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Abstract : Object detection has become a keystone of computer vision, impacting domains such as autonomous vehicles, 

healthcare, and security. This paper reviews the recent advancements in object detection, focusing on Convolutional 

Neural Networks (CNNs) and Vision Transformers (ViTs). By analyzing published studies, it explores the evolution of 

these techniques, highlights state-of-the-art methodologies, and evaluates their effectiveness. Furthermore, the paper 

identifies the challenges in applying these approaches to real-world scenarios and discusses the future scope for 

improvements in the field. 
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INTRODUCTION 

Object detection is a critical task in computer vision that involves identifying objects within an image and their precise 

locations. Traditional techniques relied on handcrafted features and machine learning algorithms, which struggled to 

handle complex real-world scenarios. The advent of deep learning has transformed the field, with CNNs offering a 

robust framework for feature extraction and object localization. More recently, Vision Transformers have emerged as 

an alternative, leveraging self-attention mechanisms for superior performance in various detection tasks. 

Object detection plays a vital role in computer vision, addressing diverse applications like image retrieval, autonomous 

navigation, and surveillance. The primary objective is to identify and localize objects within images or video streams, 

a task complicated by challenges like lighting variations, occlusions, and varying object sizes. Recent advancements in 

deep learning, particularly through Convolutional Neural Networks (CNNs) and Vision Transformers (ViTs), have 

dramatically improved performance in terms of accuracy and efficiency. 

Traditional methods depended on manual feature extraction, using predefined features such as edges and textures. These 

approaches struggled with complex patterns and variability, making them less effective in real-world scenarios. CNNs 

revolutionized object detection by enabling automated hierarchical feature extraction, effectively identifying spatial 

hierarchies in image data. They excel at detecting localized features but face limitations in capturing long-range 

dependencies and global context due to their fixed receptive fields. 

ViTs address this gap by leveraging self-attention mechanisms, originally developed for natural language processing, 

to capture relationships across the entire image. By breaking images into patches and treating each as a sequence 

element, ViTs analyze global dependencies, enabling better contextual understanding and superior performance in 

complex scenarios. However, ViTs are computationally intensive and require large datasets for training, whereas CNNs 

are more efficient for smaller datasets and local feature analysis. 
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Integrating CNNs and ViTs offers a hybrid approach, combining CNNs’ strength in local feature detection with ViTs’ 

capability to model global context. This synergy enhances adaptability to varied environments and applications, making 

it possible to achieve high accuracy even in challenging scenarios. The exploration of this combined architecture aims 

to address existing limitations and pave the way for advancements in object detection methodologies. 

This paper reviews and compares these two paradigms by analyzing influential studies. It examines their design 

principles, strengths, weaknesses, and practical applications, providing a comprehensive understanding of the state-of-

the-art in object detection. 

 

REVIEW OF STUDIES 

The field of object detection has witnessed remarkable advancements, primarily driven by the evolution of convolutional 

neural networks (CNNs) and the integration of Vision Transformers (ViTs). Various research works provide a deep 

understanding of these developments, addressing the challenges and innovations in the domain. 

Amjoud and Amrouch [1] investigated the application of transfer learning techniques for CNN-based image orientation 

detection. Their study emphasizes the effectiveness of leveraging pre-trained models to enhance object detection tasks. 

This approach allows for efficient feature extraction and adaptation, reducing the training complexity for new datasets. 

Similarly, Zhiqiang and Jun [2] presented an extensive review of CNN architectures, with a focus on their capabilities 

in feature extraction and multi-scale representation. These features are critical in identifying objects across varying 

resolutions and scales, forming the backbone of modern object detection techniques. 

The trade-offs between speed and accuracy in CNN-based object detectors have been thoroughly analyzed by Huang et 

al. [3]. Their study highlights the importance of balancing computational efficiency and detection precision, particularly 

for real-time applications like autonomous vehicles and video surveillance.  

In contrast, Agarwal et al. [4] examined the challenges posed by occlusion and the detection of small objects, presenting 

advancements in CNN methods to address these issues. These improvements enable better detection performance in 

complex scenes with overlapping or partially visible objects. 

Zhao et al. [5] made a significant contribution to object detection by examining innovative approaches, particularly 

anchor-free detectors. These methods eliminate the reliance on predefined anchor boxes, which are traditionally used 

to propose potential object locations. By removing this dependency, anchor-free models streamline the detection 

process, reduce computational overhead, and enhance flexibility, making them highly effective across diverse datasets. 

This innovation addresses some of the limitations associated with anchor-based methods, such as sensitivity to anchor 

box configuration, and has opened new avenues for improving detection accuracy and efficiency. 

Liu et al. [6] extended the understanding of CNN applications in generic object detection, emphasizing their scalability 

and adaptability to various environments. Their work highlighted the ability of CNNs to generalize across different 

conditions, making them applicable to real-world scenarios that involve variability in object appearance, background 

complexity, and lighting conditions. The study also underlined the importance of developing transferable models that 

maintain robust performance across diverse datasets and detection tasks, a critical factor for practical deployment in 

dynamic settings. 

Meanwhile, Wu et al. [7] explored the potential of hybrid models that integrate CNNs with other techniques to address 

complex object detection challenges. These models leverage the strengths of CNNs in local feature extraction while 

incorporating complementary methods to capture global contextual relationships. Such hybrid architectures enable a 

more comprehensive understanding of both localized and broader image contexts, making them suitable for scenarios 

requiring nuanced interpretation of spatial and semantic information. This integration of local and global analysis 

represents a promising direction for tackling sophisticated detection problems in real-world applications. 

Small object detection presents unique challenges due to the limited pixel space occupied by these objects, which makes 

their features less distinguishable and harder to detect. Addressing this issue, Nguyen et al. [8] conducted an evaluation 

of deep learning techniques specifically designed for small object detection. Their research highlighted the limitations 

of standard object detection algorithms, which often fail to achieve satisfactory performance when applied to small 
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objects in cluttered or complex backgrounds. The study emphasized the need for specialized architectures and 

preprocessing techniques to enhance detection accuracy in such scenarios. 

Similarly, Liu et al. [9] compared various CNN-based models to determine their effectiveness in small object detection. 

Their findings shed light on the strengths and weaknesses of different approaches, particularly in terms of feature 

representation and scalability across diverse datasets. The study underscored the importance of leveraging multi-scale 

feature extraction methods and context-aware designs to improve the detection of small objects, which are typically 

overshadowed by larger elements in the scene. 

Jiao et al. [10] conducted a comprehensive survey categorizing deep learning-based object detection methods and their 

practical applications in fields such as healthcare, security, and industrial automation. Their work highlights the 

versatility of these techniques in solving real-world problems.  

Early contributions to the field by Schneiderman and Kanade [11] laid the groundwork for statistical methods in object 

detection, which have influenced the development of modern deep learning-based approaches. 

The role of CNN backbone architectures in improving detection accuracy has been emphasized by Amjoud and 

Amrouch [12]. Their work demonstrates how selecting the appropriate backbone network can significantly enhance 

feature extraction and overall detection performance.  

Zhang et al. [13] developed single-shot refinement neural networks, designed to enhance prediction accuracy by refining 

detection outputs. This approach proves particularly effective in scenarios with complex object layouts, where precise 

localization and classification are challenging. Their method optimizes detection precision, making it highly suitable 

for intricate object arrangements. 

The emergence of transformer-based models has opened new avenues in object detection. Rao et al. [14] investigated 

the use of transformers for incident prediction, demonstrating their versatility and adaptability beyond traditional 

computer vision tasks. This work highlights the transformative potential of self-attention mechanisms in diverse 

applications. 

Liu et al. [15] introduced the Swin Transformer, a hierarchical vision model aimed at enhancing scalability and 

efficiency in object detection. By enabling a better understanding of contextual information across multiple scales, this 

architecture achieves improved performance, addressing challenges associated with varying object sizes and complex 

backgrounds. 

Amjoud and Amrouch [16] analyzed the integration of Convolutional Neural Networks (CNNs) and Vision 

Transformers (ViTs), emphasizing the benefits of hybrid models. Their review demonstrates how combining the local 

feature extraction strengths of CNNs with the global contextual analysis capabilities of ViTs results in superior 

performance across a range of object detection tasks. 

This literature review highlights the progression from traditional methods to advanced CNN and ViT-based 

architectures. The reviewed works collectively underscore the ongoing efforts to overcome challenges such as small 

object detection, occlusion, and the need for real-time processing, paving the way for future advancements in object 

detection. 

 

METHODOLOGY 

The system integrates CNNs and Vision Transformers to capitalize on their respective strengths. CNNs provide robust 

feature extraction, while Vision Transformers enhance spatial understanding through self-attention mechanisms. The 

architecture of CNN is depicted in Fig 1. The diagram illustrates a typical CNN backbone used for feature extraction in 

the surveyed object detection systems, reflecting the "pre-trained CNNs" described in the reference workflow: 
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Fig. 1 CNN Architecture 

● Input Image: The CNN accepts a high-resolution RGB image (e.g., 512x512x3), normalized to ensure 

consistent pixel ranges. This stage is lightweight, preparing data for convolutional processing. 

● Convolutional Block: The first stage comprises multiple convolutional layers, each applying 3x3 filters (e.g., 

64 or 128 filters) to extract low-level features like edges and textures. ReLU activations introduce non-linearity, 

enhancing feature discriminability. For example, a layer might transform the input to 512x512x64. 

● Pooling and Normalization: Max-pooling layers (2x2, stride 2) reduce spatial dimensions (e.g., from 512x512 

to 256x256), preserving salient features while lowering computational load. Batch normalization stabilizes 

training by normalizing layer outputs, improving convergence. 

● Deeper Convolutional Layers: Subsequent layers increase filter counts (e.g., 256, 512) and apply strides (1 or 

2) to capture higher-level features like object shapes or parts. These layers deepen the network, enabling 

semantic richness. 

● Residual Connections: Inspired by architectures like ResNet, skip connections add input features to later 

layers, mitigating vanishing gradients and enhancing training stability. This is critical for deep networks used 

in object detection. 

● Feature Map Output: The final output is a feature map (e.g., 32x32x2048 for a 512x512 input), compact yet 

rich in spatial and semantic information, ready for the transformer module to refine. 

Role in the Survey 

The CNN architecture (Fig. 1) served as a baseline to evaluate feature extraction in surveyed studies. We assessed how 

variations—such as filter sizes, layer depths, or residual designs—affected detection performance. The integration with 

ViTs was analyzed by examining how feature maps were tokenized (e.g., divided into 16x16 patches) and processed by 

self-attention layers, aligning with the reference system’s transformer module. This structured approach ensured a 

technical and cohesive survey, highlighting the synergy of CNNs and ViTs in advancing object detection. 

 

 

CONCLUSION  

This paper reviews the advancements in object detection using CNNs and Vision Transformers, highlighting their 

transformative potential in computer vision. While CNNs excel in extracting features, Vision Transformers promise 

scalability and robustness in diverse applications. Future work could focus on hybrid architectures to overcome existing 

limitations and achieve superior performance. 
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