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Abstract—Convolutional Neural Networks (CNNs) have trans-
formed the field of computer vision by enabling automated
feature extraction and delivering remarkable performance across
a wide range of visual recognition tasks. The rapid evolution
of CNN architectures, coupled with the growing availability
of large-scale datasets and high-performance computing plat-
forms, has accelerated their adoption in domains such as image
classification, object detection, semantic segmentation, medical
image analysis, autonomous driving, precision agriculture, and
intelligent surveillance. Despite these advances, the increasing
complexity of network designs and the emergence of alternative
deep learning paradigms have created the need for a unified and
up-to-date assessment of CNN-based developments.

This review presents a comprehensive analysis of CNNs for
computer vision by systematically examining their architectural
evolution, major application areas, and recent research trends.
Relevant studies were identified through a structured literature
search across leading scientific databases using predefined in-
clusion and exclusion criteria to ensure the selection of high-
quality contributions. The review highlights the progression from
early CNN models to modern efficient architectures, compares
their strengths and limitations, and summarizes their practical
impact across diverse application domains. Furthermore, key
challenges, including computational cost, data dependency, model
interpretability, robustness, and deployment constraints, are crit-
ically discussed. Emerging directions such as lightweight CNNs,
hybrid CNN–Transformer frameworks, self-supervised learning,
edge intelligence, and explainable artificial intelligence are also
explored. By integrating architectural, application-oriented, and
future perspectives, this review provides a consolidated reference
for researchers and practitioners while identifying promising
opportunities for the next generation of computer vision systems.
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I Introduction
Computer vision has become a cornerstone of modern

artificial intelligence (AI), enabling machines to interpret
and analyze visual information with increasing accuracy and
efficiency. The widespread adoption of digital imaging devices,
smart sensors, and Internet of Things (IoT) technologies has
generated an enormous volume of visual data, creating a
growing demand for automated image understanding systems.
Applications such as image classification, object detection,
semantic segmentation, facial recognition, and activity analysis
have become integral to numerous scientific and industrial
domains. Traditional computer vision techniques, which relied
on handcrafted feature extraction methods such as Scale-
Invariant Feature Transform (SIFT) and Histogram of Oriented

Gradients (HOG), often exhibited limited robustness when
dealing with complex backgrounds, illumination variations,
and large-scale datasets [1, 2].

The emergence of deep learning has fundamentally trans-
formed computer vision by enabling data-driven feature learn-
ing. Among various deep learning architectures, Convolutional
Neural Networks (CNNs) have demonstrated exceptional capa-
bility in automatically extracting hierarchical representations
from raw images through convolutional operations and shared
parameters. The introduction of LeNet established the feasi-
bility of CNNs for image recognition, while the success of
AlexNet in the ImageNet challenge significantly accelerated
research in deep visual learning. Subsequent architectures,
including VGG, GoogLeNet, ResNet, DenseNet, EfficientNet,
ConvNeXt, and more recently Vision Transformers, have
continuously improved feature representation, computational
efficiency, and model scalability for increasingly challenging
computer vision tasks [3, 4, 5, 6, 7, 8].

The chronological evolution of representative CNN archi-
tectures is illustrated in Figure 1. The progression highlights
the transition from shallow networks designed for simple
recognition tasks to highly sophisticated models capable of
addressing large-scale visual understanding problems.

CNN-based computer vision systems have significantly in-
fluenced diverse application domains. In healthcare, deep CNN
models assist in disease diagnosis, medical image segmen-
tation, and computer-aided detection. Autonomous vehicles
employ CNNs for object recognition, lane detection, and scene
understanding to improve navigation safety. Similarly, pre-
cision agriculture benefits from CNN-based crop monitoring
and plant disease identification, while intelligent surveillance
systems utilize CNNs for facial recognition, anomaly detec-
tion, and activity monitoring. The adaptability of CNN archi-
tectures across these heterogeneous applications demonstrates
their importance as a general-purpose framework for visual
intelligence [9, 10, 11, 12].

Despite these achievements, several challenges remain.
Deep CNN models often require extensive labeled datasets,
significant computational resources, and high training costs.
Model interpretability, robustness against adversarial perturba-
tions, deployment on resource-constrained devices, and adap-
tation to unseen environments continue to attract consider-
able research attention. Furthermore, the rapid emergence of
transformer-based vision models and hybrid CNN-transformer
frameworks has expanded the research landscape, necessitating
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Fig. 1: Evolution of representative CNN architectures for computer vision.

a comprehensive understanding of the evolving role of CNNs
in modern computer vision [13, 14].

Although numerous survey articles have investigated CNN
research, many concentrate either on architectural develop-
ments or on specific application domains such as medical
imaging or autonomous driving. Existing studies frequently
lack a unified discussion that simultaneously examines ar-
chitectural evolution, practical applications, comparative per-
formance, current challenges, and emerging research trends
within a single framework. Consequently, there remains a need
for an integrated review that provides a holistic perspective on
CNN-based computer vision.

Motivated by these observations, this paper presents a
comprehensive review of convolutional neural networks for
computer vision. The major contributions of this work are
summarized as follows:

• Development of a systematic taxonomy covering the
evolution of major CNN architectures.

• Comprehensive analysis of CNN applications across di-
verse computer vision domains.

• Comparative discussion of representative architectures,
highlighting their strengths and limitations.

• Critical examination of current research challenges and
practical deployment issues.

• Investigation of emerging trends, including lightweight
CNNs, hybrid CNN-transformer models, edge intelli-
gence, and explainable AI.

• Identification of promising future research directions for
next-generation computer vision systems.

The remainder of this paper is organized as follows. Section
II presents the review methodology. Section III discusses CNN
architectures and application domains. Section IV provides
a comparative analysis of representative models. Section V
highlights research gaps and challenges. Section VI discusses
emerging trends and future directions, while the final section
concludes the review.

II Review Methodology
To provide a balanced and comprehensive overview of

Convolutional Neural Networks (CNNs) for computer vision, a
systematic literature review strategy was adopted. The method-
ology was designed to identify influential studies, minimize
selection bias, and ensure adequate coverage of both foun-
dational architectures and recent advancements. The overall
workflow, illustrated in Figure 2, consists of four major stages:
literature identification, screening, eligibility assessment, and
final selection.

The literature search was conducted using widely rec-
ognized scientific databases, including IEEE Xplore, ACM
Digital Library, SpringerLink, ScienceDirect, Wiley Online

Search Screening Selection Analysis

Fig. 2: Overview of the review methodology adopted in this study.

TABLE I: Summary of the literature selection strategy.

Databases IEEE, ACM, Springer,
Elsevier, Wiley, arXiv

Period 2015–2026∗

Keywords CNN, Computer Vision,
Image Classification,
Object Detection

Inclusion Peer-reviewed,
CNN-based studies

Exclusion Duplicates,
Non-relevant works

Library, and arXiv. To retrieve relevant publications, combina-
tions of keywords such as “Convolutional Neural Networks,”
“Computer Vision,” “Deep Learning,” “Image Classification,”
“Object Detection,” and “Semantic Segmentation” were em-
ployed. Foundational studies with significant historical impact
and recent high-quality contributions published primarily be-
tween 2015 and 2026 were considered.

The inclusion criteria comprised peer-reviewed journal and
conference papers focusing on CNN architectures and com-
puter vision applications, while duplicate records, non-English
articles, and studies unrelated to visual learning were excluded.
The selected publications were further examined based on their
methodological novelty, application domain, experimental val-
idation, and practical significance. Information extracted from
each study included the CNN model, target application, bench-
mark datasets, evaluation metrics, and major contributions.

The final collection of studies was organized into three
broad categories: CNN architectural evolution, application-
specific developments, and emerging research trends. This
classification facilitates a systematic comparison of existing
approaches and provides a coherent foundation for the subse-
quent analysis presented in this review.

As summarized in Figure 2 and Table I, the adopted method-
ology ensures a structured and reproducible review process
while maintaining a balanced representation of foundational
and state-of-the-art CNN research for computer vision.

III Literature Review
A. A. Evolution of CNN Architectures

The remarkable success of Convolutional Neural Networks
(CNNs) in computer vision is primarily attributed to con-
tinuous architectural innovations that have improved feature
representation, computational efficiency, and model scalability.
Since the introduction of the first practical CNN model,
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researchers have proposed increasingly sophisticated archi-
tectures to address challenges such as vanishing gradients,
excessive computational cost, and limited feature reuse. Ta-
ble II summarizes the major CNN architectures and their key
contributions.

LeNet, proposed by LeCun et al., is widely recognized as
the pioneering CNN architecture for image recognition [19].
The model employed convolutional and pooling layers to
learn hierarchical image features and demonstrated remark-
able performance on handwritten digit classification. Although
relatively shallow by modern standards, LeNet established
the fundamental principles of convolutional feature extraction
and parameter sharing that continue to underpin contemporary
CNN designs.

A significant breakthrough occurred with AlexNet, which
achieved outstanding performance in the ImageNet Large
Scale Visual Recognition Challenge (ILSVRC) and demon-
strated the practical advantages of deep learning for large-scale
visual recognition [20]. The architecture introduced Rectified
Linear Unit (ReLU) activation, dropout regularization, and
GPU-accelerated training, significantly reducing training time
while improving classification accuracy.

Subsequent research focused on increasing network depth
to improve feature learning. VGG networks adopted a simple
yet effective strategy by stacking multiple small convolutional
filters, enabling deeper architectures with enhanced represen-
tational capability [21]. In contrast, GoogLeNet introduced the
Inception module, which employed parallel convolution oper-
ations of different sizes to improve computational efficiency
while reducing the number of trainable parameters [22].

As network depth increased, optimization difficulties such
as vanishing gradients became more pronounced. ResNet ad-
dressed this challenge by introducing residual learning through
shortcut connections, allowing very deep networks to be
trained effectively [23]. Building upon this concept, DenseNet
established dense connectivity among layers, encouraging fea-
ture reuse and improving gradient propagation while reducing
parameter redundancy [24].

Recent CNN architectures have emphasized efficiency and
practical deployment. EfficientNet proposed a compound scal-
ing strategy that jointly optimizes network depth, width, and
input resolution, achieving superior accuracy with fewer pa-
rameters [25]. ConvNeXt further modernized CNN design by
incorporating architectural refinements inspired by transformer
models while preserving the efficiency of convolutional opera-
tions [26]. In parallel, Vision Transformers (ViTs) introduced
self-attention mechanisms for image representation learning,
offering competitive performance and motivating hybrid CNN-
transformer architectures that combine the strengths of both
paradigms [27].

Overall, the evolution of CNN architectures reflects a con-
tinuous effort to balance accuracy, computational complexity,
and scalability. Early models established the foundations of
deep visual learning, whereas modern architectures focus on
efficient feature extraction and adaptability to diverse computer
vision applications. These developments have significantly

TABLE II: Representative CNN architectures and their major con-
tributions.

Model Year Key Contribution
LeNet 1998 Early CNN design

AlexNet 2012 Deep learning breakthrough
VGG 2014 Very deep architecture

GoogLeNet 2015 Inception modules
ResNet 2016 Residual learning

DenseNet 2017 Dense connectivity
EfficientNet 2019 Compound scaling
ConvNeXt 2022 Modernized CNN

Vision Transformer 2021 Self-attention learning

expanded the applicability of CNNs across numerous real-
world domains and continue to influence the design of next-
generation intelligent vision systems.

Table II demonstrates that CNN development has pro-
gressed from improving classification capability to optimiz-
ing computational efficiency and representation learning. The
complementary strengths of these architectures have laid the
foundation for a wide range of computer vision applications,
which are discussed in the following subsection.

B. CNN Applications in Computer Vision

The continuous evolution of CNN architectures has substan-
tially expanded their applicability across diverse computer vi-
sion tasks. Their ability to automatically learn hierarchical vi-
sual features from raw image data has reduced the dependence
on handcrafted descriptors and enabled robust performance in
complex real-world environments. Consequently, CNN-based
models have become fundamental components of modern
intelligent vision systems across healthcare, transportation,
agriculture, surveillance, and industrial automation.

Image classification remains one of the earliest and most
extensively studied applications of CNNs. Large-scale bench-
mark datasets such as ImageNet have facilitated the develop-
ment of highly discriminative models capable of recognizing
thousands of object categories with remarkable accuracy [28].
Advanced architectures including ResNet, DenseNet, and Ef-
ficientNet have significantly improved classification perfor-
mance while reducing computational complexity, making them
suitable for both cloud and edge computing environments.

Object detection extends image classification by simulta-
neously identifying object categories and their spatial loca-
tions within an image. CNN-based detectors can generally
be divided into two-stage and one-stage approaches. Two-
stage methods, represented by Faster R-CNN and Mask R-
CNN, achieve high detection accuracy through region proposal
mechanisms, whereas one-stage detectors such as the YOLO
family provide real-time performance by directly predicting
object locations and classes [29, 30]. These models have found
extensive applications in intelligent transportation systems,
robotics, and autonomous navigation.

Another important application area is semantic segmenta-
tion, where each pixel in an image is assigned a semantic label.
Fully Convolutional Networks (FCNs), U-Net, and DeepLab
architectures have demonstrated impressive capability in ex-
tracting detailed spatial information for scene understanding
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TABLE III: Representative applications of CNNs in computer vision.

Application Primary Objective
Image Classification Object recognition
Object Detection Localization and detection
Semantic Segmentation Pixel-level labeling
Medical Imaging Disease diagnosis
Autonomous Driving Scene understanding
Precision Agriculture Crop monitoring
Intelligent Surveillance Activity analysis
Industrial Inspection Defect detection

and medical image segmentation [31, 32]. These approaches
have significantly improved the precision of image analysis
tasks requiring accurate object boundary delineation.

Healthcare represents one of the most impactful application
domains of CNNs. Deep learning models assist clinicians in
detecting diseases from medical images, including chest X-
rays, computed tomography (CT), magnetic resonance imag-
ing (MRI), retinal scans, and dermoscopic images. CNN-
based computer-aided diagnosis systems have shown promis-
ing results for identifying tumors, diabetic retinopathy, skin
lesions, and pulmonary diseases while reducing diagnostic
workload [33]. Their ability to process large volumes of
medical data efficiently has accelerated the adoption of AI-
assisted healthcare technologies.

CNNs have also contributed significantly to autonomous
driving systems. Vehicle perception modules rely on deep
convolutional models for traffic sign recognition, pedestrian
detection, lane identification, obstacle avoidance, and scene
understanding. By integrating information from cameras and
other sensors, CNN-based frameworks support real-time deci-
sion making and enhance the safety and reliability of intelli-
gent transportation systems [34].

In precision agriculture, CNN models facilitate automated
crop monitoring, plant disease identification, weed detection,
fruit counting, and yield prediction. The combination of aerial
imagery, drone technology, and deep learning enables farm-
ers to optimize resource utilization and improve agricultural
productivity [35]. Similarly, intelligent surveillance systems
employ CNNs for facial recognition, anomaly detection, crowd
monitoring, and human activity analysis, contributing to en-
hanced public safety and security management [36].

Table III summarizes representative computer vision ap-
plications of CNNs and their primary objectives. The table
highlights the versatility of CNN architectures across multiple
domains and demonstrates their broad practical impact.

As summarized in Table III, CNNs have evolved into a
versatile computational framework capable of addressing a
broad spectrum of computer vision problems. Nevertheless,
the suitability of a particular architecture often depends on
application-specific requirements such as accuracy, compu-
tational efficiency, memory consumption, and real-time pro-
cessing capability. Consequently, a systematic comparison of
representative CNN models is essential for understanding
their relative strengths and limitations. The following section
presents a comparative analysis of prominent CNN architec-
tures and their practical characteristics.

TABLE IV: Comparative analysis of representative CNN architec-
tures.

Model Year Advantage Limitation
LeNet 1998 Simple Limited depth
AlexNet 2012 High accuracy Large model
VGG 2014 Deep features High parameters
GoogLeNet 2015 Efficient Complex design
ResNet 2016 Residual learning High complexity
DenseNet 2017 Feature reuse Memory cost
EfficientNet 2019 Efficient scaling Tuning required
ConvNeXt 2022 Modern CNN Training cost
ViT 2021 Global attention Large data demand

IV Comparative Analysis
The rapid evolution of CNN architectures has introduced

significant improvements in feature extraction, learning ca-
pability, and computational efficiency. However, no single
architecture is universally optimal for all computer vision
tasks, as model selection depends on factors such as accuracy
requirements, computational resources, memory constraints,
and real-time processing demands. Therefore, a comparative
analysis is essential for understanding the relative advantages
and limitations of representative CNN models.

Early architectures such as LeNet and AlexNet established
the foundation of deep visual learning but were primarily de-
signed for image classification problems with relatively simple
structures. VGG improved feature representation by increasing
network depth through stacked convolutional layers, although
its large number of parameters increased computational cost.
GoogLeNet addressed this limitation by introducing Inception
modules that efficiently captured multi-scale features while
reducing model complexity. Subsequently, ResNet employed
residual connections to overcome degradation problems as-
sociated with very deep networks, whereas DenseNet further
improved feature propagation through dense layer connectiv-
ity [37, 38].

Recent architectures have focused on balancing predictive
performance and computational efficiency. EfficientNet intro-
duced compound scaling to optimize network depth, width,
and input resolution simultaneously, achieving competitive
accuracy with fewer parameters. ConvNeXt modernized con-
ventional CNN design by incorporating architectural refine-
ments inspired by transformer models while preserving the
advantages of convolutional operations. In parallel, Vision
Transformers have demonstrated strong representation learning
capabilities through self-attention mechanisms, particularly for
large-scale datasets [39, 40].

Table IV provides a concise comparison of representative
CNN architectures based on their principal characteristics.
The comparison indicates that modern CNN models generally
achieve improved accuracy and efficiency while reducing
computational overhead, making them suitable for practical
deployment across diverse application domains.

As summarized in Table IV, the progression of CNN archi-
tectures reflects a shift from maximizing predictive accuracy
toward achieving an effective balance between performance,
scalability, and computational efficiency. While traditional
CNNs remain highly effective for many computer vision
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tasks, recent developments indicate an increasing integration of
convolutional and attention-based mechanisms. Despite these
advances, challenges related to data dependency, model in-
terpretability, computational requirements, and robust deploy-
ment persist. These limitations motivate further investigation
into existing research gaps and open challenges, which are
discussed in the following section.

V Research Gaps and Challenges
Despite the remarkable progress of Convolutional Neural

Networks (CNNs) in computer vision, several research chal-
lenges continue to limit their widespread adoption and practi-
cal deployment. Although modern architectures have achieved
impressive performance on benchmark datasets, many models
remain highly dependent on large volumes of annotated train-
ing data. The collection and labeling of high-quality datasets
are often expensive, time-consuming, and domain-specific,
particularly in fields such as medical imaging and precision
agriculture [41].

Another important challenge is the computational com-
plexity of deep CNN models. State-of-the-art architectures
generally require substantial memory, processing power, and
energy consumption, making their deployment on edge devices
and embedded systems difficult. While lightweight architec-
tures have improved efficiency, achieving an effective balance
between accuracy and computational cost remains an active
research problem [42].

Model interpretability and robustness also require further
investigation. CNNs are frequently regarded as black-box
models, making it difficult to understand their decision-making
process in safety-critical applications. In addition, adversarial
perturbations and variations in real-world environments can
significantly degrade model performance, raising concerns
regarding reliability and security.

Furthermore, the emergence of Vision Transformers and hy-
brid CNN-transformer architectures has created new research
opportunities while introducing challenges related to model
selection, scalability, and integration strategies. Developing
efficient, interpretable, and robust vision models capable of
learning from limited data and adapting to diverse environ-
ments remains an open research direction. Addressing these
challenges is essential for advancing next-generation computer
vision systems and expanding the practical impact of CNN-
based technologies.

VI Future Research Directions
The future of Convolutional Neural Networks (CNNs) for

computer vision is expected to focus on improving efficiency,
adaptability, and trustworthiness while addressing existing
practical limitations. One promising direction is the develop-
ment of hybrid CNN–Transformer architectures that combine
the local feature extraction capability of convolutional oper-
ations with the global contextual modeling provided by self-
attention mechanisms. Such frameworks have the potential to

achieve superior performance across a wide range of visual
recognition tasks.

Another important research trend involves lightweight and
edge-deployable CNN models for resource-constrained en-
vironments. Model compression, neural architecture search,
and knowledge distillation can facilitate real-time inference in
mobile devices, autonomous systems, and Internet of Things
(IoT) applications. In addition, self-supervised and few-shot
learning techniques may reduce the dependence on large
labeled datasets, enabling efficient model training in domains
where annotated data are limited.

Future investigations should also emphasize explainable
and trustworthy AI to improve model transparency and user
confidence, particularly in safety-critical applications such
as healthcare and autonomous driving. Furthermore, robust
learning strategies capable of mitigating adversarial attacks
and adapting to dynamic environments remain essential for
practical deployment. Collectively, these research directions
are expected to enhance the scalability, reliability, and societal
impact of CNN-based computer vision systems.

VII Conclusion
Convolutional Neural Networks (CNNs) have fundamen-

tally transformed computer vision by enabling automated
hierarchical feature learning and achieving state-of-the-art
performance across numerous visual recognition tasks. This
review has presented a comprehensive overview of the evolu-
tion of CNN architectures, highlighting the progression from
early models such as LeNet to modern efficient architectures
and transformer-inspired frameworks. Their applications in
image classification, object detection, semantic segmentation,
healthcare, autonomous driving, agriculture, and intelligent
surveillance demonstrate the versatility and practical signifi-
cance of CNN-based approaches.

A comparative analysis of representative architectures indi-
cates that recent developments have improved both predictive
capability and computational efficiency, although challenges
related to data dependency, interpretability, robustness, and
deployment complexity remain. Emerging trends, including
lightweight CNNs, hybrid CNN–Transformer models, self-
supervised learning, edge intelligence, and explainable AI,
provide promising opportunities for overcoming these limi-
tations.

Overall, CNNs are expected to remain a fundamental com-
ponent of intelligent vision systems while evolving alongside
emerging deep learning paradigms. The findings presented in
this review provide a consolidated reference for researchers
and practitioners and may support the development of more
efficient, reliable, and adaptable computer vision technologies
for future real-world applications.
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