognition, super-
resolution, and visual tracking.

e Theano (Bastien et al. 2012), a mathematical expression compiler for large-scale neural
networks, integrates with NumPy and generates efficient C code dynamically. While
historically popular for its low learning curve and stability, its development ceased in
2017, limiting its use today to legacy projects like image resolution, denoising, and
classification.

o MatConvNet (Vedaldi and Lenc 2015) provides a MATLAB interface for image classi-
fication, denoising, super-resolution, and visual tracking. It requires MATLAB expertise
and has niche use due to its complexity and limited community support.

4 Deep learning for low-level vision tasks

Low-Level tasks in computer vision aim to restore high-quality images. Common low-level
tasks include image denoising, image super-resolution, and image deblurring. This section
reviews the currently proposed deep learning methods in image applications from these
three aspects Fig. 3 provides an overview of Sect. 4.

4.1 Deep learning forimage denoising
4.1.1 Deep learning for additive white noisy image denoising

Due to the shortage of real noisy images, additive white noisy images (AWNIs) are widely
used in training and testing of image denoising models. AWNIs include Gaussian, Poisson,
Salt, Pepper and multiplicative noisy images Additive white noise simulates noise. There
are deep learning techniques for AWNIs denoising, including methods based on ResNet,
GAN and GNN.

A CNN-based image denoising algorithm utilizes neural networks to learn the map-
ping relationship from noisy images to clear images (Tian et al. 2020). By training on a
large dataset containing pairs of noisy and corresponding clear images, a CNN can learn
a complex nonlinear mapping from noisy images to clean images (Xie et al. 2012). Dur-
ing the training process, the CNN continually adjusts its weights by using the backprop-
agation algorithm to minimize the difference between the output image and given clean

@ Springer



A survey on deep learning fundamentals Page 17 of 108 381

Deep Learning for Low-Level Vision Task
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Fig. 3 Overview of low-level vision tasks

image (Singh et al. 2022). Common loss functions include Mean Squared Error (MSE)
and Structural Similarity Index (SSIM) (Sara et al. 2019). Zhang et al. (2017) proposed a
feed-forward denoising convolutional neural network (DnCNN). This method employs a
deeper architecture , residual learning techniques, regularization, and batch normalization
to enhance denoising performance. Compared to traditional CNN denoising methods, the
advantage of DnCNN lies in its ability to handle Gaussian denoising with unknown noise
levels. FFDNet (Zhang et al. 2018) is an upgrade of DnCNN. While maintaining a similar
architecture to DnCNN, FFDNet includes a user-controlled parameter in a network input
to improve algorithm’s adaptability in image denoising. Guo et al. added a user-input noise
level parameter o and incorporated a fully convolutional network to learn this parameter to
achieve adaptive denoising model (Guo et al. 2019). Tian et al. (2020) introduced a BRDNet
model, which uses a batch renormalization to address the performance degradation of small
batch data in training process. BRDNet employs residual learning and dilated convolutions
to extract more contextual information and prevent gradient vanishing or explosion. BRD-
Net demonstrates excellent denoising performance on both synthetic and real noisy images
with relatively low computational cost, making it suitable for smartphones and cameras.
Zhang et al. (2021) proposed DRNet composed of convolutions, batch normalization, and
ReLU activation functions extracted richer features and addressed the vanishing gradient
problem. Adding DC-ResBlock into a DRNet to enhance expressive ability of a deep net-
work to improve denoising performance. Gurrola-Ramos et al. (2021) proposed a neural
network model based on a Residual Dense Network (RDUNet) for image denoising. This
model combines the characteristics of residual learning and dense connection networks to
improve denoising performance and reduce computational complexity. RDUNet combines
the residual learning and dense connections to enhance network performance. When using
deep learning methods for image denoising, a large number of training image sample pairs
are usually required, that is, images with noisy and denoised images. However, denoised
images are often difficult to obtain in real world, i.e., to overcome this question, Lehtinen
et al. (2018) presents a denoising method (Noise2Noise) that does not require a noiseless
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image as a label. Mansour and Heckel (2023) improved the N2N method via using a single
noisy image to generate a pair of noisy pictures and using pairs to generate a simple two-
layer neural network.

GANSs are a deep learning framework consisting of two mutually adversarial neural
networks: a generator and a discriminator. The generator is responsible for creating arti-
ficial images that resemble real samples, while the discriminator’s task is to distinguish
between real samples and generated images. Through continuous adversarial training, the
generator eventually produces high-quality artificial samples that are difficult to distin-
guish from real ones. Leveraging GAN’s powerful generative capabilities, the generator
is tasked with producing clean images from noisy ones, while the discriminator assesses
whether the generated images are realistically noise-free. By adversarial training, the gen-
erator learns the mapping from noisy images to denoised images to obtain high-quality
images. Khmag (2023) proposed used a GAN and a semi-soft thresholding idea via two
phases to address additive Gaussian noisy image denoising. The first phase uses wavelet
transform in a semi-soft thresholding way to remove noise in the high-frequency sub-bands.
The second phase utilizes a GAN to further eliminate noise to enhance image quality. Lyu
et al. (2020) introduced a GAN-based hybrid noise removal model (DeGAN) to address
mixed noise, i.e., additive white Gaussian noise (AWGN) and impulse noise (IN) in noisy
images They designed a new joint loss function that incorporated image feature information
and human visual perception information into a CNN to simultaneously deal with mixed
noise to improve visual denoising effects. Yi and Babyn (2018) used a Conditional Genera-
tive Adversarial Network (cGAN) as well as SAGAN via adversarial and sharpness loss to
reduce blurring and preserve details in image denoising.

However, CNNs primarily process Euclidean data, such as 2D images and 1D text, which
are specific cases of graph data. Consequently, CNNs may not be as well-suited for han-
dling more general graph-structured data (Wu et al. 2020). Graph Neural Networks (GNNs)
(Scarselli et al. 2008) can capture dependency in the graph via propagation of information
between nodes to better deal with unstructured or complex data. Also, applying GNNs to
image denoising can improve the model’s processing efficiency and generalization abil-
ity. Su et al. (2020) proposed a new image denoising method based on GNNs by using
analytical graph filters (GraphBio) as convolutional filters and optimizing graph topology
to improve denoising performance. The proposed GNN used predefined filters that don’t
require training and enhances performance by optimizing graph topology. These filters
act like low-pass filters with biorthogonal conditions in signal processing, with the graph
spectrum optimized through data training (Sanchez-Lengeling et al. 2021). Graph Convolu-
tional Networks (GCNs) (Kipf and Welling 2016) share the same processing flow as GNNs
including aggregation, update, and recurrence. GCNs mathematically constrain the weight
parameters in the aggregation step by adding degree normalization to the averaging method.
GCNs are ingeniously designed to extract features from graph data, allowing us to use
these features for tasks such as node classification, graph classification, link prediction, and
graph embedding, making them highly versatile. Valsesia et al. (2020) constructed graph
convolutional layers to utilize non-local similarity information to achieve pixel-level adap-
tive receptive fields and enhanced performance of image denoising . It also introduced a
lightweight Edge-Conditioned Convolution (ECC) Simonovsky and Komodakis (2017) to
address gradient vanishing and over-parameterization issues. GCNNs have shown excellent
performance on both synthetic Gaussian noisy and real noisy image denoising. Chen et al.
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(2021) proposed an encoder-decoder structured graph convolutional network (ED-GCN) for
CT image denoising. ED-GCN can handle both Gaussian noise and Poisson noise by com-
bining local convolution and graph convolution to manage local and non-local features for
enhancing denoising performance. Since GCN treats all neighboring nodes equally during
convolutional computing and cannot assign different weights, Graph Attention Networks
(GATs) (Velickovic¢ et al. 2017) were introduced to address this issue. GATs utilized an
attention mechanism to allocate varying weights to distinct nodes, rendering it apt for induc-
tive tasks. Jiang et al. (2023) integrated the graph attention mechanism with an attention
network to devise an efficient image denoising framework as well as GAiA-Net. By lever-
aging the graph attention mechanism, GAiA-Net had a capability to dynamically modify
the interconnection weights among different nodes throughout the training, enabling the
network to autonomously concentrate on crucial image areas for denoising including edges,
textures, and other intricate details, ultimately enhancing the denoising outcome.

Transformer-based models have emerged as powerful tools in image denoising due to
their ability to capture long-range dependencies and contextual information. Chen et al.
(2021) proposed the Image Transformer, which applies transformer layers to image patches,
allowing the model to learn global relationships across the entire image. By fine-tuning on
noisy datasets, the Image Transformer effectively suppresses additive white Gaussian noise
(AWGN) while preserving intricate details. Similarly, Zamir et al. (2022) introduced the
Restormer, a transformer-based model specifically designed for image restoration tasks,
including denoising. Restormer leverages self-attention in the frequency domain and incor-
porates channel-wise processing to efficiently address noise while maintaining computa-
tional efficiency. In the context of denoising additive Gaussian noise, Jian et al. (2024)
proposed SwinCT, a Swin Transformer-based model for low-dose CT image denoising. By
integrating a feature enhancement module into an encoder-decoder framework, SwinCT
effectively extracts and enhances high-level features, preserving fine tissue and lesion details
while producing high-quality denoised images. Moreover, Wang et al. (2022) developed the
Uformer, a U-shaped transformer network, which integrates multi-scale feature extraction
with global self-attention to achieve state-of-the-art performance in image denoising.

Recent advancements in denoising have also explored the potential of diffusion mod-
els, which offer a probabilistic framework for image generation and restoration. Diffusion
models operate by iteratively refining noisy images through a sequence of steps, gradu-
ally reducing noise while preserving structural details. For AWGN denoising, these models
leverage a reverse diffusion process, starting from a highly noisy image and systematically
reconstructing the original clean image. Ho et al. (2020) introduced the Denoising Diffu-
sion Probabilistic Model (DDPM), a generative model that learns the data distribution by
modeling a diffusion process. By training on noisy data, DDPM can effectively reverse the
diffusion process to denoise images. Similarly, Song et al. (2021) proposed a score-based
generative model that uses stochastic differential equations (SDEs) to handle various noise
levels, including AWGN, and demonstrated its capacity to reconstruct high-quality images
with fine details. These diffusion-based methods have shown promise in achieving superior
denoising performance, especially in handling complex noise patterns, by leveraging their
strong theoretical foundation and flexibility in modeling diverse noise distributions.

More detail information of deep learning methods for AWNIs denoising can be founded
in Table 3.
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4.1.2 Deep learning for image blind denoising

Blind image denoising is used to address image denoising with unknown noise. It mainly
depends on given noisy images to estimate noise to obtain a denoiser (Pan et al. 2017). Due
to the loss of prior knowledge, blind image denoising involves bigger uncertainty and dif-
ficulty. That causes that traditional discriminative learning methods, i.e., DnCNN in super-
vised ways are not suitable for blind denoising problems. To address this problem, blind
image denoising based CNNs are developed. For instance, Chen et al. (2018) proposed
a two-phase denoising method based a GAN and CNN as well as GCBD. The first phase
employs a GAN to estimate noise distribution and generate noise samples to create a paired
training dataset. The second phase utilizes a CNN to remove noise. Wu et al. (2020) com-
bined a self-supervised learning and knowledge distillation to overcome unpair images to
achieve a blind denoising model. Byun et al. (2021) simplified FBI-Net blind-spot network
to quickly estimate noise to achieve a blind denoising model. Table 4 summarizes classical
deep learning for blind image denoising.

4.1.3 Deep learning for real noisy image denoising

Deep learning for real noisy image denoising is a challenging and important research area
focused on developing neural network-based techniques to remove noise from images
affected by real-world noise sources (Zhong et al. 2022). Differing from synthetic noisy
image with Gaussian noise, real noisy images can be corrupted by different factors, i.e.,
sensor noise (Gow et al. 2007), compression artifacts (Dong et al. 2015), and environmental
factors (Tian et al. 2020). Due to complex and unknown noise, real noisy image denoising is
very difficult to remove noise. Prior knowledge in traditional machine learning is very effec-
tive for real noisy image denoising (Xu et al. 2018). Inspired by that, Zhang et al. (2017)
embedded iterative learning into a CNN to learn noise mapping with wide range noise levels
for address real noisy image denoising. To robustness of an obtained denoiser in the real
world, Garibi et al. (2024) utilized a diffusion model in interactive steps to learn respec-
tive noisy information to enhance image inversion for real image denoising. Alternatively,
Zhang et al. (2022) proposed a self-supervised method via using iterative data refinement
to estimate noise for real noisy image denoising. Zou et al. (2023) employed an iterative
optimization of to achieve a self-supervised denoiser to remove noise from real noisy image
denoising. Besides, to improve relations of key pixels, A dual-branch Transformer network
architecture with iterative learning is used to extract salient noise information in real noisy
image denoising (Zhang and Zhou 2023). Also, Anwar and Barnes (2019) explored feature
attention mechanisms to enhance relations of hierarchical structural information to separate
salient noise information from real noisy images. Wang et al. (2023) combined low noise
correlation and Transformer mechanism to capture context information to finish real noisy
image denoising. Besides, other attention methods, i.e., pyramid mechanisms Mei et al.
(2023) also effective for real noisy image denoising. More detail information of deep learn-
ing methods for real image denoising can be founded in Table 5.
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Table 3 Deep learning for AWNIs denoising

References Methods Applications Key words
Zhang et al. (2017) CNN AWNIs denoising CNN with Residual learning and batch
normalization for AWNIs denoising
Zhang et al. (2018) CNN AWNIs denoising, = CNN with varying noise level for AWNIs
Spatially varying denoising
nosing
Guo etal. (2019) CNN AWNIs denois- CNN and cameral processing pipeline for
ing, Real image AWNIs denoising
denoisng
Tian et al. (2020) CNN AWNISs denois- CNN with BRN, RL and dilated convolu-
ing, Real image tions for image denosing
denoising
Lehtinen et al. CNN AWNIs denoising  Self-supervised CNN do not require paired
(2018) clean data for denoising
Mansour and CNN AWNIs denoising CNN denoising without clean images as
Heckel (2023) training data
Ma et al. (2021) CNN AWNIs denoising, ~ CNN with Residual learning for AWNIs
Blind denoising, denoising
deblurring
Zhang et al. (2021) CNN AWNIs denoising CNN with Multi-layer Residual Blocks
and Feature Extraction for image denoising
Gurrola-Ramos CNN AWNIs denoising,  CNN with Residual Dense Network and
et al. (2021) CT/MRI image U-Net Architecture for image denoisng
denoising
Zhang et al. (2023) CNN AWNIs denois- Swin-Conv-UNet architecture for image
ing, Real image blind denoising
denoising
Khmag 2023 GAN AWNIs denoising GAN with Wavelet transform and Semi-
soft thresholding for image denoisng
Lyu et al. (2020) GAN AWNIs denoising GAN architecture and joint loss function
for hybrid noise removal
Yi and Babyn GAN Low-dose CT Conditional GAN for LDCT image
(2018) denoising, AWNIs  denoising
denoising
Wau et al. (2020) GNN AWNIs denoising GNN with graph filters and topology
optimization for image denoising
Valsesia et al. GCN AWNISs denoising ~ GCN with Edge-Conditioned
(2020) Convolution(ECC) for image denoising
Chen et al. (2021) GCN CT image denois- GCN with Encoder-decoder architecture
ing, AWNIs for image denoisng
denoising
Jiang et al. (2023) GAT AWNIs denoising  Graph attention for complex noise
reduction
Chen et al. (2021)  Transformer AWGN denoising Image Transformer learning global rela-
tionships for denoising
Zamir et al. (2022) Transformer Image restoration,  Restormer leveraging frequency domain
AWGN denoising  self-attention
Jian et al. (2024)  Transformer Low-dose CT SwinCT with feature enhancement module
denoising, AWGN for high-quality denoising
denoising
Wang et al. (2022) Transformer Image denoising Uformer with multi-scale feature extrac-
tion and global self-attention
Ho et al. (2020) Diffusion AWGN denoising ~ DDPM leveraging reverse diffusion for

noise reduction
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Table 3 (continued)

References Methods Applications Key words

Song et al. (2021)  Diffusion AWGN denoising  Score-based generative model using SDEs
for high-quality reconstruction

Table 4 Deep learning for blind References  Methods Applications Key words
image denoising Chenetal. GAN.CNN Blind image ~ GAN for blind
(2018) denoising, real ~ image denoising
image denoising
Soh and CNN Blind image CNN with Bayes-
Cho (2021) denoising ian perspective
for blind image
denoising
Wu et al. CNN Blind image CNN with knowl-
(2020) denoising edge distillation
and Self-Super-

vised learning for
image denoising

Byunetal. CNN Fast blind CNN for fast
(2021) image denoising blind image
denoising
Liang etal. Transformer Blind image Vision Trans-
(2021) denoising former for blind

image denoising

4.2 Deep learning for image super-resolution
4.2.1 Supervised super-resolution

Existing deep learning-based super-resolution (SR) models are primarily supervised SR
models via using low-resolution (LR) images and their corresponding high-resolution (HR)
images. These methods are developed by designing new architectures, up-sampling meth-
ods, new learning strategies. To make readers’ convenient understand difference of different
methods, this section summarized these methods from principle to differences as follows.
Image super-resolution is an ill-posed problem, which can learn a mapping from LR images
to HR images, according to different upsampling ways (Wang et al. 2020). That can be
categorized into three kinds: Pre-amplifying resolution, post-amplifying resolution and pro-
gressive amplifying resolution.

Pre-amplifying resolution method enlarged a low-resolution image as a same size image
with given high-resolution image via upsampling operation, i.e., bicubic interpolation
before entering a deep network for image super-resolution. For instance, Dong et al. (2016)
designed a 3-layer network by stacking three convolutional layers to achieve a pixel map-
ping from LR images to HR images, where an input of this network can be obtained by
using bicubic operation to amplify LR images (Dong et al. 2016). Although this network has
obtained better SR performance, it has poor flexibility for deeper network.

To overcome this problem, VDSR stacked multi convolutional layers to enlarge per-
ception field to capture more structural information in image super-resolution (Kim et al.
2016b). To improve expressive ability of a deep network, Tai et al. used skip connections
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Table 5 Deep learning for real image denoising

References Methods

Applications

Key words

Zhang et al. CNN
(2017)

Garibi et al. CNN
(2024)

Zou et al. CNN
(2023)

Anwar and CNN
Barnes (2019)

Liu et al. CNN
(2020)

Zhao et al. CNN
(2019)

Lietal. (2024) CNN

Mei et al. CNN
(2023)

Wang et al. CNN,

Real Image Denoising

Real Image
Denoisinge
Real Image
Denoisinge
Real Image
Denoisinge
Real Image Denoising,
image super-resolution

Real Image
Denoisinge

Real Image Denoising,
HSI restoration

Real Image Denoising,
image restoration

Real Image Denoising

Deep CNN with residual learning for real
image denoisinge

CNN with iterative steps for real image
denoising

CNN iterative denoising with self-supervised
learning

CNN image denoising using feature attention
mechanisme

CNN combines residual aggregation and
spatial attention mechanism for image
restoration

CNN combined residual pyramid structure
and channel attention mechanism for image
denoising

CNN combines supervised and self-super-
vised learning strategies for image denoisinge
CNN combined residual pyramid structure
and channel attention mechanism for image
denoising

Image denoising is performed using CNN for

(2023) Transformer feature extraction and transformer for long-

range dependence modeling capabilities
Zhang and Transformer Real Image Denoising  Self-supervised Context-aware Transformer
Zhou (2023) for image denoisng

to keep memory of shallow layers to deep layers to enhance strong learning ability of an
obtained super-resolution model for image restoration tasks, i.e., image denoising, image
super-resolution and JPEG deblocking (Tai et al. 2017). Kim et al. (2016a) used a recursive
gate and residual learning operation to improve image super-resolution with fewer param-
eters. This method is simple for image super-resolution. However, it has higher computa-
tional costs. These methods can be summarized in Table 6.

To improve efficiency of image super-resolution, post-amplifying resolution methods
amplified resolution of obtained low-frequency mapping in a deep layer of a deep network
for image super-resolution. Dong et al. directly used LR images to enter a deep network
to obtain low-frequency information and amplify obtained information in a deep layer to
construct high-quality images, which can reduce complexity (Dong et al. 2016). Lim et al.
(2017) repeatedly used residual learning operations to integrate hierarchical layers to extract
more accurate structure information for SISR. Besides, multi-scale idea is embedded into
a CNN for image super-resolution. Tong et al. (2017) introduced a Densenet architecture
to achieve a SRDenseNet for addressing SR problem, which can effectively alleviate van-
ishing gradient problem of a deeper network for SISR. Progressive amplifying resolution
performs majority of calculations during the low-resolution stage and incrementally raises
resolution of images to prevent the loss of details in the up-sampling process. Since the
Laplacian pyramid structure can be used to optimize image details layer by layer, Lai et al.
(2017) proposed a Laplacian Pyramid Super-Resolution Network (LapSRN) via leveraging
a Laplacian pyramid architecture and residual recursive modules for image super-resolu-
tion. LapSRN can gradually restore high-resolution images by predicting low-frequency
information at each pyramid level and using transposed convolutions to up-sample obtained
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Table 6 Deep learning in supervised ways for image super-resolution

References Methods Applications Key words

Dong et al. CNN Image CNN for real-time image super-resolution

(2016) Super-Resolution

Kim et al. CNN Image CNN combined with deep recursion for image

(2016a) Super-Resolution super-resolution

Kim et al. CNN Image CNN combines deep network structure and resid-

(2016b) Super-Resolution ual learning strategy for image super-resolution

Lim et al. (2017) CNN Image CNN optimized residual network architecture
Super-Resolution multi-scale super-resolution system

Laietal. (2017) CNN Image CNN with pyramid structure for image
Super-Resolution super-resolution

Laietal. (2018) CNN Image CNN with pyramid structure for image
Super-Resolution super-resolution

Tong et al. CNN Image CNN introduces dense skip connections and

(2017) Super-Resolution deconvolution layers for image super-resolution

Haris et al. CNN Image CNN combines iterative upsampling and downs-

(2018) Super-Resolution ampling for image super-resolution

Lietal. (2019) CNN, RNN Image CNN with feedback blocks and denser skip con-
Super-Resolution nections for image super-resolution

Laietal. (2024) CNN HIS Super-Resolu- CNN combines heterogeneous feature extrac-
tion, Remote sensing  tion, multi-stage feature alignment, and attention

feature fusion for HSI super-resolution

Zhang et al. CNN Image CNN with residual channel attention for image

(2018) Super-Resolution super-resolution

Wang et al. CNN Face Image Duplex fusing-embedding learning for face

(2023) Super-Resolution super-resolution in low-light environments

Wang et al. Transform- Face Image FaceFormer aggregating global and local repre-

(2022) er, CNN Super-Resolution sentations for face super-resolution

Luetal. (2022) CNN Face Image Prior-guided face super-resolution with facial

Super-Resolution

component prior

information to progressively amplify resolution of obtained high-frequency information for
SISR. Also, recursive residual modules are utilized to share weights and reduce the number
of model parameters to accelerate training speed. To further reduce the number of model
parameters, MS-LapSRN (Lai et al. 2018) utilizes same convolutional kernels on differ-
ent pyramid levels to share weights. By integrating Charbonnier loss, MS-LapSRN signifi-
cantly enhances stability and convergence speed of a SR model. Alternatively, due to game
of a generative adversarial network, Wang et al. (2018) used a forward pyramid technique
in a generator and an inverse pyramid technique in a discriminator to achieve a GAN for
facilitating high-resolution images.

Table 6 summarizes classical deep learning methods in supervised ways for image
super-resolution.

4.2.2 Unsupervised and weakly-supervised super-resolution
Most existing super-resolution (SR) methods focus on supervised learning, which involves
learning from paired low-resolution (LR) and high-resolution (HR) images (Ledig et al.

2017). However, high-resolution images have higher requirements for shooting environ-
ment and devices, which results in difficult acquirement high-resolution images (Timofte
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etal. 2017). Thus, unsupervised and weakly-supervised super-resolution methods are devel-
oped (Ulyanov et al. 2018).

Deep Image Prior (DIP) leverages inherent structural properties of convolutional neural
networks as a prior to achieve high-quality image reconstruction (Ulyanov et al. 2018). It
utilizes a randomly initialized CNN and optimizes parameters to minimize a loss function
to approximate the target image rather than require training data. During the optimization
process, the network progressively generates the target image. Although it is effective, sin-
gle-scale DIP may struggle to capture complex details, particularly in images with multi-
scale characteristics. To address this limitation, Multi DIP (Wang et al. 2021) extends the
basic DIP framework by running DIP in parallel across multiple scales. This multi-scale
approach allows the method to better capture both local and global features to enhance the
quality of image reconstruction. Another improvement of original DIP is that DIP combines
Total Variation Regularization (DIP-TV) (Liu et al. 2019) to reduce noise and artifacts for
obtaining clearer, higher-quality reconstructed images. Alternatively, replying on properties
of internal images can achieve a weakly-supervised super-resolution model. These meth-
ods can use partially labeled or weakly labeled data to reduce requirement of large data to
achieve strong performance (Wei et al. 2018). For instance, a cycle consistency loss method
can be used to ensure consistency of a model from mapping between low-resolution and
high-resolution images. Inspired by that, Zhu et al. (2017) use two generative adversarial
networks to enforce this consistency of a SR model. That is, one GAN generates HR images
from LR images and the other converts the HR images to LR images to ensure reconstructed
LR images closely resembles original images. Yuan et al. (2018) developed a Cycle-in-
Cycle GAN (CinCGAN) by using a similar cycle-consistency approach to preserve image
details LR-to-HR and HR-to-LR mappings for image super-resolution.

Transformer-based models have recently emerged as a powerful tool for image super-
resolution, leveraging the self-attention mechanism to capture long-range dependencies in
images. For example, Image Processing Transformer(IPT) (Chen et al. 2021) uses a trans-
former architecture pre-trained on multiple image processing tasks, including super-resolu-
tion, to achieve competitive performance across different resolutions. Swin Transformer for
Image Restoration(SwinIR) (Liang et al. 2021) introduces hierarchical Swin Transformer
blocks, which improve the ability to process high-resolution image patches and maintain
computational efficiency. These methods surpass traditional convolutional methods by
effectively modeling global context, especially in cases where structural details need to be
reconstructed in high-quality SR outputs.

Diffusion models represent a novel direction for SR by framing the task as a conditional
generative process. These models progressively denoise a random latent vector towards the
desired high-resolution output. For instance, Super-Resolution via Repeated Refinement
(SR3) (Saharia et al. 2022b) uses a cascaded diffusion process to gradually refine LR images
into HR images. The process starts with Gaussian noise and iteratively learns a denoising
function conditioned on the LR image.

Table 7 summarizes more unsupervised and weakly-supervised SR methods.
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4.3 Deep learning forimage deblurring
4.3.1 Deep learning for image deblurring with known blur kernels

Image deblurring focuses on recovering a sharp image from a given blurry image. If blur
kernel is known, this process is called as non-blind image deblurring. Current deep learning-
based deblurring methods fall into two primary categories: deconvolution-based approaches
(Zeiler et al. 2010) and prior knowledge-based approaches (Ulyanov et al. 2018).
Deconvolution methods can use reverse process of convolution operations to estimate
blur kernels for image deblurring (Joshi et al. 2008). For example, Schuler et al. (2013)
introduced a multi-layer perceptron to achieve deconvolution operation to obtain blur ker-
nels. That is, this method first recovers a sharp image via regularized inverse operations
in Fourier domain, then uses a neural network to remove artifacts in a sharp image for
image deblurring. Similarly, Ren et al. (2018) proposed a convolutional neural network by
using generalized low-rank approximation (GLA) to handle various blur kernels, where
GLA depends on low-rank properties of pseudo-inverse kernel to achieve good performance
in image deblurring. To improve robustness of an obtained deblurring model, Dong et al.
(2021) proposed a deep Wiener deconvolution method via using a linear filter to extract

Table 7 Deep learning for unsu- References Methods Applications Key words
pervised super-resolution Ulyanov CNN Image No training priors
et al. (2018) super-resolution required for image
super-resolution
Wang et al. CNN Image Image super-
(2021) super-resolution resolution Based
on Depth Image
Prior (DIP)
Liu et al. CNN Image super-reso- CNN with
(2019) lution, deblurring  traditional
regularization(TV)
for image
super-resolution
Zhu et al. GAN Image GAN without
(2017) super-resolution paired data for
image restoration
Yuanetal. GAN Image GAN without
(2018) super-resolution paired data for
image restoration
Chenetal. Transformer Image Transformer-based
(2021) Super-Resolution  network leverag-
ing self-attention
for high-quality
SR
Liang etal. Transformer Image Swin Transformer
(2021) Super-Resolution  with hierarchi-
cal structure for
efficient image
super-resolution
Saharia Diffusion Image Diffusion-based
etal. Super-Resolution  generative model
(2022b) using progressive
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features from blurred images as inputs of Winer deconvolution to estimate blur kernels
for addressing image deblurring. Differing from previous methods, Zhang et al. can use a
framework for noisy image deblurring (Zhang et al. 2017). That is, it can use a fully convo-
Iutional network to remove noise in gradient domain and depend on iterative deconvolution
to address problem of image deblurring. To address image deblurring with limited samples,
Arjomand Bigdeli et al. (2017) proposed a GradNet by introducing a mean-shift vector field
to smooth the natural image distribution and using gradient descent to minimize Bayes risk
in non-blind deblurring. Jin et al. (2017) further enhanced GradNet via integrating various
image priors and improving MAP to accelerate deblurring processing. Zhang et al. (2017)
incorporated discriminative denoisers within a model-based optimization framework for
non-blind deblurring. Although it was effective for image deblurring, it had limitation for
artifacts. Besides, some methods, i.e., USRNet (Zhang et al. 2020) can solve non-blind
deblurring in the process of image super-resolution. More detailed information of these
methods can be generalized in Table 8.

4.3.2 Deep learning for image deblurring with unknown blur kernels

In real-world images, different regions can affect non-uniform nature of the blur to increase
difficulty of image deblurring. To address these challenges, a variety of deep learning-based
algorithms for blind image deblurring have been developed. This section provides an over-
view of these approaches.

Single image deblurring methods reply on U-Net architecture with residual learning
techniques to obtain unknown blur kernels for image deblurring. Kim et al. (2022) pro-
posed multi-scale-stage network via employing a coarse-to-fine architecture to deal with
blur kernels of different scales in image deblurring. Similarly, Tao et al. (2018) analyzed
various U-Net and denoising autoencoder architectures to achieve a scale-recurrent net-
work in image deblurring. That is, a U-Net is used to roughly deblur images. Then, another
U-Net combines an autoencoder to further deblur images to obtain clearer images. To
address image deblurring with unknown blur kernels of limited samples, GANs are used
to developed (Kupyn et al. 2018). For instance, Kupyn et al. (2019) used an end-to-end
conditional GAN including two strided convolutional blocks, nine residual blocks, and
two transposed convolutional blocks in the generator to convert blurry images into sharp
images for motion deblurring. Besides, incorporating a relativistic conditional GAN and a
dual-scale discriminator with local and global branches can improve performance of image
blurring (Kupyn et al. 2019). To address real image blurring, image restoration techniques
and image blurring techniques are combined to improve applicability of obtained blurred
models. Yang et al. (2021) used GAN and prior to recover face detailed information and
achieve face image blurring. Additionally, recent advancements have seen the applica-
tion of Transformer architectures to image deblurring tasks, achieving remarkable results.
Tsai et al. (2022) introduced Stripformer, a Transformer model specifically designed for
motion deblurring by effectively extracting and aggregating features from strip regions.
Liang et al. (2024) proposed a Transformer-based approach capable of handling both defo-
cus and motion blur, showcasing its versatility across multiple blur types. Kong et al. (2023)
developed an efficient Transformer model focused on achieving high-quality motion deblur-
ring. By leveraging the long-range dependency capturing capability of Transformers along
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Table 8 Deep learning for image

deblurring with known blur
kernels

C.Tian et al.
References Methods Applications  Key words
Schuler MLP Image deblur- MLP with the inverse
etal. ring (Gauss- regularization in the
(2013) ian, motion) Fourier domain recovers
the sharp image
Renetal. CNN Image deblur- CNN adopt generalized
(2018) ring (Gauss- low-rank approximation
ian, disk, and unified framework
motion) to deal with different
convolution kernels
Dongetal. CNN Image deblur- CNN with wiener con-
(2021) ring (Gauss- volution deconvolution
ian, disk, for image deblurring
motion)
Zhang et al. CNN Image deblur- CNN with iterative
(2017) ring (Gauss- deconvolution in a
ian, motion) multi-stage framework
for image deblurring
Xu et al. CNN Image deblur- CNN combines tra-
(2014) ring (Gauss-  ditional optimization
ian, disk) schemes and neural
networks for deblurring
Kruse etal. CNN Image deblur- CNN-based prior with
(2017) ring (Motion)  FFT-based deconvolu-
tion for image deblurring
Arjo- DAE, CNN Image deblur- CNN with natural image
mand Big- ring (Motion,  priors and Bayesian
deli et al. disk) estimation for image
(2017) deblurring
Jin et al. CNN Image deblur- CNN combine with
(2017) ring (Motion)  Bayesian framework for
image deblurring
Zhang etal. CNN Image deblur- CNN combines model-
(2020) ring (Motion,  based and learning-
Gaussian) based methods for image
deblurring
Lietal. CNN Image deblur- CNN integrates TV-
(2019) ring (Motion)  regularized algorithm for

image deblurring

with computational efficiency, these methods have significantly advanced the field of image
deblurring. Table 9 summarizes discussed methods mentioned in this section.

5 Deep learning for high-level vision tasks

High-Level vision tasks encompass image classification, object detection, and image seg-
mentation in this section, where Fig. 4 summarizes content of Sect. 5.

@ Springer



A survey on deep learning fundamentals

Page 29 of 108 381

Table 9 Deep learning for image
deblurring with unknown blur
kernels

References Methods Applications Key words
Su et al. CNN Image An end-to-end
(2017) deblurring data-driven CNN
(motion), video for deblurring
deblurring
Ren et al. CNN Real world Multi-scale
(2020) image CNN for image
deblurring deblurring
Kimetal. CNN Image deblur- ~ CNN with multi-
(2022) ring (motion) scale multi-stage
architecture for
image deblurring
Tao et al. CNN Image Deblurring via a
(2018) deblurring scale-recurrent net-
work that shares
network weights
across scales
Kupyn GAN Image deblur-  GAN for image
et al. (2018) ring (motion) deblurring
Kupyn GAN Image deblur-  GAN and FPN for
etal. (2019) ring (motion) image deblurring
Yangetal. GAN Blind face res- GAN prior embed-
(2021) toration (BFR)  ded network for
image deblurring
Tsaietal.  Transformer Image deblur-  Transformer for
(2022) ring (motion) image deblurring
Liang et al. Transformer Image deblur-  Transformer for
(2024) ring (defocus,  image deblurring
motion)
Kongetal. Transformer Image deblur-  Transformer for
(2023) ring (motion) High-Quality

image deblurring

Deep Learning for High-Level Vision Task

Fig. 4 Overview of high-level vision tasks
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5.1 Deep learning for image classification
5.1.1 Deep learning for medical image classification

Due to strong ability of feature extraction, deep learning technique has been widely applied
in medical image classification (Yu et al. 2024). For instance, Huang et al. enhanced rela-
tions of different layers to facilitate hierarchical information for medical image classifica-
tion (Huang et al. 2017). Differing from ordinary images, medical images include noise
and blurred boundaries. To deal with these challenges, a U-Net architecture employs skip
connections to gather low- and high-resolution feature mapping to effectively integrate fea-
tures of different super-resolution. This characteristic makes U-Net become a benchmark for
numerous medical image classification.

CheXNet utilized a 121-layer DenseNet architecture to extract complex features and
applied fully connected layers for disease classification, which can provide predicted prob-
abilities for various thoracic conditions (Rajpurkar et al. 2017). To ensure reliability of
disease diagnosis, some scholars exploited two-phase methods to deal with mentioned prob-
lem. The first phase is used for image segmentation. The second phase is used for image
classification. For instance, Oktay et al. can use residual learning strategy and an attention
mechanism for image segmentation and fully connected layer for medical image classifica-
tion (Oktay et al. 2018). Additionally, the progression of brain tumors can lead to changes
in their shape, size, and location over time, combining CNNs and RNNss is used for medical
image classification. Specifically, CNN is used to extract spatial features from brain tumor
images and RNN can capture the temporal sequence of these images, where their combina-
tions can predict brain tumor disease different time periods (Raza et al. 2022). Table 10 sum-
marizes key information of more methods for medical image classification in this section.

5.1.2 Deep learning for face image classification

The primary challenge in facial recognition is to minimize variations in facial images of the
same individual while maximizing differences among images of different individuals. To
address this problem, Taigman et al. (2014) leveraged deep convolutional neural networks
on LFW dataset to obtain high accuracy of face image recognition. Inspired by that, Schroff
et al. (2015) utilized a triplet loss to effectively cluster facial feature points of same indi-
vidual while distinguishing those of others to obtain excellent performance of face image
classification. Sun et al. (2014) jointly applied identification and verification signals to learn
facial representation for face image classification, where different identities can promote
separation of different ID features to aggregate features of same ID for improving clas-
sification results of face image classification. To improve robustness of a face recognition
model, Parkhi et al. (2015) constructed a large dataset including 2.6 million facial images
to enhance rich samples of face images, where this dataset is conducted via a combination
of automated processes and manual participation. To further improve recognition results, a
loss function is optimized.

Wen et al. (2016) introduced center loss via minimizing intra-class distance among deep
features to enhance discriminative power for face image recognition. That is, integrating
a center loss and SoftMax to facilitate robust features to ensure both inter-class separabil-
ity and intra-class compactness. Similarity, Liu et al. (2017) proposed angular SoftMax
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Table 10 Deep learning for
medical image classification

Table 11 Deep learning for face

image classification

References Methods ~ Applications Key words
Huang etal. DenseNet Disease Detection DenseNet for
(2017) in X-ray Images  medical image
classification
Rajpurkar DenseNet  Image Analysis Deep CNN for
et al. (2017) for Pneumonia X-ray image
Detection classification
Xu et al. LSTM Drug-drug inter-  BR-LSTM for bio-
(2018) action (DDI) medical Resources
Fang et al. AlexNet Extraction of the ~ AlexNet and Two-
(2022) key ROIs in X-ray Class combined
images model for X-ray
images extraction
Oktay etal.  CNN Pancreas Segmen- CNN with attention
(2018) tation in Medical  gate for CT image
Scans classification
Gulshan et al. CNN Ophthalmology CNN for dia-
(2016) Image Analysis betic retinopathy
detection
Raza et al. CNN Brain Tumor CNN with
(2022) Detection and GoogleNet for
Classification brain tumor image
classifications
Yang et al. Diffusion  General Diffusion for gen-
(2023) medical image eral medical image
classification classifications
References ~ Methods Applications Key words
Taigman CNN Face CNN for 3D face mod-
etal. (2014) Verification eling and recognition
Schroff et al. CNN Face Recogni- CNN for face
(2015) tion, Clustering recognition
Sun et al. CNN Face CNN for face
(2014) Recognition recognition
Parkhietal. CNN Face CNN for face
(2015) Recognition recognition
Wen et al. CNN Face CNN with center
(2016) Recognition loss function for face
recognition
Liu et al. CNN Face Forgery =~ CNN with angular
(2017) Analysis Softmax loss for face
recognition
Chenetal. Diffusion  Face Comprehensive Data-
(2024) Recognition set for Diffusion-Based

Face Forgery Analysis

loss to break identified limitations in the traditional SoftMax loss for open-set recognition.
Applying discriminative constraints on a hypersphere to learn robust angle-discriminative
features to enhance discriminative ability for challenging recognition scenarios. Table 11
summarizes key information of previous introduction methods for face image classification.
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5.1.3 Deep learning for autonomous driving recognition

To design suitable autonomous driving model, sophisticate networks be developed via intri-
cate image data. Motivated by that, Huang et al. (2017) introduced densely connected convo-
Iutional networks to emphasize importance of densely connected layers to extract effective
information for autonomous driving recognition. To reduce computational costs, Howard
et al. (2017) utilized point-wise and depth convolutions to separately obtain features and
applied a catenation operation to merge obtained features, which can obtain complemen-
tary features and reduce computational costs for autonomous driving recognition. Tan and
Le (2019) can employ EfficientNet to layer-to-layer increase the number of channels and
improve super-resolution to achieve a high recognition result for autonomous driving recog-
nition. To further enhance autonomous driving recognition, recent studies have explored the
use of advanced Transformer-based models. Tu et al. (2024) introduced a novel approach
by fine-tuning diffusion transformers for autonomous driving tasks, effectively leveraging
the strengths of diffusion models in conjunction with Transformer architectures to improve
recognition accuracy. Similarly, Ma et al. (2023) proposed a cross-view Transformer net-
work (CVTNet) specifically designed for LiDAR-based place recognition. This method
excels in capturing spatial relationships across multiple views, significantly boosting the
performance of autonomous driving systems. These approaches demonstrate the growing
potential of Transformer models in addressing the complex requirements of autonomous
driving recognition tasks. Table 12 summarizes more related research about deep learning
for autonomous driving recognition in this section.

5.1.4 Deep learning for surface defect detection

In industrial production processes, existing technologies and working conditions often com-
promise product quality. Surface defect detection plays a critical role in identifying issues
such as spots, scars, and color variations, thereby ensuring product integrity. Ren et al. (2017)
proposed a surface defect detection algorithm that utilizes fully convolutional networks
to generate heat-maps indicating the probability of defects at various locations, achieving
excellent results across multiple datasets. Similarly, Yi et al. (2017) introduced a CNN-
based method for rail defect detection that automatically learns image features without the
need for manually designed feature extractors, demonstrating strong feature representation
and generalization capabilities. Furthermore, Tabernik et al. (2020) developed an integrated
approach for surface defect detection that combines segmentation and decision networks.
This method first performs pixel-level segmentation on input images to isolate defect areas
from the background, followed by the application of DecisionNet for further analysis and
evaluation of the segmented results. This two-stage segmentation architecture enables the
model to be trained effectively with a limited number of samples while enhancing the accu-
racy and reliability of surface defect detection. Cui et al. (2021) proposed the SDDNet
method, which introduces Feature Retention Blocks (FRB) to preserve texture information
that may be lost during downsampling. Additionally, the method incorporates a Skip Dense
Connection Module (SDCM) to propagate fine-grained details from low-level feature maps
to high-level feature maps, thereby improving the detection accuracy of texture variations
and small defect sizes. The strong glossiness of metal surfaces, along with the complexity
of various surface defect types, poses significant challenges for surface defect detection. To
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Table 12 Deep learning for au- References  Methods Applications Key words
tonomous driving recognition Krizhevsky CNN Autonomous CNN with ReLU and
etal. (2012) Driving Dropout regular-
ization for image
classification
LeCunetal. CNN Autonomous CNN with small con-
(1989) Driving volutional filters for
image classification
Szegedy CNN Autonomous CNN with GooL-
etal. (2015) Driving eNet for image
classification
He et al. ResNet, Autonomous Residual net-
(2016) CNN Driving works for image
classification
Huang et al. CNN Autonomous DenseNet for image
(2017) Driving classification
Howard CNN Autonomous CNN with depth-
etal. (2017) Driving wise separable con-
volution for image
classification
Tanand Le CNN Autonomous CNN with composite
(2019) Driving scaling method and

neural architecture
search for image

classification
Tu et al. Transformer, Autonomous Fine-tuning diffusion
(2024) Diffusion Driving transformers for
autonomous driving
Ma et al. Transformer Autonomous A cross-view trans-
(2023) Driving former network for
LiDAR-based place
recognition

address these challenges, Tao et al. (2018) employed a Cascade Autoencoder (CASAE) for
defect localization and segmentation. This cascaded network converts input defect images
into pixel-level prediction masks based on semantic segmentation, followed by classifica-
tion of the defects using a Convolutional Neural Network (CNN). The method demonstrates
high robustness and accuracy in successfully detecting various types of metal defects under
industrial conditions. More related work can be summarized in Table 13.

5.2 Deep learning for image segmentation

There are three types for image segmentation: semantic segmentation, instance segmenta-
tion, and panoramic segmentation in this section. Due to advance of deep learning, this
section introduces deep learning for image segmentation as follows.

5.2.1 Deep learning for image semantic segmentation

Image semantic segmentation aims to assign each pixel in an image to a specific semantic
category for pixel-level understanding and analysis (Mottaghi et al. 2014). This process

enables machines to differentiate between various object classes and background regions to
facilitate context recognition of digital images, which has wide applications in landscapes
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Table 13 Deep learning for References Methods Applications Key words
Surface defect detection Renetal. CNN Surface CNN for auto-
(2017) defect detec- mated surface
tion, image inspection (ASI)
classification
Yi et al. CNN Steel strip CNN for steel
(2017) surface defect  strip surface
detection defects
Tabernik CNN Surface defect ~ CNN with
et al. (2020) detection segmentation net-

work for surface-
defect detection

Cui et al. CNN Surface defect ~CNN with FRB
(2021) detection, real- and SDCM for
time processing surface defect
detection
Tao et al. CNN Surface defect ~ CNN for auto-
(2018) detection mated surface
inspection (ASI)
Gaoetal.  Transformer Surface defect A variant swin
(2022) detection transformer for
surface-defect
detection
Shang et al. Transformer Surface defect ~ Transformer for
(2023) detection surface-defect
detection
Zhuetal.  Transformer Steel surface Transformer for
(2023) defect detection steel surface-

defect detection

(Devereux et al. 2004), portraits (Gallagher and Chen 2009), and medical images (Ma et al.
2024).

With advancements in artificial intelligence techniques, deep learning techniques have
become essential for training models for image segmentation. For instance, Long et al.
(2015) proposed fully convolutional networks (FCNs) rather than traditional fully con-
nected layers to produce heatmaps for image segmentation. To address issue of inconsis-
tent image sizes caused by convolutional operations and pooling operation, upsampling
methods are employed to restore original dimensions. For instance, using skip connections
acts between convolutional layers and non-adjacent layers in a U-Net to prevent data loss
during process of downsampling and enhance resolution of predicted images (Ronneberger
et al. 2015), where U-Net can preserve intricate details for biomedical image segmenta-
tion. Google DeepLab model integrates dilated convolutions and fully connected condi-
tional random fields into a CNN to obtain more detailed information and improve effect of
image segmentation (Chen et al. 2017). PSPNet (Zhao et al. 2017) gathers encoder-decoder
and a pyramid pooling layer to enhance pixel-wise computations for image segmentation.
Besides, Luc et al. (2017) trained a standard CNN for semantic segmentation alongside an
adversarial network designed to differentiate between true and predicted segmentations,
according to GANSs. This method can generate outputs distinguish can better actual seg-
mentations for image segmentation. With the rapid evolution of deep learning methods,
Transformer-based approaches have also been increasingly adopted for image semantic
segmentation, offering significant advancements in pixel-level understanding tasks. Strudel
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etal. (2021) introduced the Segmenter, a Transformer-based model specifically designed for
semantic segmentation, leveraging the long-range dependency capabilities of Transformers
to improve segmentation accuracy and contextual understanding. Furthermore, He et al.
(2022) proposed a novel integration of the Swin Transformer with U-Net architecture for
remote sensing image semantic segmentation. By embedding Swin Transformer modules
into U-Net, their approach effectively captures both local and global features, achieving
superior performance in segmenting complex remote sensing images. These Transformer-
driven methods underscore their transformative potential in advancing the field of image
semantic segmentation across various applications. Table 14 can be used to summarize dis-
cussed methods mentioned in this section.

5.2.2 Deep learning for image instance segmentation
Instance segmentation reverses the priority order of semantic segmentation by precisely

partitioning individual object instances rather than just predicting the semantic classifica-
tion of each pixel (Hafiz and Bhat 2020). Differing from semantic segmentation, instance

Table 14 Deep learning for References Methods Applications Key words
image semantic segmentation Longetal. CNN Image semantic ~ Fully convolu-
(2015) segmentation tional networks
and deconvolu-
tion layers for
image deblurring
Ronne- CNN Medical image  U-Net for bio-
berger et al. segmentation, medical images
(2015) biomedical segmentation
image analysis
Chenetal. CNN Image semantic ~ CNN with atrous
(2017) segmentation convolution and
CREF for image
segmentation
Zhaoetal. CNN Image semantic ~ CNN with
(2017) segmentation, pyramid parsing
remote sensing  module for image
segmentation
Luc et al. CNN Image semantic  Autoregressive
(2017) segmentation convolutional
neural networks
for image
segmentation
Sonietal. CNN Arbitrary- Arbitrary-Shaped
(2023) Shaped Text text segmentation
segmentation in edge-fainted
noisy scene
images
Strudel Transformer Image semantic ~ Transformer
etal. (2021) segmentation for semantic
segmentation
He et al. Transformer, Remote sensing  Swin transformer
(2022) U-Net image semantic  embedding UNet

segmentation

for remote sens-
ing image seman-
tic segmentation
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segmentation focuses on differences of different instances of object detection rather than
recognizing pixel levels. It can be mainly divided into two categories, i.e., a two-stage and
one-stage methods as follows.

Two-stage method first obtain different bounding boxes, according to different instances.
Then, it can finish image segmentation in each bounding box, according to pixel levels.
Girshick et al. (2014) employed a selective search algorithm to extract approximately 2000
candidate region proposals from an image and applied a CNN to extract information for
distinguishing different instances in image instance segmentation. Because each candidate
box need be recognized instances, that may cause bigger computational costs and slower
detection speeds. To overcome limitation of candidate boxes with fixed sizes, He et al.
(2015) used an ROI pooling layer to achieve function of candidate boxes with arbitrary
sizes. Besides, this method can use feature mapping from candidate boxes to identify patch
for accelerate speed in image instance segmentation. Although mentioned methods can per-
form well in image instance segmentation, they often suffer from inefficiencies and bigger
computational costs caused sliding window strategies. To overcome this drawback, reduc-
ing windows are presented. Mask R-CNN (He et al. 2017) based Faster R-CNN (Ren et al.
2015) enhances the instance segmentation landscape by incorporating a mask prediction
branch to improve speed in image instance segmentation, where faster R-CNN contains two
stages to achieve efficient performance. The first stage can use a region proposal network
to generates regions of interest (Rols) and apply classification and bounding box regression
to extract fixed-size features in Rols. The second stage can use a semantic segmentation
method to deal with obtained features for image instance segmentation. This method allows
to leverage advancements in object detection, significantly improving instance segmenta-
tion accuracy by integrating superior detectors. To make this network lightweight, cascade
Mask R-CNN (Cai and Vasconcelos 2018) is developed via introducing mask branches
based on Cascade R-CNN, which can break the limitations of sample selection associated
with a single IoU threshold. This strategy can enhance the model’s ability to differentiate
between positive and negative samples during training. Despite good effect of this method,
it still faces challenges of rough prediction from edges on large objects.

Differing from two-stage instance segmentation, one-stage instance segmentation Can
simultaneously executes object detection and mask generation. For instance, YOLO (Jiang
et al. 2022) offered a real-time solution by dividing the instance segmentation task into par-
allel computations for object detection and mask generation to achieve rapid process speed.
Table 15 can be utilized to concluded key information of methods above in this sections.

5.2.3 Deep learning for image panoptic segmentation

Image panoptic segmentation is an integrated approach that combines semantic and instance
segmentation. This method not only identifies “stuff” in an image but also distinguishes
between individual object instances. Each pixel in the image is assigned both a semantic
label and a unique instance identifier (Kirillov et al. 2019). The primary aim of panoptic
segmentation is to provide a comprehensive understanding of both objects and backgrounds
while simultaneously localizing and segmenting object instances. Detailed introduction of
its method can be shown as follows.

Kirillov et al. (2019) merged a fully convolutional network to achieve simultaneously
achieve semantic and instance segmentation to further finish image panoptic segmenta-
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Table 15 Deep learning for References  Methods Applications Key words
image Instance segmentation Girshick CNN Image instance ~ R-CNN
etal. (2014) segmentation for image
segmentation
He et al. CNN Image instance ~ CNN with
(2015) segmentation Spatial Pyramid
Pooling(SPP)
for image
segmentation
He et al. CNN Image instance ~ Mask R-CNN
(2017) segmentation for image
segmentation
Girshick CNN Image instance ~ Fast R-CNN
(2015) segmentation for image
segmentation
Ren et al. CNN Image instance ~ CNN with
(2015) segmentation Regional Pro-
posal Network
(RPN) for image
segmentation
Cai and CNN Image instance ~ CNN with multi-
Vasconcelos segmentation cascade object
(2018) detection archi-
tecture for image
segmentation
Hu et al. Transformer Image instance ~ End-to-end
(2021) segmentation instance seg-
mentation with
transformers
Ye et al. Transformer Remote sens- Remote sensing
(2023) ing instance image instance
segmentation segmentation

tion. Similarly, Yang et al. (2019) combined sharing encoder-decoder architecture for the
two sub-tasks and an Atreus Spatial Pyramid Pooling module at the end of an encoder for
image panoptic segmentation. To better collaborative work, unifying image semantic and
instance segmentation into a framework is conducted for image panoptic segmentation. For
instance, Li et al. (2019) proposed a unified framework via integrating proposal attention
module and mask attention module to obtain pixel- and object-level information to improve
expressive ability of obtained image panoptic segmentation model. To ensure consistency
between instance and stuff segmentation, Li et al. (2018) aligned instance foreground mask
mapping and original image’s feature and computed their difference via a L2 loss function
to improve robustness of an obtained image panoptic segmentation model. Alternatively,
Xiong et al. (2019) incorporated a panoptic head to effectively resolve conflicts between
instance and semantic segmentation to improve accuracy of instance and class label pre-
dictions. Additionally, recent advancements have introduced Transformer and diffusion-
based methods to further enhance image panoptic segmentation. Li et al. (2022) proposed a
Transformer-based approach that effectively integrates semantic and instance segmentation
tasks into a unified framework, leveraging the long-range dependency modeling capabili-
ties of Transformers to improve segmentation accuracy and coherence. Building upon this,
Van Gansbeke and De Brabandere (2025) introduced a novel method combining diffusion
models and Transformer architectures for panoptic segmentation. Their approach not only
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excels in segmenting both “stuff”” and object instances but also incorporates mask inpainting
techniques to handle occlusions and incomplete object instances. Table 16 can be used to
generalize mentioned methods.

5.3 Deep learning for object detection
5.3.1 Two-stage object detection algorithm

Two-stage object detection algorithm firstly can use a region proposal network to obtain
region proposals. Then, it utilized CNNs to extract structural information into these region
proposals to obtain information of position regression, enabling precise object localization
for object detection. Girshick et al. (2014) utilized a high-capacity CNN object object local-
ization and segmentation of bottom-up region proposals. Also, they used supervised pre-
training and domain-specific fine-tuning to recognize objects. To overcome offset drawback
of object location, He et al. (2015) incorporated a spatial pyramid pooling layer in a R-CNN
to address fixed input image sizes and object deformation. Girshick (2015) can optimize
R-CNN by introducing a ROI Pooling layer in a single forward pass to improve detection
accuracy and efficiency. Ren et al. (2015) further advanced a region proposal network to
obtain detection region proposals to improve an object detection algorithm. Alternatively,
Dai et al. (2016) can distinguish detection region proposals via scoring to intentionally
enhance monitor of important areas to improve effects of object detection. Additionaly,

Table 16 Deep learing for References Methods Applications  Key words
image panoptic segmentation Kirillovetal. CNN Image panoptic CNN combined
(2019) segmentation with FPN and
RCN for image
segmentation
Yang et al. CNN Image panoptic FCN for image
(2019) segmentation segmentation
Lietal. (2019) CNN Image panoptic CNN combines
segmentation attention
mechanism and
unified frame-
work for image
segmentation
Lietal. (2018) CNN Image panoptic  An end-to-
segmentation end approach
for image
segmentation
Xiong et al. CNN Image panoptic CNN with vari-
(2019) segmentation able convolu-
tion for image
segmentation
Lietal. (2022) Transformer Image panoptic Image panoptic
segmentation segmenta-
tion with
transformers
Van Gansbeke Diffusion Image panoptic Image panoptic
and De Bra- segmentation segmenta-
bandere (2025) tion and mask
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Chen et al. (2023) proposed DiffusionDet, a diffusion-based model tailored for object detec-
tion. By incorporating diffusion processes, the model effectively learns object boundaries
and improves localization precision in complex scenes. Building on this, Fang et al. (2024)
introduced a controllable diffusion model for object detection, allowing for more flexible
and adaptive detection by integrating controllable parameters within the diffusion process.
These diffusion-based approaches offer innovative solutions to address the challenges of
object localization and detection, pushing the boundaries of traditional two-stage object
detection methods. Table 17 can be used to summarize important information of more two-
stage object detection algorithms in this section.

5.3.2 One-stage object detection algorithm

One-Stage object detection algorithm directly extracts features from the entire image rather
than searching region proposals for object detection algorithm. For instance, Sermanet et al.
(2013) introduced a unified framework via sharing convolutional layers to achieve adaptive
weights and fully connected layers for image classification, object localization object detec-
tion. Liu et al. (2016) used forward convolutional neural networks to obtain different scale
features for detecting different objects. Although this method can perform well for small
object detection, it is not effective for big object detection. To address this problem, DSSD
(Fuetal. 2017) employs a Top-Down network structure to fuse high- and low-level features
to enhance multi-scale feature maps to increase detection accuracy. To deal with object
detection in terms of real time, you only look once (YOLO) (Redmon 2016) is proposed as
follows (Table 18).

Joseph Redmon et al. used regression solution to achieve a YOLOv1 to directly detect
objects rather than generating region proposals (Redmon 2016). To improve speed, YOLOv2
(Redmon and Farhadi 2017) used batch renormalization technique to act a DARKNet-19
to refine network architecture to accelerate training speed in object detection. To improve
performance of object detection, using logistic regression can guide a YOLOV2 to improve
expressive ability of an obtained object detection model (Redmon and Farhadi 2018).

Table 17 Two-stage object detec-  References  Methods Applications Key words
tion algorithm . - -
Girshick CNN Object detec- Supervised pre-
etal. (2014) tion, Semantic training CNN for
segmentation object detection
He etal. CNN Object detec- CNN with spatial
(2015) tion, Image pyramid pooling
classification for object detection
Girshick CNN Object detection  Fast R-CNN for
(2015) object detection
Ren et al. CNN Object detection  Faster R-CNN for
(2015) object detection
Dai et al. CNN Object detection  Fully convolu-
(2016) tional R-CNN for

object detection
Chen et al. Diffusion Object detection  Diffusion model

(2023) for object detection
Fang et al. Diffusion Object detection  Controllable dif-
(2024) fusion model for

object detection
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Table 18 One-stage object detec-  References Methods Applications Key words

tion algorithm - -
Sermanet CNN Image classifi- CNN uses multi-scale

etal. (2013)

cation, object

and sliding window

detection methods for object
detection
Liu et al. CNN Object Single deep neural
(2016) detection network for object
detection
Fuetal. CNN Object SSD combined with
(2017) detection Residual-101 for
object detection
Lin (2017) ResNet Dense Object Solution to Class

Detection tasks Imbalance in Object

Detection

Carion et al. Transformer Object Transformer encoder—

(2020) detection decoder with bipartite
matching, end-to-end
object detection

Bealetal.  Transformer Object Transformer for

(2020) detection object detection

That is, residual learning operations and feature pyramid architecture are gathered into
a YOLOV2 to achieve YOLOvV3 (Redmon and Farhadi 2018) to ensure accuracy along-
side practicality for object detection. To further improve efficiency, YOLOV3 is combined
with an activation function of MISH rather than ReLU as YOLOv4 to enhance detection
accuracy and speed (Bochkovskiy et al. 2020). To make a tradeoff detection accuracy and
speed, varying network depth and width are proposed to improve YOLOv4 as YOLOVS
(Wuetal. 2021), i.e., CornerNet (Law and Deng 2018), CenterNet (Zhou et al. 2019), FCOS
(Tian et al. 2019) and YOLOX (Ge et al. 2021). Anchor-free mechanism is removed from
YOLOvS as YOLOV6 (Li et al. 2022) to further improve training speed for object detec-
tion. Increasing network depth in Extended-ELAN to improve YOLOv6 as YOLOv7 (Wang
et al. 2023) to improve ability of object detection. To enhance performance and flexibility of
object detection, removed anchor-free YOLOVS is combined with spatial pyramid pooling
to address image features of arbitrary sizes as YOLOVS to reduce computational costs and
accelerate training speed for object detection (Li et al. 2023). YOLOv9 (Wang et al. 2024)
presents the concept of Programmable Gradient Information (PGI) to provide comprehen-
sive input information to improve adaptive abilities of different deep networks for object
detection. Also, it can facilitate reliable gradient information for weight updates. Besides,
a general efficient layer aggregation network based on gradient path planning (GELAN) is
used to optimize YOLOV9 to confirm excellent results of PGI yields on lightweight models.
According to mentioned illustrations, we can see that core principle of the YOLO series, i.e.,
YOLOv1-YOLOW9 is that it can covert object detection problem to regression problem to
deal with the entire image to detect objects. Table 19 summaries key information of classical
YOLO algorithms for object detection.
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Table 19 Key information of Models  Anchor  Inputs Backbones Necks

classical YOLO algorithms for 55 e R Gize (448 x448x3) GoogLeNet -
object detection
(Redmon

2016)

YOLOvV2 Anchors Resize (416x416x3) Darknet-19 -
(Redmon

and

Farhadi

2017)

YOLOv3 Anchors Resize (608x608x3) Darknet-53 FPN
(Redmon (53xConv)

and

Farhadi

2018)

YOLOv4 Anchors Resize (608x608x3) CSPDarknet53 SPP,
(Boch- PAN
kovskiy

et al.

2020)

YOLOvV5 Anchors Resize (608 x608x3) CSPDarknet53 SPP,
(Wu PAN
et al.

2021)

YOLOX Anchor- Resize (608x608x3) Darknet-53 SPP,
(Geetal. free FPN
2021)

YOLOv6 Anchor- Resize (640x640x3) EfficientRep  Rep-
(Lietal. free Backbone PAN
2022)

YOLOv7 Anchors Resize (640x640x3) E-ELAN SPP,
(Wang PAN
et al.

2023)

YOLOv8 Anchor- Resize (640x640%x3) CSPDarknet  SPP,
(Lietal. free variant PAN
2023)

YOLOvV9 Anchor- Resize (640x640x3) GELAN PG,
(Wang  free FPN
et al.

2024)

6 Deep learning for video processing

This section explores the ways in which deep learning is revolutionizing video processing,
covering a wide range of applications from classification to enhancement. It also empha-
sizes the significant impact that this technology has on accuracy, efficiency and future
development.

6.1 Video analysis and understanding
The field of video analysis and understanding has evolved significantly with the advent of

deep learning, propelled by innovations in both infrastructure and task-specific methodolo-
gies. Early breakthroughs, such as the 3D CNNs introduced by Tran et al. (2015) and the
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two-stream networks by Feichtenhofer et al. (2016), pioneered the integration of spatiotem-
poral feature fusion, effectively capturing dynamic visual and temporal information critical
for understanding video content. Subsequent developments, including Temporal Segment
Networks by Wang et al. (2016), introduced sparse sampling to model long-term temporal
dependencies, while Pseudo-3D Residual Networks by Qiu et al. (2017) enhanced com-
putational efficiency by decoupling spatial and temporal operations. More recently, trans-
former-based architectures, such as UniFormer by Li et al. (2022) and Multi-Entity Video
Transformers by Walmer et al. (2023), have redefined video understanding by leveraging
local context aggregation and global attention mechanisms. These advancements effec-
tively balance spatiotemporal redundancy and dependency modeling, achieving remarkable
improvements in both accuracy and efficiency for video analysis tasks.

Task-specific innovations have further advanced the capabilities of deep learning models
in video analysis and understanding, particularly in areas like video classification, behav-
ior recognition, and object detection. In video classification, techniques such as temporal
attention mechanisms by Yang et al. (2020) and hierarchical spatio-temporal transformers
by Cai and Cai (2020) have improved performance by prioritizing discriminative frames
and actions. Multi-stream models by Kang et al. (2023), which integrate RGB and motion
pathways, have also proven effective in earlier frameworks for robust feature extraction. In
behavior recognition, time-aligned self-supervised methods, such as those employing local
alignment contrastive loss by Oei et al. (2024) and Hadji et al. (2021), have reduced depen-
dency on labeled data while enhancing the recognition of fine-grained actions. Additionally,
few-shot action recognition approaches by Zhang et al. (2020) have excelled in low-data
scenarios by utilizing spatio-temporal attention. In the realm of object detection and track-
ing within videos, the Deltaframe method by Han and Roy (2018) optimizes real-time effi-
ciency by processing frame differences, significantly reducing computational overhead.
Together, these advancements highlight the rapid evolution and increasing sophistication of
deep learning techniques, making them essential for deepening our understanding of video
content in diverse applications. Table 20 can be used to summarize key information about
the methods mentioned in this section.

6.2 Video generation and editing

Video generation and editing represented a pivotal component within the broader domains
of computer vision and artificial intelligence, exhibiting substantial advancements in recent
years. Early research in the field of video generation and editing primarily relied on tech-
niques such as GANs, which addressed the challenges of temporal coherence and visual
quality in video generation. A notable milestone in this field was achieved with the introduc-
tion of MoCoGAN by Tulyakov et al. (2018) The proposed method involved the decompo-
sition of motion and content, leading to the formulation of a framework for video generation
that utilised two sub-networks: one responsible for the processing of content information
and the other for motion information. These sub-networks were then integrated to generate
the video frames. This approach was shown to enhance temporal coherence in generated
videos, thus providing a significant foundation for subsequent research in this field.

Wang et al. (2018) proposed that Video-to-Video Synthesis represented a significant
expansion of the field, offering a method for mapping from an input source video (e.g. a
semantic segmentation mask sequence) to an output realistic video. This method employed
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Tab;e 20 Dgep Leami“% .for video  References Methods Applications Key words
analysis anc understanding Tran et al. 3D CNN Video Spatiotemporal
(2015) classification feature fusion
for dynamic vi-
sual information
Feichten- Two-stream Video Integration of
hoferetal.  networks classification spatial and tem-
(2016) poral streams
Wang etal.  Temporal Seg- Video Sparse sampling
(2016) ment Networks  classification for long-term
temporal
dependencies
Qiu et al. Pseudo-3D Re- Video Decoupling
(2017) sidual Networks  classification spatial and tem-
poral operations
for efficiency
Lietal. UniFormer Video Local context
(2022) (Transformer) understanding  aggregation and
global attention
mechanisms
Walmer Multi- Video Balancing
etal. (2023) Entity Video understanding  spatiotemporal
Transformers redundancy and
dependency
Yang etal.  Temporal atten-  Video Prioritizing
(2020) tion mechanisms classification discriminative
frames and
actions
Cai and Cai  Hierarchical Video Enhanced
(2020) spatio-temporal  classification performance
transformers through hierar-
chical modeling
Kangetal.  Multi-stream Video Integration of
(2023) models classification RGB and mo-
tion pathways
for robust fea-
ture extraction
Oei et al. Time-aligned Behavior Local alignment
(2024), self-supervised recognition contrastive
Hadjietal.  methods loss, reduced
(2021) labeled data
dependency
Zhang et al. Spatio-temporal ~ Few-shot action Effective
(2020) attention recognition in low-data
scenarios
Han and Deltaframe Object Real-time ef-
Roy (2018)  method detection and ficiency through
tracking frame difference
processing

a temporal-spatial adversarial learning framework, incorporating a meticulously designed
generator and discriminator architecture to ensure temporal and spatial consistency in the
generated video. The method was particularly well-suited to the task of mapping from
sketches or poses to real videos. In contrast, the approach proposed by Kim et al. (2018)
focused on the re-animation of portrait videos, generating realistic videos of a target actor
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by transferring complete 3D head position, rotation, facial expression, eye gaze, and blink
information from the source actor. The core of this method was a generative neural network
that combined the synthetic rendering of a parametric face model to achieve high-fidelity
video generation.

Siarohin et al. (2019) presented an alternative innovative approach that facilitated the
animation of complex movements through self-supervised decoupling of appearance and
motion information using a set of learned keypoints and their local affine transformations.
This approach was notable for its independence from object-specific annotations, a char-
acteristic that facilitated its generalisability across diverse categories, such as faces or the
human body. In a related study, Chan et al. (2019) demonstrated the capacity to transfer
dance movements from source videos to target individuals, thereby generating realistic
dance videos through the utilisation of pose estimation and image synthesis techniques.
These techniques were particularly well-suited for entertainment and virtual reality applica-
tions. The seminal contributions of these early works laid the technical foundation for video
generation and editing, addressing the challenges of temporal inconsistency and suboptimal
visual quality in early video generation.

In recent years, advancements in generative models, such as diffusion models and
transformers, further refined the capabilities of video generation and editing, particularly
in terms of quality, temporal coherence, and controllability. A seminal contribution in this
area was made by Bar-Tal et al. (2024), who proposed Lumiere, a spatiotemporal diffusion
model that generated videos directly in the spatiotemporal domain. This model significantly
improved the coherence and visual fidelity of the generated videos by combining spatial
and temporal information. This approach was shown to excel in generating extended videos
and complex scenes, thus providing novel concepts for high-dynamic video generation.
Hu (2024) focused on consistent and controllable image-to-video synthesis, especially for
character animation applications. The proposed method ensured consistency in terms of the
appearance and movements of the characters by enhancing the control over the generated
content, and was suitable for animation production and virtual character generation. Qing
et al. (2024) proposed a hierarchical spatio-temporal decoupling method, HiGen, for text-to-
video generation, which effectively addressed the challenge of generating complex videos
from text descriptions by decomposing the generation process into manageable parts. The
method demonstrated particular proficiency in processing extensive text inputs and generat-
ing a wide variety of videos.

In contrast, Zeng et al. (2024) directed their attention towards the domain of high-
dynamic video generation, with the objective of generating videos characterised by intricate
motion and substantial dynamic range. The generation of more realistic motion effects was
achieved by optimising the training strategy of the diffusion model. Lin et al. (2024) pro-
vided an open-source large-scale video generation model, Open-Sora Plan, with the aim of
providing the research community with powerful tools to support a variety of generation
tasks, such as text-to-video and image-to-video. The project was based on the latest diffu-
sion model and large language model technology, emphasised openness and accessibility,
and promoted further innovation in this field. Table 21 can be used to summarize key infor-
mation about the methods mentioned in this section.
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Table 21 Deep learning for video  References

Methods

Applications

Key words

generation and editing Tulyakov

etal. (2018)

Wang et al.
(2018)

Kim et al.
(2018)

Siarohin
etal. (2019)

Chan et al.
(2019)

Bar-Tal
et al. (2024)

Hu (2024)

Qing et al.
(2024)

Zeng et al.
(2024)

Lin et al.
(2024)

MoCoGAN

Video-to-Video
Synthesis

Generative neu-
ral network

First Order Mo-
tion Model

Pose estima-
tion and image
synthesis

Lumiere (Spatio-
temporal Diffu-
sion Model)

Animate Anyone

HiGen

Diffusion model
optimization

Open-Sora Plan

Video
generation

Video synthesis

Portrait video

re-animation

Image animation

Dance video
generation

Video
generation

Image-to-video
synthesis

Text-to-video
generation

High-dynamic
video generation

Video
generation

Decomposition
of motion and
content, tempo-
ral coherence
Temporal-spa-
tial adversarial
learning, map-
ping sketches to
videos

Transfer of 3D
head posi-
tion and facial
dynamics

Self-supervised
decoupling,

keypoint-based
motion transfer

Transfer dance
movements,
entertainment
applications
Spatiotem-
poral domain
generation, high
coherence
Consistent
and control-
lable character
animation

Hierarchical
spatio-temporal
decoupling,
complex video
generation
Realistic motion
effects, intricate
motion handling
Open-source,
supports text-
to-video and
image-to-video
tasks

6.3 Video enhancement and repair

The initial advancements in the domains of video enhancement and restoration were pre-
dominantly reliant on conventional image processing methodologies. These methods estab-
lished the foundation for subsequent research in the field. Notable among these classical
methods are histogram equalisation and its adaptive variants, including contrast-limited
adaptive histogram equalisation (CLAHE) (Reza 2004). These techniques have been exten-
sively applied in the context of video frame processing, with the objective of enhancing
image contrast. The Retinex theory (Land and McCann 1971), which models human colour
perception, has inspired illumination normalisation and colour correction algorithms such
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as the multi-scale Retinex of Jobson et al. (1997), which improves visual quality in low-
light conditions by decomposing an image into reflectance and illumination components.
For video-specific challenges, spatiotemporal filters such as the non-local mean algorithm
of Buades et al. (2005) are used to maintain interframe consistency, especially in denoising
tasks. Despite the computational efficiency of these conventional approaches, their efficacy
is constrained in complex scenarios, such as low-light conditions or high dynamic range.

The advent of deep learning witnessed the emergence of pioneering methods that incor-
porated learning frameworks, thereby inaugurating novel avenues for video enhancement
and restoration. A notable example is the work of Kappeler et al. (2016) utilised CNNs for
the purpose of video super-resolution, marking the first instance of deep learning being
applied to the field of video enhancement. Zhang et al. (2017) proposed DnCNN, which pro-
vided a residual learning framework for image denoising. Although these initial applications
were focused on images, the concept was later expanded to encompass video processing by
incorporating temporal information to process frame sequences. Despite the evident supe-
riority of these pioneering deep learning methods in terms of performance when compared
to traditional approaches, challenges persist in terms of temporal consistency and computa-
tional efficiency when processing extended videos or dynamic scenes.

In recent years, the development of deep learning technology has had a significant impact
on the field of video enhancement and restoration, particularly in the areas of low-light
conditions, temporal consistency and restoration tasks. Tu et al.’s MAXIM (Tu et al. 2022)
employd a multi-axis MLP architecture to capture long-distance dependencies, rendering
it suitable for low-level visual tasks such as enhancement and denoising. Guo et al. (2020)
introduced the Zero-DCE method, which uses a zero-sample learning method to achieve
low-light image enhancement through deep curve estimation and is extended to the video
domain. In addition, for video restoration, Deep Video Inpainting by Kim et al. (2019) used
a deep network architecture to synthesise unknown regions by collecting and refining infor-
mation from neighbouring frames to ensure spatial and temporal consistency. The efficacy
of these methods in processing complex scenes, such as fast-moving objects or low-light
conditions, is well-documented. However, challenges remain with regard to the efficiency
of video processing and the diversity of generated content. Table 22 can be used to sum-
marize key information about the methods mentioned in this section.

7 Deep learning for natural language processing

Deep learning has revolutionized natural language processing (NLP) by enabling machines
to understand, generate, and interact with human language in unprecedented ways. This
section explores the key advancements in text analysis, generation, and cross-modal appli-
cations that have driven this transformation.

7.1 Text representation and structured analysis

In the field of natural language processing (NLP), text representation and structured analysis

are core tasks, involving the conversion of text into a vector representation that is compre-
hensible to machines, as well as the parsing of the grammatical and semantic structure of
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Table 22 Deep leaming for video  References Methods Applications Key words
enhancement and repair Reza (2004) CLAHE Video frame Contrast-lim-
enhancement ited adaptive
histogram
equalisation
Land and Retinex Illumination Models
McCann theory normalisation human colour
(1971) perception,
inspires colour
correction
Jobson et al. Multi-scale Low-light Decomposes
(1997) Retinex enhancement image into
reflectance and
illumination
Buades et al. Non- Video denoising Spatiotem-
(2005) local mean poral filters,
algorithm maintains
interframe
consistency
Kappeler CNN Video First ap-
et al. (2016) super-resolution plication of
deep learning
in video
enhancement
Zhang etal. DnCNN Image and video Residual learn-
(2017) denoising ing frame-
work, extends
to video
processing
Tu et al. MAXIM Video enhancement ~ Multi-axis
(2022) and denoising MLP, captures
long-distance
dependencies
Guo et al. Zero-DCE Low-light video Zero-sample
(2020) enhancement learning,
deep curve
estimation
Kim et al. Deep Video  Video restoration Synthesises
(2019) Inpainting unknown re-

gions, ensures
spatial-tempo-
ral consistency

sentences. These technologies play a key role in machine translation, dialogue systems and

information extraction.

Before the popularity of deep learning, NLP mainly relied on traditional methods. Text
representations often use one-hot encoding (Rodriguez et al. 2018), bag-of-words (Zhang
et al. 2010) or TF-IDF (Aizawa 2003). These methods are simple but cannot capture the
semantic relationships between words. For example, bag-of-words ignores word order and
context, and cannot distinguish between the different meanings of ‘bank’ in finance or in
a river. Structured analysis tasks such as syntactic parsing and named entity recognition
(NER) rely on rule systems or statistical models such as hidden Markov models (HMMs)
(Eddy 1996) and conditional random fields (CRFs) (Sutton et al. 2012). These methods
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require a lot of feature engineering and have limited generalisation capabilities, especially
across languages or in complex domains.

The introduction of deep learning marked a major turning point in NLP, starting with
the development of distributed word embeddings. Mikolov et al. (2013) proposed Word-
2Vec, which learns word embeddings via skip-gram and CBOW models, capturing semantic
similarities such that ‘king’ and ‘queen’ are close in the vector space. GloVe by Pennington
et al. (2014) generates embeddings using global word co-occurrence statistics, emphasising
semantic relationships with linear substructures. These static embeddings provide a basis
for subsequent tasks. Subsequently, contextualised embedding models emerged. CNNs and
RNNSs are also widely used in NLP tasks. Chen (2015) demonstrated the effectiveness of
CNNss in sentence classification, extracting local features via convolution and pooling oper-
ations. Huang et al. (2015) combined bidirectional LSTM and CRF for sequence labelling
tasks such as NER, significantly improving performance.

The emergence of the Transformer model has further promoted the development of this
field. Devlin et al. (2019) proposed Bidirectional Encoder Representations from Trans-
formers (BERT), which is pre-trained on large corpora using a masked language model
and a next sentence prediction task to generate contextualized representations. Liu et al.
(2019) proposed RoBERTa, which optimizes the pre-training process of BERT by adjusting
the training data and hyperparameter to further improve performance. These models have
excelled in a variety of NLP tasks, including text classification, question answering, and
structured prediction.

Transformer models have shown strong capabilities in structured analysis tasks. Kitaev
and Klein (2018) used self-attention encoders for composition parsing and demonstrated
that Transformers can effectively model the hierarchical structure of language. Tan et al.
(2018) applied self-attention to semantic role labeling (SRL) and improved the ability to
extract semantic relationships in complex sentences. In addition, recent studies such as
Graph-to-Graph Transformer proposed by Mohammadshahi and Henderson (2019) have
further explored graph-based parsing methods, especially in dependency parsing of transi-
tion systems. Table 23 can be used to summarize key information about the methods men-
tioned in this section.

7.2 Text generation and interactive applications

In the field of NLP, text generation and interactive applications are core tasks. They involve
converting language into a form that machines can understand and generating naturally
flowing text to support applications such as dialogue systems, chatbots and information
generation. These technologies play a key role in enhancing the human—machine interaction
experience and automating content creation.

Before the introduction of deep learning, text generation mainly relied on traditional
methods such as rule-based template generation and statistical language models. For exam-
ple, n-gram models (Brown et al. 1992) generate text by statistically probabilistic word
sequences, but fail to capture long-distance dependencies and semantic relationships. Inter-
active applications such as early dialogue systems relied on finite state machines or scripted
responses (Lee and Yannakakis 1996), lacking flexibility and contextual understanding.
These methods are simple to implement, but the generated results are often stiff and difficult
to adapt to complex scenarios or cross-language needs.
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Table 23 Deep learning for natu-  References

Methods

Applications

Key words

ral language processing Rodrigucz

etal.
(2018)
Zhang et al.
(2010)

Aizawa
(2003)

Eddy
(1996)

Sutton
et al.
(2012)
Mikolov
et al.
(2013)
Penning-
ton et al.
(2014)
Chen
(2015)

Huang
et al.
(2015)
Devlin
et al.
(2019)

Liu et al.
(2019)

Kitaev
and Klein
(2018)
Tan et al.
(2018)

Moham-
mad-

shahi and
Henderson
(2019)

One-hot encoding

Bag-of-words

TF-IDF

Hidden Markov
Models (HMMs)

Conditional
Random Fields
(CRFs)

Word2Vec

GloVe

CNN

Bidirectional
LSTM + CRF

BERT

RoBERTa
Self-attention
(Transformer)

Self-attention
(Transformer)

Graph-to-Graph
Transformer

Text
representation

Text
representation

Text
representation

Syntactic pars-
ing, NER

Structured
analysis

Distrib-
uted word
embeddings
Word
embeddings

Sentence
classification

Sequence label-
ing (e.g., NER)

Contextual
embeddings

Text classifica-
tion, QA

Constituency
parsing

Semantic role
labeling (SRL)

Dependency
parsing

Simple encod-
ing, no semantic
relationships
Ignores word
order and
context

Term frequency-
inverse docu-
ment frequency
Statistical
model, feature
engineering
Sequence mod-
eling, limited
generalization
Skip-gram,
CBOW, seman-
tic similarity
Global co-oc-
currence, linear
substructures
Convolu-

tion, pooling,
local feature
extraction

Contextual fea-
tures, improved
performance
Masked lan-
guage model,
next sentence
prediction
Optimized
BERT, enhanced
pre-training
Hierarchi-

cal structure
modeling
Semantic
relationship
extraction
Graph-based
parsing, transi-
tion systems

The introduction of deep learning marked a major turning point in text generation and
interactive applications, and sequence-to-sequence models began to emerge. Bahdanau
et al. (2014) proposed an attention mechanism method that improves the quality of genera-
tion by dynamically aligning input and output sequences, laying the foundation for subse-
quent research. Vaswani (2017) proposed the Transformer architecture method, which relies
on self-attention mechanisms to generate high-quality text, significantly accelerates train-
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ing, and promotes the development of large-scale language models. Radford et al. (2019)
proposed the GPT-2 unsupervised multi-task learning method, which generates natural text
using large-scale pretraining and is suitable for a variety of interactive scenarios. Subse-
quently, Brown et al. (2020) proposed the GPT-3 few-shot learning method, which further
demonstrated the potential of ultra-large-scale models in dialogue generation.

Deep learning models have demonstrated stronger capabilities in the fields of dialogue
systems and interactive applications. Li et al. (2016) proposed a deep reinforcement learn-
ing method that enhances the interactive experience by optimizing dialogue consistency and
informativeness through a reward mechanism. Zhang et al. (2019) proposed the DIALOGPT
dialogue response generation method, which generates fluent dialogue text based on the
GPT architecture, which has promoted the development of open-domain chatbots. Bao et al.
(2020) proposed the PLATO-2 curriculum learning method, which improves the quality of
open-domain dialogues through step-by-step training. Faltings et al. (2023) proposed an
interactive text generation method that uses user feedback to enhance model adaptability,
which is particularly suitable for real-time interactions. These techniques have together pro-
moted the evolution of text generation from static output to dynamic interaction, although
the issues of generation consistency and ethics still need to be further explored. Table 24 can
be used to summarize key information about the methods mentioned in this section.

Table 24 Deep Legrping for References Methods Applications  Key words
;extlij:ie;a]tslon and interactive Brown et al. N-gram Text Probabilistic
PP (1992) models generation word sequences,
no long-distance
dependencies
Lee and Yan-  Finite state Early dialogue Scripted re-
nakakis (1996) machines systems sponses, limited
flexibility
Bahdanau Attention Sequence- Dynamic align-
etal. (2014) mechanism to-sequence ment, improved
generation generation quality
Vaswani Transformer High- Self-attention,
(2017) quality text large-scale lan-
generation guage models
Radford etal. GPT-2 Unsuper- Multi-task learn-
(2019) vised text ing, natural text
generation output
Brown et al. GPT-3 Dialogue Few-shot learn-
(2020) generation ing, ultra-large-
scale models
Lietal. (2016) Deep rein- Dialogue Reward mecha-
forcement systems nism, consistency,
learning informativeness
Zhang et al. DIALOGPT Dialogue GPT-based, fluent
(2019) response open-domain
generation chatbots
Bao et al. PLATO-2 Open-domain  Curriculum learn-
(2020) dialogue ing, step-by-step
training
Faltings et al.  Interactive text Real-time User feed-
(2023) generation interaction back, model
adaptability
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7.3 Cross-modal integration and advanced scenarios

Before the popularization of deep learning, cross-modal integration usually relied on
manually designed features and independent processing pipelines. Fusion occurred at the
decision level, making it difficult to capture the complex interactions between modalities.
Frome et al. (2013) proposed the DeViSE model, which learns a shared embedding space
for images and text and supports zero-shot image classification. This work laid the founda-
tion for cross-modal representation learning. Karpathy and Fei-Fei proposed (Karpathy and
Fei-Fei 2015) a method to align image regions with words in sentences, facilitating image
caption generation and establishing a correspondence between visual and textual data. Viny-
als et al. (2015) developed the ‘Show and Tell’ model, which combines CNNs and RNNs to
generate natural language descriptions of images, demonstrating the potential of end-to-end
learning. Antol et al. (2015) introduced the visual question answering (VQA) task, which
requires models to answer image-related questions by integrating visual and textual infor-
mation, driving the diversification of cross-modal tasks.

In recent years, the rise of large-scale pre-trained models has significantly improved the
ability of cross-modal integration. Radford et al. (2021) proposed the CLIP model, which
was trained with a large-scale image-text pair dataset and supported zero-shot classifica-
tion and other tasks, demonstrating the versatility of cross-modal representation learning.
Ramesh et al. (2021) introduced DALL E, a Transformer-based model that can generate
images from text descriptions, demonstrating advanced cross-modal generation capabilities.
Zhang et al. (2021) improved visual feature extraction through VinVL, improving the per-
formance of benchmarks such as image captioning and VQA, emphasising the importance
of visual representation. Lu et al. (2022) proposed the COTS dual-stream model for cross-
modal retrieval, integrating visual and textual information to achieve state-of-the-art results,
demonstrating the potential of the dual-stream architecture in retrieval tasks.

In advanced scenarios, cross-modal integration plays a key role in complex applica-
tions. In the field of medical imaging, Dunnmon et al. (2020) developed weakly supervised
techniques for cross-modal data programming, which can significantly reduce develop-
ment costs by using auxiliary modalities (such as text reports) to generate training labels,
reducing the labeling workload. This is applicable to clinical tasks such as radiology and
CT scans. In the field of autonomous driving, Huang et al. (2022) investigated multimodal
sensor fusion techniques, emphasising the importance of integrating LiDAR, camera and
radar data for accurate perception and safe navigation, and discussed current challenges and
future directions. These applications demonstrate the potential of cross-modal integration in
processing complex, real-world data. Table 25 can be used to summarize key information
about the methods mentioned in this section.

8 Deep learning for 3D data processing

The application of deep learning in the field of 3D data processing is becoming more and
more widespread, bringing revolutionary breakthroughs to computer vision and related
technologies. This chapter will explore in depth how deep learning can help with the analy-
sis and generation of 3D data, covering multiple key areas from object recognition to scene
understanding and then to 3D model reconstruction.
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Table 25 (?T‘?p learning ford References Methods Applications Key words
cross-moda 1ntegrat10n an Frome et al. DeViSE Zero-shot image Shared embed-
advanced scenarios . . .

(2013) classification ding space,
image-text
alignment

Karpathy Region-word Image caption ~ Visual-textual

and Fei-Fei alignment generation correspondence

(2015)

Vinyals Show and Tell Image descrip-  End-to-end

etal. (2015) (CNN+RNN) tion generation learning, natural
language output

Antol etal. VQA task Visual question  Visual-textual

(2015) answering integration, task
diversification

Radford CLIP Zero-shot Large-scale pre-

etal. (2021) classification training, versatile
representation

Ramesh DALL E Text-to-image  Transformer-

etal. (2021) generation based, cross-
modal generation

Zhang et al. VinVL Image caption-  Enhanced

(2021) ing, VQA visual features,
benchmark
improvement

Luetal. COTS Cross-modal Visual-textual

(2022) (dual-stream) retrieval integration,
state-of-the-art

Dunnmon  Weakly super- Medical imag-  Cross-modal data

etal. (2020) vised learning ing (radiology,  programming,

CT) reduced labeling
Huang et al. Multimodal sen- Autonomous LiDAR-camera-
(2022) sor fusion driving radar integration,

safe navigation

8.1 3D object recognition and classification

Before the popularisation of deep learning, 3D object recognition mainly relied on hand-
designed feature descriptors. Johnson and Hebert (1999) proposed the Spin Images method,
which captures the local shape of a point cloud by creating 2D histograms, and is suitable
for efficient object recognition in cluttered scenes. Chen and Bhanu (2007) introduced the
Local Surface Patches method, which describes local geometry using surface normal and
curvature, and is suitable for free-form object recognition in range images. These methods
perform poorly on sparse point clouds or occluded/overlapping objects.

Qi et al. (2017a) proposed the PointNet method, which is the first deep learning archi-
tecture that directly processes unordered point clouds. It solves the problem of permutation
invariance in classification and segmentation tasks and lays the foundation for deep learn-
ing of point clouds. In the same year, Qi et al. (2017b) further proposed PointNet++, which
captures local structures at different scales through hierarchical feature learning, improv-
ing performance in complex scenes. Wang et al. (2019) developed Dynamic Graph CNN
(DGCNN), which uses dynamic graphs to model interactions between points, enhancing the
flexibility of feature extraction. Thomas et al. (2019) proposed KPConv, a deformable con-
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volution operator that allows the network to adapt to local geometric changes, significantly
improving the performance of point cloud classification and segmentation tasks.

Transformers have potential in point cloud processing, especially in capturing global
context. Zhao et al. (2021) introduced Point Transformer, which applies a self-attention
mechanism to capture long-range dependencies in point clouds and achieves significant
improvements in semantic segmentation tasks. Yu et al. (2022) developed Point-BERT,
which pretrains a point cloud Transformer with mask point modeling to enhance feature
learning capabilities and is suitable for a variety of downstream tasks. Table 26 can be used
to summarize key information about the methods mentioned in this section.

8.2 3D scene understanding and segmentation

Before the popularisation of deep learning, 3D scene understanding mainly relied on tra-
ditional methods such as clustering and region growing based on geometric features. With
the development of deep learning, the introduction of large-scale datasets has become cru-
cial. Armeni et al. (2016) proposed the S3DIS dataset, which contains point cloud data of
six large indoor areas, with each point annotated with 13 semantic categories, providing a
benchmark for indoor scene segmentation. Dai et al. (2017) launched ScanNet, which pro-
vides 3D reconstruction and semantic annotation of more than 1500 indoor scenes, covering
a wide range of scene types. These datasets have promoted the development and evaluation
of subsequent methods.

Qi et al. (2017a) proposed PointNet, which solves the permutation invariance problem
in classification and segmentation tasks and lays the foundation for deep learning of point

Table 26 Deep learning for References  Methods Applications Key words
3D object recognition and - - - -
classification Johnson Spin Images Object recogni- 2D histograms,
and Hebert tion in cluttered local shape
(1999) scenes capture
Chen and Local Surface  Free-form object Surface normal,
Bhanu Patches recognition curvature, range
(2007) images
Qietal. PointNet Point cloud Permutation
(2017a) classification, invariance,
segmentation unordered point
clouds
Qietal. PointNet++ Complex scene  Hierarchical
(2017b) recognition feature learning,
local structures
Wang etal.  Dynamic Feature extrac-  Dynamic graphs,
(2019) Graph CNN tion in point point interactions
(DGCNN) clouds
Thomas KPConv Point cloud Deformable
etal. (2019) classification, convolution,
segmentation local geometry
adaptation
Zhao et al. Point Semantic Self-attention,
(2021) Transformer segmentation long-range
dependencies
Yu et al. Point-BERT Downstream Pretraining, mask
(2022) point cloud point modeling,
tasks feature learning
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clouds. PointNet++ (Qi et al. 2017b) improves performance in complex scenes by captur-
ing local structures at different scales through hierarchical feature learning. Tchapmi et al.
(2017) proposed SEGCloud, which combines 3D CNNs and CRFs to achieve semantic
segmentation of point clouds, achieving an mloU of 60.3% on the S3DIS dataset.

Thomas et al. (2019) proposed KPConv, a deformable convolution operator that allows
the network to adapt to local geometric changes, significantly improving the performance of
the point cloud segmentation task. Hu et al. (2020) proposed RandLA-Net, which efficiently
processes large-scale point clouds through random sampling and local feature aggregation,
and is particularly suitable for outdoor scenes such as Semantic3D (Hackel et al. 2017).
Zhao et al. (2021) introduced Point Transformer, which applies a self-attention mechanism
to capture long-distance dependencies in point clouds. Qian et al. (2022) re-examined Point-
Net++ through PointNeXt, integrated improved training strategies and model scaling tech-
niques, setting a new top performance on ScanNet. Rozenberszki et al. (2024) proposed
UnScene3D, exploring the application of unsupervised learning in 3D instance segmenta-
tion, and improved the performance of indoor scene segmentation through self-supervised
pseudo-label generation, especially improving the AP score on ScanNet by 300%. Table 27
can be used to summarize key information about the methods mentioned in this section.

Table 27 Deep learning for References ~ Methods Applications Key words
g;sf;zggsemandmg and Armeni et al. S3DIS dataset Indoor scene Point cloud data,
(2016) segmentation 13 semantic
categories
Dai et al. ScanNet 3D reconstruc- 1500+ indoor
(2017) dataset tion, semantic  scenes, diverse
annotation scene types
Qietal. PointNet Point cloud Permutation invari-
(2017a) segmentation ance, foundational
deep learning
Qietal. PointNet++ Complex scene  Hierarchical fea-
(2017b) segmentation ture learning, local
structures
Tchapmi SEGCloud Semantic 3D CNNs, CRFs,
etal. (2017) segmentation 60.3% mloU on
S3DIS
Thomas KPConv Point cloud Deformable convo-
et al. (2019) segmentation lution, local geom-
etry adaptation
Hu et al. RandLA-Net Large-scale Random sampling,
(2020) outdoor local feature
segmentation aggregation
Zhao et al. Point Semantic Self-attention,
(2021) Transformer  segmentation long-distance
dependencies
Qian et al. PointNeXt Scene Improved Point-
(2022) segmentation Net++, model scal-
ing, top ScanNet
performance
Rozenber- UnScene3D 3D instance Unsupervised
szki et al. segmentation learning, pseudo-
(2024) labels, 300% AP
boost
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8.3 3D reconstruction and generation

In the early days, 3D reconstruction mainly relied on traditional computer vision methods,
covering techniques such as motion from structure, shape from shadow and surface recon-
struction. Longuet-Higgins (1981) proposed an algorithm for reconstructing a scene from
two projections, introducing the eight-point algorithm and laying the foundation for multi-
view 3D reconstruction. Hoppe et al. (1992) developed a method for reconstructing sur-
faces from unorganized point clouds, which generates a simplified surface approximation
of an unknown manifold by triangulation, and is widely used in the processing of scanned
data. Seitz et al. (2006) compared various multi-view stereo algorithms, providing a quan-
titative evaluation framework and setting a benchmark for subsequent research. Kazhdan
et al. (2006) proposed a Poisson surface reconstruction method, which formulates surface
reconstruction as a spatial Poisson problem and is robust to noise. Experiments show that it
reconstructs a more detailed surface than before on publicly available scanned data.

The application of deep learning techniques has significantly advanced the field of 3D
reconstruction and generation. Choy et al. (2016) proposed 3D-R2N2, which uses a recur-
rent neural network to uniformly process single-view and multi-view 3D object reconstruc-
tion, and generates a voxel representation through a 3D convolutional network, achieving
80% IoU on the ShapeNet dataset (Chang et al. 2015). Mescheder et al. (2019) proposed
the occupancy network, which learns 3D reconstruction in the function space, representing
shape through an implicit function, supporting complex topologies. Park et al. (2019) devel-
oped DeepSDF, which represents shapes using a continuous signed distance function, suit-
able for high-resolution model generation. Mildenhall et al. (2021) proposed NeRF, which
represents scenes as neural radiance fields, for high-quality view synthesis, significantly
improving the detail and realism of novel view generation. In addition, Wu et al. (2016)
proposed 3D GAN, which learns the probability latent space of object shapes through gen-
erative adversarial networks, opening up research on 3D generative models. Table 28 can be
used to summarize key information about the methods mentioned in this section.

9 Experience results
9.1 Deep learning for image denoising
9.1.1 Deep learning for additive white noise image denoising

To evaluate the performance of the additive white noisy image denoising methods discussed
in Sect. 4.1.1, we utilize the BSD68 (Schmidt and Roth 2014), Set12 (Dabov et al. 2007),
CBSD68 (Martin et al. 2001), Kodak24 (Franzen 1999), and McMaster (Zhang et al. 2011)
datasets to evaluate denoising effect of deep learning techniques. Most denoising methods
employ Peak Signal-to-Noise Ratio (PSNR) (Hore and Ziou 2010) as a quantitative metric.
Table 29 presents PSNR values of various networks at different noise levels in additive
white noisy image denoising. For assessing the denoising capability of different networks
on a single grayscale additive white noise image, we conduct test on Setl2 dataset and
its results displayed in Table 30. Additionally, Table 31 illustrates denoising performance
of various methods applied to color additive white noisy images. To qualitatively analyze
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Table 28 Deep learning for 3D
reconstruction and generation

References Methods Applications Key words
Longuet-Hig-  Eight-point Multi-view 3D Scene recon-
gins (1981) algorithm reconstruction struction, two
projections
Hoppe et al. Surface Processing Triangula-
(1992) reconstruction  scanned point tion, simpli-
clouds fied surface
approximation
Seitz et al. Multi-view ste-  Evaluation Quantitative
(2006) reo comparison framework benchmark,
stereo
algorithms
Kazhdan et al. Poisson surface Noisy data Spatial Pois-
(2006) reconstruction  reconstruction son problem,
detailed
surfaces
Choy et al. 3D-R2N2 Single/multi-view RNN, voxel
(2016) reconstruction representa-
tion, 80%
IoU on
ShapeNet
Mescheder Occupancy 3D shape Implicit func-
etal. (2019) Network reconstruction tion, complex
topologies
Park et al. DeepSDF High-resolution  Signed
(2019) shape generation ~ distance
function,
continuous
representation
Mildenhall NeRF View synthesis Neural radi-
et al. (2021) ance fields,
high-quality
realism
Wu et al. 3D GAN 3D generative Generative
(2016) modeling adversarial
networks,

latent space

denoising effects, we provide visual comparisons via comparing clarities of observation
areas of obtained visual figures from different methods as shown in Figs. 5, 6 and 7, where
a clearer observation area indicates more effective denoising of its corresponding method.

9.1.2 Deep learning for image blind denoising

Blind denoising methods refer to obtained denoisers without any known priors. To evaluate
their denoising performance, we conduct experiments via using state-of-the-art denoising
methods, i.e., DnCNN (Zhang et al. 2017), FFDNet (Zhang et al. 2018), ADNet (Tian et al.
2020), SCNN (Pan et al. 2018) on public datasets containing BSD68 (Schmidt and Roth
2014) and Set12 (Dabov et al. 2007) datasets. Their denoising PSNR results are shown in
Tables 32 and 33.
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Table 29 PSNR(dB) of differ.ent Denoising methods 15 25 50
rfneth"ds on the BSDO8 for dif- R et al. 2011) 3107 2857 2562
erent noise levels (i.e., 15, 25

and 50) MLP (Burger et al. 2012) - 28.96 26.03
CSF (Schmidt and Roth 2014) 3124 2874 -
TNRD (Chen and Pock 2016) 31.42 28.92 25.97
ECNDNet (Tian et al. 2019) 31.71 29.22 26.23
RED (Mao et al. 2016) - - 26.35
DnCNN (Zhang et al. 2017) 3172 2923 26.23
DDRN (Wang et al. 2017) 31.68  29.18  26.21
MemNet (Tai et al. 2017) - - 26.35
MWCNN (Liu et al. 2018) 31.86 2941 26.53
MPFE-CNN (Kadimesetty et al. 2018) ~ 31.79  29.31 26.34
IRCNN (Zhang et al. 2017) 31.63  29.15  26.19
FFDNet (Zhang et al. 2018) 31.62  29.19 2630
BRDNet (Tian et al. 2020) 3179 2929 26.36
ADNet (Tian et al. 2020) 31.74 2925 2629
DAGL (Mou et al. 2021) 3193 2946 2651
AGP-Net (Jiang et al. 2023) 31.02 2959 2671
GAIiA-Net (Jiang et al. 2023) 3209  29.67  26.75
DRUNet (Fang et al. 2021) 31.91 2948  26.59
EFF-Net (Freeman et al. 2018) 31.92 29.49 26.61
CTNet (Tian et al. 2024) 31.94 2946 2649

9.1.3 Deep learning for real image denoising

We selected public datasets, i.e., DND (Plotz and Roth 2017), SIDD (Abdelhamed et al.
2018), Nam (Nam et al. 2016) and cc (Luccioni and Viviano 2021) to verify denoising
performance of deep learning techniques on real images. To test applicability of obtained
denoisers, we add several traditional denoising methods as comparative denoising methods.
As shown in Table 34, DRDN has achieved the best denoising performance on DND and
SSID datasets. As shown in Table 35, the AGAN method has achieved the best performance
in terms of compressed noisy image denoising. As shown in Table 36, SDNet and BRDNet
methods achieve the best performance for real noisy images with different ISO values.

9.2 Deep learning for image super-resolution
9.2.1 Deep learning for supervised image super-resolution

Most of existing super-resolution methods are supervised super-resolution methods, which
use paired LR-HR images to obtain super-resolution models. We use PSNR and SSIM (Seti-
adi 2021) as metrics to evaluate super-resolution performance of different methods. We
select five commonly used super-resolution datasets such as Set5 (Bevilacqua et al. 2012),
Set14 (Zeyde et al. 2012), BSD100 (Martin et al. 2001), Urban100 (Huang et al. 2015)
and Mangal09 (Matsui et al. 2017) for testing effects of recovering images from different
image super-resolution methods. We test super-resolution performance of different deep
learning methods for different scales. As increasement of magnification, super-resolution
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Table 31 PSNR(dB) of different on the CBSD68, Kodak24 and McMaster for different noise levels (i.e., 15,
25, 35, 50 and 75)

Datasets Methods 15 25 35 50 75
CBSD68 CBM3D (Dabov et al. 2007) 33.52 30.71 28.89 27.38 25.74
DnCNN (Zhang et al. 2017) 33.98 31.31 29.65 28.01 -
DDRN (Wang et al. 2017) 33.93 31.24 - 27.86 -
BM3D-Net (Yang and Sun 2017) 33.79 30.79 - 27.48 -
IRCNN (Zhang et al. 2017) 33.86 31.16 29.50 27.86 -
FFDNet (Zhang et al. 2018) 33.80 31.18 29.57 27.96 26.24
BRDNet (Tian et al. 2020) 34.10 3143 29.77 28.16 26.43
ADNet (Oktay et al. 2018) 33.99 31.31 29.66 28.04 26.33
Kodak24 CBM3D (Dabov et al. 2007) 34.28 31.68 29.90 28.46 26.82
DnCNN (Zhang et al. 2017) 34.73 32.23 30.64 29.02 -
IRCNN (Zhang et al. 2017) 34.56 32.03 30.43 28.81 -
FFDNet (Zhang et al. 2018) 34.55 32.11 30.56 28.99 27.25
BRDNet (Tian et al. 2020) 34.88 3241 30.80 29.22 27.49
ADNet (Oktay et al. 2018) 34.76 32.26 30.68 29.10 27.40
McMaster CBM3D (Dabov et al. 2007) 34.06 31.66 29.92 28.51 26.79
DnCNN (Zhang et al. 2017) 34.80 - 3091 29.21 -
IRCNN (Zhang et al. 2017) 34.58 32.18 30.59 28.91 -
FFDNet (Zhang et al. 2018) 3447 32.25 30.76 29.14 27.29
BRDNet (Tian et al. 2020) 35.08 32.75 31.15 29.52 27.72
ADNet (Oktay et al. 2018) 34.93 32.56 31.00 29.36 27.53

(e) ® (€3} (b

Fig.5 Denoising results of different methods on one image from Set12 when noise level is 15. a Original
image b Noisy image ¢ DnCNN d FFDNet e ADNet f BRDNet g ECNDNet h RDDCNN

performance of different methods may decrease. Their comparison results are shown in
Tables 37, 38 and 39.

To compare super-resolution performance of different deep learning methods, we test dif-
ferent super-resolution methods on B100 and Set5 datasets, respectively. As shown in Figs.
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(@) () (©) (d)

(e ® (@) ()
Fig. 6 Denoising results of different methods on one image from BSD68 when noise level 25. a Original
image b Noisy image ¢ DnCNN d FFDNet e ADNet f BRDNet g ECNDNet h RDDCNN

Fig. 7 Denoising results of different methods on one image from BSD68 when noise level is 50. a Origi-
nal image b Noisy image ¢ DnCNN d FFDNet e ADNet f BRDNet g ECNDNet h RDDCNN

Table 32 PSNR (dB) of differ- Methods 15 25 50

ﬁ?&é’r’fﬁlﬁ‘iﬁsﬁ“lé}iiisﬁfgl g"rz s DnCNN-B (Zhang etal. 2017) 3161 29.16 2623

and 50 FFDNet (Zhang et al. 2018) 31.62 29.19 2630
SCNN (Pan et al. 2018) 31.48 29.03 26.08
ADNet-B (Oktay et al. 2018) — 29.00 2595
DnCNN-SURE-T (Soltanayev and Chun - 29.20 26.22
2018)
DnCNN-MSE-GT (Soltanayev and Chun 31.55 2893 2573
2018)
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8 and 9, the observed area is clearer, the corresponding method has better super-resolution
performance.

9.2.2 Deep learning for unsupervised image super-resolution

Unsupervised image denoising methods do not require clean images as references, which
are suitable for scenarios. Specifically, labeled data is scarce, i.e., low-light image enhance-
ment, old photo restoration, etc. We tested some unsupervised image denoising methods on
NTIRE 2018 Track 2 dataset (Timofte et al. 2017), and their results are shown in Table 40.

9.3 Deep learning forimage deblurring

To verify deblurring performance of deep learning methods, we conducted some experi-
ments via using different networks on the Set5, Set14, BSD100 and Urban100 datasets in
terms of quantitative and qualitative evaluations. PSNR and SSIM are used to as evaluation
metrics to test performance of image deblurring from various deep learning methods, i.e.,
SRCNN, FSRCNN, VDSR, RDN, D-DBPN, EDSR and GCEDSR. Detailed test results of
these methods are presented in Table 41. Visual compressions of typical deblurring methods
can be shown in Fig. 10.

9.4 Deep learning for image classification
9.4.1 Deep learning for medical image classification

The challenges of medical image classification come from: (1) the complexity of image
data: the quality of images generated by medical imaging modalities has been improved, but
the image information captured by medical imaging modalities is not complete and clear. (2)
Complexity of imaging model: medical imaging involves different applications on different
structures and features of the human body (Miranda et al. 2016). Thus, medical imaging
needs to interpret objects based on prior knowledge and identify different tissue structures.
Due to the wide range of medical images, we selected the ISIC2018 (Milton 2019) and
Covid19 (Yang et al. 2020) datasets to test performance of medical image classification
method based deep learning techniques, obtained results of deep networks are shown in
Tables 42 and 43.

9.4.2 Deep learning for face image classification

In human social interaction, facial expressions are key non-verbal signals that convey emo-
tions, intentions, and mental states. With the rapid development of artificial intelligence
technology, facial expression recognition has become a hot research direction in the field
of computer vision, which aims to automatically recognize and understand human facial
expressions by analyzing and processing facial images. In the field of facial expression rec-
ognition, methods based on convolutional neural networks have significantly improved the
accuracy and robustness of recognition by learning complex patterns of facial expressions
from a large amount of training data. Table 44 shows test accuracy of deep learning methods

@ Springer



381 Page 64 of 108 C.Tian et al.

Table 34 PSNR(dB) of different Methods DND Methods SIDD
methods on the DND and SIDD

for real noise image denoising E(I)’ILII; (Zoran and Weiss 33.51 glzlll\/lgé)ogl))abov 25.65

TNRD (Chen and Pock 2016) 33.65 WNNM (Gu et al. 25.78
2014)

NCSR (Dong et al. 2012) 34.05 MLP (Burgeretal. 24.71
2012)

MLP (Burger et al. 2012) 3423 DnCNN-B (Zhang  23.66
etal. 2017)

BM3D (Dabov et al. 2007) 34,51 CBDNet (Guoetal. 33.28
2019)

FoE (Roth and Black 2005)  34.62 VDN (Yue et al. 39.23
2019)

WNNM (Gu et al. 2014) 34.67 DRDN (Songetal. 39.6
2019)

KSVD (Aharon et al. 2006)  36.49

CDnCNN-B (Zhang et al. 32.43
2017)

FFDNet (Zhang et al. 2018) 344

MCWNNM (Liu et al. 2018) 37.38
TWSC (Xu et al. 2018) 37.94
GCBD (Chen et al. 2018) 35.58
CIMM (Anwar et al. 2017) 36.04
CBDNet (Guo et al. 2019) 37.72

VDN (Yue et al. 2019) 39.38
DRDN (Song et al. 2019) 39.4
AGAN (Lin et al. 2019) 38.13

Table 35 PSNR(dB) of different methods on the Nam for real noise image denoising
Methods TWSC BM3D NC WNNM CDnCNN- MC- CBDNet CBDNet DRDN

Xu (Dabov  (Leb- (Gu B (Zhang WNNM (Guo (JPEG)  (Song
et al. et al. run et al. etal. 2017) (Liu et al. (Guo et al.
2018) 2007) etal. 2014) et al. 2019) etal. 2019)
2015) 2018) 2019)
Nam 31.52 3752 39.84 4041 41.04 37.49 37.91 41.02 4131

for facial expression recognition on different datasets (RAF-DB (Li et al. 2017), FER-2013
(Giannopoulos et al. 2018), and JAFFE (Shih et al. 2008)).

9.4.3 Deep learning for autonomous driving recognition

The performance of deep learning methods for autonomous driving image classification is
summarized in Table 45, where we classify the models into lightweight and heavyweight
models. In Table 45, we show information such as Top-1 accuracy, Top-5 accuracy, number
of parameters, number of network layers, number of FLOPs and model size for each model.
It can be observed from Table 45 that the heavyweight models achieve better accuracy lev-
els mostly by increasing the layer and parameter numbers without regard for the model size
or energy consumption. On the other hand, the lightweight CNNs, aim to reduce the model
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sizes by conceding their accuracy performance, i.e., SqueezeNet, MobileNets, ShiftNet, and
SqueezeNext.

9.4.4 Deep learning for surface defect detection

To compare performance of different deep learning methods for surface detection, we con-
duct performance test on NEU-DET (He et al. 2019) and DAGM (Carvalho et al. 2022)
datasets and calculate the accuracy, precision, recall, F1 score, IoU and mAP of typical
deep learning methods as shown in Table 46. As can be seen from Table 46, AIS-Net has
obtained the highest accuracy, precision, recall, F1 score, loU, and mAP values on NEU-
DET dataset, which indicate its best performance for surface detect detection. On DAGM
dataset, MF-GAN has the highest accuracy, precision, recall, F1 score, loU, and mAP value.

9.5 Deep learning forimage segmentation
9.5.1 Deep learning for image semantic segmentation

Image segmentation is a crucial task in computer vision. Currently, several commonly used
2D image datasets include PASCAL Visual Object Classes (VOC) (Everingham et al. 2010),
PASCAL Context (Mottaghi et al. 2014), Microsoft Common Objects in Context (MS
COCO) (Lin et al. 2014), Cityscapes (Cordts et al. 2016), SiftFlow (Liu et al. 2009), and
Stanford Background (Gould et al. 2009). Datasets are conducted by scanners, i.e., NYU-D
V2 (Silberman et al. 2012), SUN-3D (Xiao et al. 2013), and SUN RGB-D (Song et al.
2015). Besides, 3D datasets contain Stanford 2D-3D (Xiang et al. 2016) and ShapeNet Core
(Chang et al. 2015). To evaluate image segmentation performance of various deep learning
methods, we employ the mean intersection over union (MIoU) as metric. Table 47 presents
the results of image segmentation models tested on the PASCAL VOC dataset and Table 48
displays the results for models based deep learning tested on the Cityscapes dataset.

9.5.2 Deep learning for image instance segmentation

Instance segmentation not only has characteristic of semantic segmentation with pixel-level
classification, but also has characteristics of object detection, which needs to locate different
instances. To test the performance of one- and two-stage instance segmentation methods, we
have conducted test on the COCO dataset (Lin et al. 2014) as shown in Table 49, where we
can see that Mask R-CNN (He et al. 2017) has achieved the best accuracy from two-stage
instance segmentation methods and TensorMask (Chen et al. 2019) method has achieved the
best accuracy from one-stage instance segmentation methods.

9.5.3 Deep learning for image panoptic segmentation

Panorama segmentation is a fusion of instance segmentation and semantic segmentation,
which aims to distinguish things in the scene. Differing from instance segmentation and
semantic methods, each object is distinguished from others by assigning different colors for
image panorama segmentation. Table 50 shows obtained results of several existing panoptic
segmentation methods based deep learning techniques referred to metrics of AP and IoU
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Table 37 PSNR(dB)/SSIM of different methods on x2

Methods Scale Set5 Setl4 BSD100 Urban100 Mangal09
Bicubic X2 33.66/0.9299 30.24/0.8688 29.56/0.8431 26.88/0.8403 30.80/0.9339
SRCNN (Dongetal. x2  36.66/0.9542 32.45/0.9067 31.36/0.8879 29.50/0.8946 35.60/0.9663
2015)

VDSR (Kim et al. x2  37.53/0.9590 33.05/0.9130 31.90/0.8960 30.77/0.9140 37.22/0.9750
2016b)

EDSR (Lim et al. x2  38.11/0.9602 33.92/0.9195 32.32/0.9013 32.93/0.9351 39.10/0.9773
2017)

RCAN (Zhangetal. x2  38.27/0.9614 34.11/0.9216 32.41/0.9026 33.34/0.9385 39.43/0.9786
2018)

NLRN (Liu et al. X2 38.00/0.9603 33.46/0.9159 32.19/0.8992 31.81/0.9246 —/—

2018)

SRFBN (Li et al. x2  38.11/0.9609 33.82/0.9196 32.29/0.9010 32.62/0.9328 39.08/0.9779
2019)

SAN (Dai et al. X2 38.31/0.9620 34.07/0.9213 32.42/0.9028 33.10/0.9370 39.32/0.9792
2019)

RDN (Zhang et al. x2  38.24/0.9614 34.01/0.9212 32.34/0.9017 32.89/0.9353 39.18/0.9780
2018)

USRNet (Zhang x2  37.77/0.9592 33.49/0.9156 32.10/0.8981 31.79/0.9255 38.37/0.9760
et al. 2020)

SRGAT (Yan et al. x2  38.20/0.9610 33.93/0.9201 32.34/0.9014 32.90/0.9359 39.30/0.9785
2021)

SwinlR (Liang etal. x2  38.35/0.9620 34.14/0.9215 32.44/0.9030 33.40/0.9393 39.60/0.9792
2021)

RGCN (Schlichtkrull x2  38.30/0.9616 34.10/0.9213 32.44/0.9030 33.15/0.9377 39.38/0.9784
et al. 2018)

metrics on different datasets including Cityscapes (Cordts et al. 2016), COCO (Lin et al.
2014), ADE20K (Zhou et al. 2019), Mapillary Vitas (Neuhold et al. 2017), ADE20K (Zhou
etal. 2017), KITTI (Geiger et al. 2013), and Semantic KITTI (Behley et al. 2019).

9.6 Deep learning for object detection
9.6.1 Two-stage object detection algorithms

Table 51 compares the performance of several object detection algorithms: R-CNN, Fast
R-CNN, Faster R-CNN, Mask R-CNN, and R-FCN. These algorithms vary in backbone
networks, maximum frame rates (FPS), and accuracy across datasets, each suited for differ-
ent applications. R-CNN, while foundational, lacks FPS data, suggesting slower processing.
Fast R-CNN offers 3 FPS with 70.0% accuracy on VOC 2007, making it viable when speed
is secondary. Faster R-CNN improves speed (7 FPS) and accuracy (73.2%), while Mask
R-CNN achieves 11 FPS and 76.4% accuracy, suitable for real-time tasks. R-FCN dem-
onstrates performance variance, achieving up to 80.5% accuracy with ResNet-101. Users
should select algorithms based on specific needs, balancing processing speed and accuracy
according to their application scenarios.
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Table 38 PSNR(dB)/SSIM of different methods on x3

Methods Scale Set5 Setl4 BSD100 Urban100 Mangal09
Bicubic x3  30.39/0.8682 27.55/0.7742 27.21/0.7385 24.46/0.7349 26.95/0.8556
SRCNN (Dongetal. x3  32.75/0.9090 29.30/0.8215 28.41/0.7863 26.24/0.7989 30.48/0.9117
2015)

VDSR (Kim et al. x3  33.67/0.9210 29.78/0.8320 28.83/0.7990 27.14/0.8290 32.01/0.9340
2016b)

EDSR (Lim et al. x3  34.65/0.9280 30.52/0.8462 29.25/0.8093 28.80/0.8653 34.17/0.9476
2017)

RCAN (Zhangetal. x3  34.74/0.9299 30.65/0.8482 29.32/0.8111 29.09/0.8702 34.44/0.9499
2018)

NLRN (Liu et al. X3 34.27/0.9266 30.16/0.8374 29.06/0.8026 27.93/0.8453 —/—

2018)

SRFBN (Li et al. X3 34.70/0.9292 30.51/0.8461 29.24/0.8084 28.73/0.8641 34.18/0.9481
2019)

SAN (Dai et al. X3 34.75/0.9300 30.59/0.8476 29.33/0.8112 28.93/0.8671 34.30/0.9494
2019)

RDN (Zhangetal.  x3  34.71/0.9296 30.57/0.8468 29.26/0.8093 28.80/0.8653 34.13/0.9484
2018)

USRNet (Zhang X3 34.43/0.9279 30.51/0.8446 29.18/0.8076 28.38/0.8575 34.05/0.9466
etal. 2020)

SRGAT (Yanetal.  x3  34.75/0.9297 30.63/0.8474 29.29/0.8099 28.90/0.8666 34.42/0.9495
2021)

RGCN (Schlichtkrull x3  34.77/0.9301 30.67/0.8486 29.33/0.8114 28.99/0.8679 34.47/0.9501
etal. 2018)

ESRT (Lu et al. X3 34.42/0.9268 30.43/0.8433 29.15/0.8063 28.46/0.8574 33.95/0.9455
2022)

LBNet (Gaoetal.  x3  34.47/0.9277 30.38/0.8417 29.13/0.8061 28.42/0.8559 33.82/0.9460
2022)

SwinIR (Liang etal. x3  34.89/0.9312 30.77/0.8503 29.37/0.8124 29.29/0.8744 34.74/0.9518
2021)

9.6.2 One-stage object detection algorithms

Table 52 compares the performance of several one-stage object detectors, includ-
ing YOLOv1-448, YOLOv2-416, SSD-300, DSSD-321, YOLOV-3416, YOLOv4, and
YOLOVS. These detectors vary in maximum frame rate, average accuracy, and the datasets
used, and have different advantages for different scenarios. For example, YOLOv1-448 is
fast and small, but it has low accuracy and is not sensitive to small targets. YOLOv2-416
improves accuracy, but sacrifices some speed. SSD-300 can deal with irregular targets, but
it is not good for small targets. DSSD-321 enhances the detection ability of small targets,
but the speed is reduced. YOLOV-3416 improves accuracy by increasing network depth.
YOLOV4 uses a series of strengthening measures to greatly improve the accuracy of object
detection. YOLOVS provides more flexibility, but performs slightly worse than YOLOv4.
Besides, we give visual figures to test detection performance of different YOLO methods
in Fig. 11. Therefore, the user can choose the appropriate detector, according to the specific
application scenario and requirements.
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Table 39 PSNR(dB)/SSIM of different methods on x4

Methods Scale Set5 Setl4 BSD100 Urban100 Mangal09
Bicubic x4 28.42/0.8104 26.00/0.7027 25.96/0.6675 23.14/0.6577 24.89/0.7866
SRCNN (Dongetal. x4  30.48/0.8628 27.50/0.7513 26.90/0.7101 25.52/0.7221 27.58/0.8555
2015)

VDSR (Kim et al. x4 31.35/0.8830 28.02/0.7680 27.29/0.7260 25.18/0.7540 28.83/0.8870
2016b)

EDSR (Lim et al. x4 32.46/0.8968 28.80/0.7876 27.71/0.7420 26.64/0.8033 31.02/0.9148
2017)

RCAN (Zhangetal. x4  32.63/0.9002 28.87/0.7889 27.77/0.7436 26.82/0.8087 31.22/0.9173
2018)

NLRN (Liu et al. x4 31.92/0.8916 28.36/0.7745 27.48/0.7346 25.79/0.7729 —/—

2018)

SRFBN (Li et al. x4 32.47/0.8983 28.81/0.7868 27.72/0.7409 26.60/0.8015 31.15/0.9160
2019)

SAN (Dai et al. x4 32.64/0.9003 28.92/0.7888 27.78/0.7436 26.79/0.8068 31.18/0.9169
2019)

RDN (Zhangetal. x4  32.47/0.8990 28.81/0.7871 27.72/0.7419 26.61/0.8028 31.00/0.9151
2018)

USRNet (Zhang x4 32.42/0.8978 28.83/0.7871 27.69/0.7404 26.44/0.7976 31.11/0.9154
etal. 2020)

SRGAT (Yanetal. x4  32.57/0.8997 28.86/0.7879 27.77/0.7421 26.76/0.8052 31.41/0.9181
2021)

RGCN (Schlichtkrull x4  32.65/0.9005 28.91/0.7892 27.79/0.7440 26.85/0.8089 31.24/0.9176
etal. 2018)

ESRT (Lu et al. x4 32.19/0.8947 28.69/0.7833 27.69/0.7379 26.39/0.7962 30.75/0.9100
2022)

LBNet (Gaoetal. x4  32.29/0.8960 28.68/0.7832 27.62/0.7382 26.27/0.7906 30.76/0.9111
2022)

SwinIR (Liang etal. x4  32.72/0.9021 28.94/0.7914 27.83/0.7459 27.07/0.8164 31.67/0.9226
2021)

9.7 Deep learning for video processing

Table 53 compares the performance of several video understanding models, including
CoVGT (Xiao et al. 2023), HiTeA (Ye et al. 2023), InternVideo (Wang et al. 2022), Ima-
geViT (Papalampidi et al. 2024), ShortVilIT (Papalampidi et al. 2024), Flamingo (Alayrac
et al. 2022), SeViLA Localizer + ShortVilT (Papalampidi et al. 2024), SeViLA, TimeS-L
(Bertasius et al. 2021), VideoSwin-B (Liu et al. 2022), BEVT (Wang et al. 2022), SIFAR-
B-14 (Fan et al. 2021), ORVIiT (Herzig et al. 2022), AIM ViT-B (Yang et al. 2023), AIM
ViT-L (Yang et al. 2023), Bard variants (Papalampidi et al. 2024), GPT-4 Turbo, GPT-4V,
and Gemini Ultra (Team et al. 2023). These models differ in parameter size, frame usage,
and performance across tasks like long video question answering (EgoSchema, Next-QA)
and fine-grained action classification (Diving48), each offering unique strengths for spe-
cific scenarios. For example, GPT-4V excels in EgoSchema with 63.5% on the subset and
55.6% on the full set, while SeViLA leads on Next-QA with 73.8%, though it underperforms
on EgoSchema (25.7% on subset). In action classification, TimeS-L achieves the highest
Top-1 accuracy on Diving48 at 91.0%, followed by AIM ViT-L at 90.6%, but both require
additional spatial cropping (SC). LongViT, with 256 frames, performs well on EgoSchema
(56.8% on subset), but its high computational demand may limit its applicability.
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Fig. 8 Comparisons of super-resolution effects of different deep learning methods, i.e., a ACNet, b
CARN, ¢ DRCN and d VDSR on B100 dataset for scales of 2, 3 and 4

9.8 Deep learning for natural language processing

Table 54 evaluates the performance of various large language models (LLMs) across a
diverse set of benchmarks, including AIME 2024, GPQA, SWE Bench, MATH 500, BFCL,
and Alder Polyglot. The models compared—such as GPT-40, Claude 3.5 Sonnet, OpenAl
ol, DeepSeek-R1, Gemini 2.5 Pro, Grok 3 [Beta], and several Llama variants—exhibit
differences in parameter scale, training approaches, and task-specific strengths, offering dis-
tinct advantages depending on the evaluation context. For instance, Gemini 2.5 Pro achieves
an impressive 92% on AIME 2024, closely followed by Grok 3 [Beta] at 93.3%, showcasing
their prowess in mathematical reasoning, while Llama 4 Behemoth dominates GPQA with
a striking 95%. On the SWE Bench, a coding-focused task, OpenAl ol-mini leads with a
remarkable 90%, highlighting its efficiency in software engineering scenarios, though it lags
on MATH 500 at 52.2%.

In contrast, models like DeepSeek-R1 and OpenAl 03-mini excel on MATH 500, scoring
97.3 and 97.9% respectively, demonstrating superior capability in advanced mathematical
problem-solving. However, their performance diverges elsewhere—DeepSeek-R1 scores
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Fig. 9 Comparisons of super-resolution effects of different deep learning methods, i.e., a ACNet, b
CARN, ¢ DRCN and d VDSR on Set5 dataset for scales of 2, 3 and 4

Table 40 PSNR(dB)/SSIM of different methods on NTIRE 2018 Track 2 dataset

Methods Bicubic FSRCNN EDSR SRGAN BM3D+EDSR CinCGAN
(Dong et al. (Limetal. (Ledig (Limetal. 2017) (Yuan
2016) 2017) etal. 2017) etal.
2018)
PSNR 22.85 22.67 25.77 24.33 22.88 24.33
SSIM 0.65 0.61 0.71 0.67 0.68 0.69

a modest 49.2% on SWE Bench, while OpenAl o3-mini reaches 61%. Claude 3.7 Sonnet
[R], with a strong 96.2% on MATH 500 and 70.3% on SWE Bench, emerges as a versa-
tile contender, though it requires additional resources (denoted by [R]). Meanwhile, lighter
models like GPT-40 mini struggle, with a mere 3.6% on MATH 500, despite a respectable
64.1% on SWE Bench. In multilingual tasks like Alder Polyglot, Claude 3.7 Sonnet [R] and
DeepSeek-R1 lead with 64.9 and 64%, respectively, while others, such as Gemma 3 27b,
falter across multiple domains (e.g., 4.9% on MATH 500). These disparities underscore
the trade-offs between computational complexity, task specialization, and generalization in
modern LLMs.
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Z?f‘;'e 4 PST;IRéd‘?)/ 55“1\/1 02f Methods Scale Set5 Setl4  Urbanl00 BSDI100

3‘arfdre:t methods for scales 2, SRCNN (Liu %2  36.66/ 3245/ 2950/ 3136/
et al. 2009) 09542 09067 0.8946  0.8879
FSRCNN X2 3705/ 3266/ 2988/  31.53/
(Dong et al. 09560 09090 09020  0.8920
2016)
VDSR (Patra  x2  37.53/ 33.05/ 3077/  31.90/
and Kot 2002) 09500 09130 09140  0.8960
RDN (Song  x2 3824/ 3401/ 3289/ 3234/
etal. 2015) 09614 09212 09353  0.9017
D-DBPN (Haris x2  38.09/ 3385/ 3255/ 3227/
etal. 2018) 09600 09190 09324  0.9000
EDSR (Srivas-  x2 3811/ 3392/ 3293/ 3232/
tava 2013) 09602 09195 09351  0.9013
SRCNN (Liu x4 3048/ 27.50/ 2452/ 2690/
et al. 2009) 08628 07513 07221 0.7101
FSRCNN x4 3072/ 2761/ 2462/ 2698/
(Dong et al. 0.8660  0.7550  0.7280  0.7150
2016)
VDSR (Patra x4 3135/ 2802/ 25.18/  27.29/
and Kot 2002) 0.8830 07680 07540  0.7260
RDN (Song x4 3247/ 2881/ 2661/ 2772/
etal. 2015) 0.8990 0.7871  0.8028  0.7419
D-DBPN (Haris x4 3247/ 2882/ 2638/ 2772/
etal. 2018) 0.8980  0.7860  0.7946  0.7400
EDSR (Srivas- x4 3246/ 2880/ 2664/ 2771/
tava 2013) 0.8968 0.7876  0.8033  0.7420
SRCNN (Liu %8 2533/ 2376/ 2129/  24.13/
etal. 2009) 0.6900  0.5910 05440  0.5660
FSRCNN X8 2013/ 1975/ 2132/ 2421/
(Dong et al. 0.5520 04820 0.5380  0.5680
2016)
VDSR (Patra X8 2593/ 2426/ 2170/ 2449/
and Kot 2002) 0.7240 06140 0.5710  0.5830
RDN (Song ~ x8 2721/ 2513/ 2273/ 2488/
etal. 2015) 0.7840  0.6480 0.6312  0.6010
D-DBPN (Haris x8 2696/ 2491/ 2251/ 2481/
etal. 2018) 07762  0.6420  0.6221  0.5985

9.9 Deep learning for 3D data processing

Table 55 compares the performance of various 3D point cloud classification algorithms eval-
uated on the ModelNet40 dataset (Wu et al. 2015), including PointGST (Liang et al. 2024),
Mamba3D + Point-MAE (Han et al. 2024), OTMae3D (Wang et al. 2024), PointNeXt (Qian
et al. 2022), MVTN (Hamdi et al. 2021), Feature Geometric Net (FG-Net) (Liu et al. 2020),
DeepGCN (Li et al. 2019), PointNet++ + SageMix (Lee et al. 2022), DGCNN (Wang et al.
2019), RS-CNN (Liu et al. 2019), and PointNet++ (Qi et al. 2017b). These models differ
in overall accuracy, mean accuracy, and the number of parameters, each tailored to specific
use cases. PointGST achieves the highest overall accuracy at 95.3%, though it lacks data
on mean accuracy and parameters. Mamba3D + Point-MAE follows closely with 95.1%
accuracy and 16.9M parameters, while PointNeXt offers 94.0% overall accuracy and 91.1%
mean accuracy with a leaner 4.5M parameters, making it efficient for resource-constrained

@ Springer



A survey on deep learning fundamentals

Page 73 of 108 381

Fig. 10 Different methods, i.e., a blurry, b Clean image, ¢ DeepDeblur (Nah et al. 2017), d MIMO-UNet
(Cho et al. 2021), e MPRNet (Zamir et al. 2021) and f MSSNet (Kim et al. 2022) on GOPRO dataset for

image deblurring

Table 42 Performance comparison of deep networks on the ISIC2018 dataset

Methods Params Flops Acc% F1% Prec% Re-
M) (G) call%

ConvNeXt-B (Li et al. 2022) 88.59 15.36 76.52 50.94 66.84 50.52
VGG-19 (Mateen et al. 2018) 143.68 19.67 79.25 61.83 63.71 60.89
Mixer-L/16 (Tolstikhin et al. 2021) 208.2 44.57 78.92 59.88 61.36 59.16
T2T-ViT_t-24 (Zhao et al. 2022) 64 12.69 77.59 57.21 59.60 55.94
DeiT-base (Yu et al. 2022) 86.57 16.86 72.31 41.01 47.19 44.09
VIT-B/16 (Hong et al. 2024) 86.86 33.03 78.32 60.93 64.16 60.52
VIT-B/32 (Garcia-Martin and Sanchez-  88.3 8.56 77.92 57.52 58.74 56.90
Reillo 2023)
HiFuse Base (Huo et al. 2024) 127.8 10.97 84.12 75.32 76.52 74.74
Table 43 Performance com- Methods Acc% F1%  Prec% Recall%
parison of deep networks onthe = 0 O N TRt T 0000) 5538 5468 5495 5481
Covid19 dataset

VGG-19 (Mateen et al. 2018)  59.14  57.55 59.04 58.13

Mixer-L/16 (Tolstikhin et al. 70.43  70.12 7038  70.06

2021)

T2T-ViT_t-24 (Zhao et al. 63.44 6034 6568 61.89

2022)

DeiT-base (Yu et al. 2022) 50.54 3931 4447 4796

VIT-B/16 (Hong et al. 2024) 65.05 64.88 6490 64.87

VIT-B/32 (Garcia-Martinand ~ 61.83  60.59 61.89  60.94

Sanchez-Reillo 2023)

HiFuse_Base (Huo etal. 2024) 76.34  76.17 7630  76.11
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Table 44 D@ep 1§arning for face Methods Datasets Accuracy (%)
image classification RAN (Wang et al. 2020) RAF-DB 869
ViT+SE (Aouayeb et al. 2021) 87.22
CNN-+softlabel (Vo et al. 2020) 86.31
DACL (Farzaneh and Qi 2021) 87.78
AD-Corre (Fard and Mahoor 2022) FER-2013  72.03
ResNet-18 (He et al. 2016) 72.3
AFAW (Xie et al. 2019) 72.67
CT-DBN (Liang et al. 2023) 72.81
ECNN (Chen et al. 2016) JAFFE 94.3
Attention CNN (Minaee et al. 2021) 92.8
KECA and SSVM (Liu et al. 2019) 93.04
EFCN (Zhang et al. 2024) 91.05
Table 45 Performance of image classification algorithms on ImageNet
Methods Top-1 Top-5 Param- FLOPs Model  Lay-
% % eters (x109) size ers
(x10%) (MB)
LeNet-5 (Firat et al. 2022) 955 985  0.06 - - 5
Inception-v1 (Sam et al. 2019) 774 933 6.8 1550 53 22
Inception-v3 (Sam et al. 2019) 82.8 945 23.6 - - 159
ResNet (He et al. 2016) 751 933 237 3800 - 50
Inception-v4 (Szegedy et al. 2017) 823 962 43 1650 83 144
Trimps-Soushen (Turay and Vladimirova 2022) 823  97.1 19 - - 89
SqueezeNet (Hassanpour and Malek 2019) 57.5 80.3 1.2 352 0.5 19
Xception (Kassani et al. 2019) 790 945 22 1200 88 126
ResNetXt-50 (He et al. 2016) 777 938 222 4100 - 50
MobileNets (Howard 2017) 70.6 899 42 569 16 29
ShiftNet (Yan et al. 2018) 588 8.0 038 279 - 44
MobileNetV2 (Sandler et al. 2018) 720 90.1 34 300 300 114
ShuffleNet (Zhang et al. 2018) 737 89.7 143 140 75 50
SqueezeNext (Gholami et al. 2018) 60.3 83.5 0.9 310 - 112
ColorNet (Gowda and Yuan 2019) 84.6 96.1 19 250 26 -
AlexNet (Li et al. 2021) 572 803 62 720 240 8
ZFNet (Fu et al. 2018) 739 883 60 630 170 8
VGGNet (Wang et al. 2015) 68.5 885 138 15,500 575 19
NASNet Large (Zhang 2023) 827 962 89 2380 343 32
ResNeXt (Xie et al. 2017) 854 97,6 829 153,000 458 101
EfficientNet-L2 (Xie et al. 2020) 855 975 480 23,500 - 154
FixEfficientNetL2 (Touvron et al. 2019) 88.5 98.7 480 23,500 - 154
LambdaResNet200 (Bello et al. 2021) 843 963 42 34,000 - 200
MPL-EfficientNet-B6-Wide (Pham et al. 2021)  90.0  98.7 390 - - -
MPL-EfficientNet-L2 (Pham et al. 2021) 90.2  98.8 480 — — 154

scenarios. DeepGCN and DGCNN provide solid performance at 93.6 and 92.9% overall
accuracy, respectively, with fewer parameters (2.2M and 1.81M), whereas PointNet++ lags
at 90.7%. Users should choose models based on their specific requirements, weighing accu-

racy against computational complexity.
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Table46 Performance comparisons of different surface detection methods on NEU-DET and DAGM datasets

Datasets

Methods

Accuracy

Precision

Recall

F1-Score

ToU

mAP

NEU-DET

KNN
(Cover
and Hart
1967)
SVM
(Suthaha-
ran and
Suthaha-
ran 2016)
BP
(LeCun
et al.
1988)
SDNet
(Zhang
and Ma
2021)
ViT_
trans-
former
(Doso-
vitskiy
2020)
DeepLab
(Chen

et al.
2017)
DenseNet
(Huang
et al.
2017)
FCN
(Long

et al.
2015)
PAN (Li
et al.
2018)
U-Net
(Ron-
neberger
et al.
2015)
PGA-Net
(Dong

et al.
2019)
CADN
(Zhang
et al.
2021)

64.13+0.22

75.82+0.13

79.99+0.09

67.21£0.02

74.56+0.09

81.65+0.14

63.11£0.13

77.99+0.07

88.85+0.06

80.05+0.10

89.98+0.03

93.48+0.08

RetinaNet 95.79+0.12

(Cheng
and Yu
2020)

63.08+0.5

74.69+0.06

78.71£0.08

50.04+0.01

62.35+0.05

86.12+0.01

47.62+0.02

79.81+0.04

80.70+0.12

83.45+0.06

86.33+0.10

89.48+0.07

90.23+0.04

63.07+0.01

74.14+0.03

78.02+0.16

58.04+0.09

61.19+0.02

83.22+0.12

34.77+0.07

82.19+0.03

85.71+0.03

84.18+0.04

87.13+0.02

88.24+0.03

89.95+0.06

63.07+0.03

74.41+£0.04

78.36+0.12

53.74+0.04

61.77+0.03

84.64+0.07

40.19+0.06

80.98+0.04

83.13+0.08

83.81+0.07

86.73+0.06

88.86+0.05

89.59+0.05

50.26+0.01

56.59+0.03

74.08+0.03

45.32+0.09

67.41+0.11

81.40+0.04

78.87+0.05

82.09+0.02

83.47+0.10

44.18+0.08

60.41+0.02

69.08+0.06

73.23+0.03

52.17+0.02

58.05+0.01

76.61+0.02

39.55+0.07

71.34+0.05

73.23+0.03

75.09+0.02

80.02+0.02

82.04+0.01

83.11+0.04
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Table 46 (continued)

Datasets

Methods

Accuracy

Precision

Recall

F1-Score

ToU

mAP

DAGM

MF-GAN
(Yang

et al.
2022)
KNN
(Cover
and Hart
1967)
SVM
(Suthaha-
ran and
Suthaha-
ran 2016)
BP
(LeCun
et al.
1988)
SDNet
(Zhang
and Ma
2021)
ViT _
trans-
former
(Doso-
vitskiy
2020)
DeepLab
(Chen

et al.
2017)
DenseNet
(Huang
et al.
2017)
FCN
(Long

et al.
2015)
PAN (Li
et al.
2018)
U-Net
(Ron-
neberger
et al.
2015)
PGA-Net
(Dong

et al.
2019)
CADN
(Zhang
et al.
2021)

97.02+0.11

72.44+0.05

80.07+0.03

85.16+0.09

69.45+0.09

54.86+0.11

87.33+0.03

51.04+0.04

85.35+0.13

87.22+0.03

86.96+0.05

89.34+0.08

90.04+0.09

92.92+0.03

70.01£0.10

79.67+0.08

84.71+0.04

51.28+0.02

50.83+0.01

84.03+0.14

48.49+0.03

83.25+0.06

84.02+0.01

83.66+0.05

86.23+0.02

85.04+0.13

89.69+0.03

69.24+0.04

79.09+0.06

84.66+0.05

59.52+0.04

49.78+0.03

82.55+0.05

40.17+0.06

81.59+0.04

82.49+0.02

82.19+0.04

87.87+0.04

83.03+0.01

91.28+0.03

69.62+0.07

79.38+0.07

83.94+0.05

55.09+0.07

50.30+0.02

83.28+0.09

43.94+0.05

82.41+0.05

83.25+0.02

82.92+0.04

86.56+0.03

84.02+0.07

89.27+0.17

73.21+0.08

33.21+0.01

41.22+0.02

74.61+0.02

32.84+0.08

73.79+0.11

74.47+0.05

70.09+0.14

76.52+0.07

87.37+0.07

89.77+0.03

66.29+0.04

73.38+0.03

75.54+0.04

52.08+0.02

48.46+0.06

79.35+0.01

39.61+0.02

78.27+0.05

79.65+0.02

78.92+0.03

82.69+0.04

90.15+0.02
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Table 46 (continued)

Datasets Methods  Accuracy  Precision ~ Recall F1-Score ToU mAP
RetinaNet 90.45+0.02 86.55+0.03 84.85+0.07 85.69+0.05 75.05+0.01 82.69+0.04
(Cheng
and Yu
2020)
MF-GAN 97.92+0.10 93.43+0.04 93.69+0.04 93.56+0.02 87.37+0.07 90.15+0.02
(Yang
et al.
2022)
Table 47 Accuracies of segmen- Method Backbone MloU
Eitgm;ﬁd;fsbéieg f;’(e)léleam' FCN (Long et al. 2015) VGG-16 622
DeepLab-CRF (Chen et al. 2017) ResNet-101 71.5
GCN* (Kipf and Welling 2016) ResNet-152 79.7
RefineNet (Lin et al. 2017) ResNet-152 82.2
Wide ResNet (Zagoruyko and Komo- ~ WideResNet-38 84.2
dakis 2016)
PSPNet (Zhao et al. 2017) ResNet-101 84.9
DeeplabV3 (Chen et al. 2017) ResNet-101 85.4
PSANet (Zhao et al. 2018) ResNet-101 85.7
EncNet (Zhang et al. 2018a) ResNet-101 85.7
Exfuse (Zhang et al. 2018b) ResNet-101 86.2
DM-Net* (He et al. 2019a) ResNet-101 86.8
APC-Net* (He et al. 2019b) ResNet-101 87.1
EMANet (Li et al. 2019) ResNet-101 87.7
DeeplabV3+ (Chen et al. 2018) XNeXI-131 87.8
Exfuse (Zhang et al. 2018b) ResNet-131 87.9
EMANet (Li et al. 2019) ResNet-152 88.2

10 Discussion

The application of deep learning in multiple fields has shown extensive potential, and the
interaction between different tasks provides important opportunities for technological prog-
ress. Low-level visual tasks, high-level visual tasks, video processing, natural language pro-
cessing, and 3D data processing together form the core areas of deep learning applications.
For example, denoising or super-resolution processed images can improve the accuracy of
object detection, while advances in video analysis can support cross-modal NLP tasks such
as video description generation, and 3D scene understanding can enhance robot navigation
performance. This cross-domain interdependence highlights the importance of continued
research and development in all deep learning applications to achieve overall technological
progress. This section will provide an overview of potential research directions in each field
and identify some of the unresolved challenges.

Low-level vision tasks aim to restore degraded images to higher quality, encompassing
tasks i.e., image denoising, super-resolution, and deblurring. These foundational tasks are
vital for enhancing image quality and are integral to more complex high-level vision tasks.
Deep learning has significantly advanced low-level vision tasks, presenting new research
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Table 48 Accuracies of segmen- Method Backbone MiloU
tation models based deep learn-

ing on the Cityscapes dataset FCN (Long et al. 2015) R 653
DeeplabV2 (Chen et al. 2017) ResNet-101 70.4
RefineNet (Lin et al. 2017) ResNet-101 73.6
FoveaNet (Li et al. 2017) ResNet-101 74.1
GCN (Kipf and Welling 2016) ResNet-101 76.9
DUC-HDC (Wang et al. 2018) ResNet-101 77.6
Wide ResNet (Zagoruyko and Komo- WideResNet-38 78.4
dakis 2016)

PSPNet (Zhao et al. 2017) ResNet-101 85.4
BiSeNet (Yu et al. 2018) ResNet-101 78.9
PSANet (Li et al. 2020) ResNet-101 80.1
DenseASPP (Hu et al. 2020) DenseNet-161 80.6
DANet (Xue et al. 2019) ResNet-101 81.5
CCNet (Huang et al. 2019) ResNet-101 81.4
DeeplabV3 (Chen et al. 2017) ResNet-101 81.3
ACNet (Hu et al. 2019) ResNet-101 82.3

Table 49 Results of deep networks on COCO dataset for instance segmentation

Methods Backbone AP APso AP75 APgs APy AP
Two-stage methods

MNC (Dai et al. 2016) ResNet-101-C4 24.6 443 248 47 259 436
FCIS (Kobashi et al. 2013) ResNet-101-C5-dilated  29.2 495 - 7.1 313 50
Mask R-CNN (He et al. 2017) ~ ResNeXt-101-FPN 371 60.0 394 169 399 535
Faster R-CNN (He et al. 2016)  ResNet-101-C4 349 557 374 156 387 509
One-stage methods

ExtremeNet (Zhou et al. 2019)  Hourglass-104 189 445 137 104 204 283
TensorMask (Chen et al. 2019)  ResNet-101-FPN 371 593 394 17.1  39.1 516
YOLACT (Zeng et al. 2022) ResNet-101-FPN 312 50.6 328 121 333 471
PolarMask (Xie et al. 2021) ResNeXt-101-FPN 329 554 338 155 351 463
SOLO (Wang et al. 2020) ResNet-50-FPN 368 58.6 39.0 159 395 521

opportunities alongside unique challenges. Potential research directions of several image
restoration tasks summarized as follows.

1. Unify a framework for complex image restoration tasks. Due to varying scenes, design-
ing a universal network can be suitable to different image restoration tasks, i.e., single
image denoising, super-resolution and deblurring, hybrid image restoration tasks, i.e.,
noisy image super-resolution, noisy image deblurring, low-resolution image deblurring,
according to properties of image restoration, which is suitable to mobile digital devices
in the real world, i.e., smart phones and cameras.

2. Lightweight networks for image restoration tasks. Due to limited load capacity of
mobile devices, devolved lightweight networks are necessary, according to deep learn-
ing theory, i.e., channel relations, optimizing loss function and relations of hierarchical
information, etc.

3. Self-supervised learning for image restoration tasks. Because clean images (also
regraded as reference images) are difficult to be obtained caused complex shooting
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Table 50 Performance comparison using AP and MIoU metrics of different deep networks

Datasets Task/val Methods AP MIOU
Cityscapes val EfficientPS Single-scale (Mohan and Valada 2021) 38.3 79.3
EfficientPS Multi-scale (Mohan and Valada 2021) 43.8 82.1
PanoNet (Chen et al. 2020) 23.1 -
CASNet (Ji et al. 2020) 35.8 -
Panoptic-deeplab (Cheng et al. 2020) 42.5 83.1
UPSNet (Xiong et al. 2019) 39.0 79.2
SDC-Depth (Wang et al. 2020) - 64.8
PanopticDeepLab+ (Cheng et al. 2020) 46.8 85.3
SPINet (Hwang et al. 2022) 353 80.0
test Panoptic-deeplab (Cheng et al. 2020) 39.0 84.2
PanopticDeepLab+ (Cheng et al. 2020) 42.2 84.1
COCO val SDC-Depth (Wang et al. 2020) 31.0 38.6
UPSNet (Xiong et al. 2019) 343 55.8
SPINet (Hwang et al. 2022) 33.2 43.2
Mapillary Vistas val Panoptic-deeplab (Cheng et al. 2020) 17.2 56.8
EfficientPS Single-scale (Mohan and Valada 2021) 18.7 52.6
EfficientPS Multi-scale (Mohan and Valada 2021) 20.8 54.1
PanopticDeepLab+ (Cheng et al. 2020) 21.8 60.3
test Panoptic-deeplab (Cheng et al. 2020) 16.9 57.6
ADE20K val PanopticDeepLab+ (Cheng et al. 2020) - 50.35
test PanopticDeepLab+ (Cheng et al. 2020) - 40.47
KITTI val EfficientPS Single-scale (Mohan and Valada 2021) 27.1 55.3
EfficientPS Multi-scale (Mohan and Valada 2021) 27.9 56.4
SemanticKITTI val EfficientLPS (Sirohi et al. 2021) - 64.9
Panoster (Gasperini et al. 2021) - 61.1
test EfficientLPS (Sirohi et al. 2021) - 61.4
Panoster (Gasperini et al. 2021) - 59.9
Table 51 Performance of two-stage object detection algorithms based deep learning techniques
Algorithms ~ Backbone FPS VOC 2007 (Evering- ~ VOC 2012 (Shetty MSCOCO (Lin
ham et al. 2010) (%) 2016) (%) etal. 2014) (%)
R-CNN AlexNet - 58.8(VOC07+VOC12) - -
(Girshick
etal. 2014)
Fast R-CNN VGG-16 3 70.0(VOC07+VOC12) 68.4(VOC07+VOC12) —
(Girshick
2015)
Faster VGG-16 7 73.2(VOC07+VOC12) 70.4(VOC07+VOCI12) 21.2(MSCO-
R-CNN CO)
(Ren et al.
2015)
Mask ResNet-50-FPN 11 76.4(VOC07+VOC12) 73.8(VOC07+VOCI12) 34.9(MSCO-
R-CNN (He CO)
etal. 2017)
R-FCN (Dai VGG-16 - 76.5(VOC07+VOC12) - 29.9(MSCO-
et al. 2016) CO)

R-FCN (Dai ResNet-101

et al. 2016)

6 80.5(VOC07+VOC12) 77.6(VOC07+VOC12)
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Table 52 Performance of one- One-stage Backbone Datasets Max AP
stage object detection algorithms  getection FPS
based deep learning techniques AR T ™ G ogleNet like | VOC2007+2012 45 63.4
(Redmon 2016)
YOLOv2-416 Darknet-19 VOC2007+2012 67 78.6
(Redmon and
Farhadi 2017)
SSD-300 (Liu ~ VGGNet-16 MSCOCO 164 31
etal. 2016)
DSSD-321 (Fu  ResNet-101 MSCOCO 11.8 332
etal. 2017)
YOLOV3 Darknet-53 MSCOCO 345 33
(Redmon and
Farhadi 2018)
YOLOv4 CSPDarknet-53  MSCOCO 125 458
(Bochkovskiy
et al. 2020)
YOLOVS CSPDarknet-53 MSCOCO 200 455
(Bochkovskiy  like
et al. 2020)

Fig. 11 Different methods based YOLO, i.e., a original image, b YOLOvV6, ¢ YOLOv7 and d YOLOvV9
for object detecting on COCO dataset

environments, moving objects, unstable equipment, man-made factors, existing meth-
ods based deep learning techniques use paired images to train models of image res-
toration, where robustness of obtained models get poor for real world. Thus, using
self-supervised learning to guide deep networks to achieve adaptive models for com-
plex real scenes is important for low-level vision.

4. Muti-modal techniques for image restoration tasks. Because collected images are com-
pressed by cameras, they may loss key information for shooting scenes. Multi-modal
techniques can overcome this issue for image restoration.

5. Large model techniques for image restoration tasks. To enhance robustness of obtained
image restorations, large model techniques are used to fully learn dependencies of dif-
ferent data to achieve better performance in low-level vision tasks.

6. Developing new metrics can better verify performance of deep learning methods for
high-level vision.
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Table 53 Performance of video processing models on multiple tasks

Method Params Frames EgoS- EgoS- Next-QA Div- Remarks
chema chema ing48
Subset Full Top-1

CoVGT (Xiao et al. 2023) 149M 32 - - 60.0 -
HiTeA (Ye et al. 2023) 297M 16 - - 63.1 -
InternVideo (Wang et al. 2022) 478M 90 - 32.1 63.2 -
ImageViT (Papalampidi et al. 2024) 1B 16 40.8 309 - -
ShortVilT (Papalampidi et al. 2024) 1B 16 47.9 31.0 - -
Flamingo (Alayrac et al. 2022) 3B 32 - - - -
SeViLA Localizer + ShortVilT 5B 32 496 313 - -
(Papalampidi et al. 2024)
SeViLA (Yu et al. 2023) 4B 32 257 227 462 — 73.8—
TimeS-L (Bertasius et al. 2021) 121M - - - - 91.0  Needs SC
VideoSwin-B (Liu et al. 2022) 88 M - - - - 81.9  Needs SC
BEVT (Wang et al. 2022) 88 M - - - - 86.7  Needs SC
SIFAR-B-14 (Fan et al. 2021) 8TM - - - - 87.3  Needs SC
ORVIT (Herzig et al. 2022) 160M - - - - 88.0  Needs

SC+BB
AIM ViT-B (Yang et al. 2023) 9TM - - - - 88.9  Needs SC
AIM ViT-L (Yang et al. 2023) 341M - - - - 90.6  Needs SC
Bard only (blind) (Papalampidi - - 27.0 332 - - Blind
et al. 2024) model
Bard + ImageViT (Papalampidi - - 350 350 - -
etal. 2024)
Bard + ShortVilT (Papalampidi - - 420 362 - -
et al. 2024)
Bard + PALI (Papalampidi et al. - - 44.8 39.2 - -
2024)
GPT-4 Turbo (blind) - - 31.0 308 - - Blind

model
GPT-4V - - 635 556 - -

Gemini Ultra (Team et al. 2023) — — - - - —

Classical high-level vision tasks including image classification, object detection, and image
segmentation, which require understanding images rather than recovering images. Potential
research can be concluded as follows.

1. Unifying a framework is used for high-level vision tasks, i.e., image classification,
object detection and image segmentation, according to relations of three tasks.

2. Lightweight networks for high-level vision tasks. Some existing methods based deep
learning have higher computational costs and complexities, thus refining networks are
very necessary for trained GPU platforms and applied platforms, according to salient
information of key layers and optimizing loss functions, etc.

3. Self-supervised learning methods can be guided deep networks in unsupervised ways
rather than ground truth of manual labeling to improve applicability of several high-
level vision tasks in the real world.

4. Muti-modal techniques can be used to extract complementary information to reduce
data dependency and deep network dependency in high-level vision tasks.
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Table 54 Performance of LLM models on multiple tasks

Models AIME 2024 GPQA SWE Bench MATH 500 BFCL Alder Polyglot

GPT-40 13.4% 56.1% 31% 60.3% 72.08% 27.1%

Claude 3.5 Sonnet 16% 65% 49% 78% 56.46% 51.6%

Claude 3.7 Sonnet 23.3% 68% 62.3% 82.2% 58.3%  60.4%

GPT-4.5 36.7% 71.4%  38% 69.94% 44.9%

DeepSeek V3 0324 59.4% 64.8%  38.8% 94% 58.55%  55.1%

Claude 3.7 Sonnet [R]  61.3% 782%  70.3% 96.2% 58.3%  64.9%

OpenAl ol-mini 63.6% 60% 90% 52.2% 32.9%

OpenAl ol 79.2% 757%  48.9% 96.4% 67.87% 61.7%

DeepSeek-R1 79.8% 71.5%  49.2% 97.3% 57.53% 64%

OpenAl 03-mini 87.3% 79.7%  61% 97.9% 65.12%  60.4%

Gemini 2.5 Pro 92% 84% 63.8% 72.9%

Grok 3 [Beta] 93.3% 84.6%

Llama 4 Behemoth 73.7% 95%

Llama 4 Scout 57.2%

Llama 4 Maverick 69.8% 15.6%

Gemma 3 27b 42.4% 10.2%  89% 4.9%

Qwen2.5-VL-32B 46% 18.8% 82.2% 62.84%

Gemini 2.0 Flash 62.1% 51.8% 89.7% 60.42% 22.2%

Llama 3.3 70b 50.5% 77% 77.3% 51.43%

Nova Pro 46.9% 76.6%  68.4% 61.38%

Claude 3.5 Haiku 41.6% 40.6%  69.4% 54.31% 28%

Llama 3.1 405b 49% 73.8% 81.1% 51.43%

GPT-40 mini 40.2% 70.2%  64.1% 3.6%

Table 55 Performance of 3D Model Overall Mean Num-

Point Cloud Classification on accuracy  accuracy  ber of

ModelNet40 params
PointGST (Liang et al. 2024) 95.3 - -
Mamba3D + Point-MAE (Han 95.1 - 16.9M
et al. 2024)
OTMae3D (Wang et al. 2024) 94.5 - -
PointNeXt (Qian et al. 2022) 94.0 91.1 4.5M
MVTN (Hamdi et al. 2021) 93.8 92.2 -
Feature Geometric Net (FG-Net) 93.8 91.1 -
(Liu et al. 2020)
DeepGCN (Li et al. 2019) 93.6 90.9 2.2M
PointNet++ + SageMix (Lee 93.3 - -
et al. 2022)
DGCNN (Wang et al. 2019) 92.9 90.2 1.81M
RS-CNN (Liu et al. 2019) 92.9 - -
PointNet++ (Qi et al. 2017b) 90.7 - 1.74M

5. Large model techniques can further enhance data dependency to extract salient infor-
mation for improving performance of high-level vision tasks.
6. Developing new metrics can better test performance of deep learning methods for high-

level vision.
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7. Real-time processing of high-level vision, improving processing abilities of hardware
equipment and optimizing deep learning methods is very necessary.

Video processing tasks involve video analysis and understanding, video generation and edit-
ing, and video enhancement and restoration. These tasks require the processing of dynamic
visual data and deal with the complexity introduced by the time dimension. The application
of deep learning to video processing has brought new possibilities to multimedia technol-
ogy. The following are potential research directions:

1. A unified framework for video processing tasks, such as video analysis, generation, and
enhancement, designs general models based on the temporal and spatial characteristics
of video data to adapt to different application scenarios (such as monitoring, entertain-
ment, and education).

2. Lightweight networks for video processing tasks. The high-dimensional nature of video
data leads to high computational costs, so lightweight networks need to be developed
to optimise the extraction of temporal and spatial features and adapt to resource-con-
strained devices.

3. The application of self-supervised learning in video processing. Video data annotation
is costly and complex. Self-supervised learning can take advantage of the temporal con-
sistency of videos to reduce the dependence on labelled data and improve the robust-
ness of models in real-world scenarios.

4. The application of multimodal technology in video processing. Combining multimodal
data such as video, audio and text can improve the quality of video understanding and
generation, for example in video subtitling or cross-modal video retrieval.

5. The application of large model technology in video processing. Using large model tech-
nology to learn long-term dependencies in video data improves the performance of
video generation and enhancement tasks.

6. Developing new metrics to better evaluate the performance of deep learning methods in
video processing tasks.

7. Optimisation of real-time performance in video processing. Optimisation of the col-
laboration between deep learning models and hardware devices to improve processing
speed for real-time video analysis and enhancement.

NLP tasks include text representation and structured analysis, text generation and interac-
tive applications, as well as cross-modal integration and advanced scenarios. These tasks
require deep learning models to understand and generate natural language. The following
are potential research directions:

1. A framework that unifies NLP tasks, such as text representation, generation, and cross-
modal integration, and designs universal models based on the semantic and contextual
characteristics of language tasks to improve model generalization.

2. Lightweight networks for NLP tasks. Develop lightweight language models for
resource-constrained devices, optimising computational complexity and inference
speed while maintaining the quality of language understanding and generation.

3. Application of self-supervised learning in NLP. Use large-scale unlabelled text
data to improve the adaptability of models to complex language scenarios through
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self-supervised learning, for example in low-resource languages or domain-specific
tasks.

Applications of multimodal technologies in NLP. Combining multimodal data such as
text, images and videos to improve the performance of cross-modal tasks such as visual
question answering or image caption generation.

Applications of large model technologies in NLP. Using large model technologies such
as pre-trained language models to enhance language understanding and generation
capabilities, especially in interactive applications and advanced scenarios.

Developing new metrics to better evaluate the performance of deep learning methods in
NLP tasks.

Optimisation of real-time performance for NLP tasks. For real-time interactive applica-
tions (e.g. chatbots), optimise model inference speed and hardware support to improve
the user experience.

3D data processing tasks include 3D object recognition and classification, 3D scene under-
standing and segmentation, and 3D reconstruction and generation. These tasks require pro-
cessing spatial data and coping with the complexity of three-dimensional structures. The
following are potential research directions:

A unified framework for 3D data processing tasks, such as 3D object recognition, scene
segmentation, and reconstruction, designs a general model based on the geometric and
topological characteristics of 3D data to adapt to different application scenarios (such
as robot navigation and virtual reality). Lightweight networks for 3D data processing.
The high dimensionality of 3D data leads to high computational costs. Lightweight
networks are developed to optimise the processing efficiency of point cloud or stereo
microscope data and adapt to resource-constrained devices. The application of self-
supervised learning in 3D data processing. The cost of annotating 3D data is high, and
self-supervised learning can use geometric consistency or unsupervised pre-training to
improve the adaptability of models to complex 3D scenes.

The application of multimodal technology in 3D data processing. Combining 3D data
with multimodal information such as images and text improves the quality of 3D scene
understanding and reconstruction, for example in augmented reality (AR) applications.
The application of large model technology in 3D data processing. Using large model
technology to learn complex spatial dependencies in 3D data improves the performance
of 3D object recognition and reconstruction tasks.

Development of new metrics to better evaluate the performance of deep learning meth-
ods for 3D data processing tasks.

Optimisation of real-time processing of 3D data. Optimisation of the collaboration
between deep learning models and hardware devices to improve processing speed for
real-time 3D scene understanding and reconstruction.

The challenges of low- and high-level vision tasks, video processing, NLP and 3D data
processing tasks can be summarised as follows:
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1. Models are less robust to different scenarios and applications. Whether it is images,
videos, text or 3D data, the diversity of complex real-world scenarios challenges the
generalisation ability of models.

2. Deep networks may lead to high computational costs and complexity, which is not con-
ducive to practical applications, especially in video and 3D data processing, where the
data dimension is higher and the computational requirements are greater.

3. The real labels of deep learning methods are usually obtained through manual opera-
tion or ideal conditions, which is challenging in practical applications. For example, the
labeling of video and 3D data is costly, and the labeling of low-resource languages is
scarce in NLP tasks.

4. Features extracted using only deep networks and raw data (e.g., images, videos, or text
in a single modality) cannot fully express the overall information of the data, resulting
in low performance or robustness in the real world for low-level and high-level vision
tasks, video processing, NLP, and 3D data processing.

5. Evaluation metrics may affect the performance of models based on deep learning algo-
rithms, especially in video processing, NLP, and 3D data processing, and existing met-
rics may not fully reflect the effectiveness of models. The load capacity and speed of the
hardware device may affect the real-time processing of different tasks, such as real-time
analysis of video processing, real-time interaction of NLP, and real-time reconstruction
of 3D data.

11 Conclusion

In this paper, we provide a comprehensive overview of deep learning fundamentals, aiming
to offer a foundational introduction for engineers and scholars. Specifically, we trace the
development of deep learning techniques and highlight classical network architectures and
key components to enhance readers’ understanding of deep learning principles. To cater to
diverse audiences, we systematically summarize the principles, differences, relationships,
and applications of deep networks across various tasks, i.e., low-level vision tasks, such as
image denoising, image super-resolution, and image deblurring, high-level vision tasks,
such as image classification, image segmentation, and object detection, video processing,
such as video analysis, generation, enhancement, natural language processing, such as text
representation, generation, cross-modal integration and 3D data processing, such as 3D
object recognition, scene understanding, reconstruction. Additionally, we evaluate their per-
formance through both quantitative and qualitative analyses. Finally, we outline potential
research directions and challenges in deep learning and summarise the contributions of this

paper.
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