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ABSTRACT Object detection plays a pivotal role in advancing computer vision systems by enabling
machines to perceive and interact intelligently with their environments. Despite significant advancements,
comprehensive exploration of its evolution and applications in navigation remains underrepresented.
This review paper examines the evolution of object detection technologies, from early methodologies to
contemporary advancements, and their critical role in navigation tasks. The emphasis was on the significance
of contextual learning in enhancing object detection performance by leveraging spatial and temporal
information. Furthermore, the limitations of conventional approaches that rely heavily on hand-engineered
features are examined. It is then demonstrated that contextual learning facilitates automated feature
extraction, resulting in improved accuracy exceeding a 50% increase and adaptability in diverse applications.
The review concludes by outlining future trends and opportunities for further advancements in object
detection and, underscoring its transformative impact on autonomous navigation and beyond. In summary,
this review contributes to a comprehensive understanding of object detection technologies by offering
insights into their evolution, highlighting their applications in navigation, and providing guidance for future
research in context-aware systems.

INDEX TERMS Autonomous navigation, computer vision, contextual features, convolutional neural
networks (CNN), deep learning, evolution, navigation, object detection, review.

I. INTRODUCTION The origin of object detection in computer vision traces

Accurately identifying the types of objects within a scene is
crucial for enabling computer-aided devices to intelligently
interact with the visual world [1], [2]. This capability, known
as object detection, serves as a core function of advanced
Al, enabling machines not only to detect and count objects
but also to understand their nature and respond appropriately.
Object detection has garnered significant attention in recent
years as one of the most fundamental and challenging
problems in computer vision [1], [2], [3], [4], [5], [6].
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back to 1966, when a platform was developed to automat-
ically differentiate between the foreground and background
in images and extract distinct, non-overlapping objects from
real-world scenes [7]. Since then, object detection has
evolved from simple detection algorithms to sophisticated
deep learning networks, revolutionizing various sectors,
including autonomous navigation [8], [9], [10], robotics [11],
[12], [13], surveillance systems [14], [15], [16], and assistive
technologies [17], [18].

Despite significant advancements, many sophisticated
object detection algorithms are still limited in their ability
to understand the relationships between objects and their
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environment during classification. Understanding these rela-
tionships is critical to improve the accuracy of decision
making, improve semantic understanding, and resolve ambi-
guity when objects are visually similar. To develop more
advanced algorithms, it is essential to first comprehend the
spatio-temporal features of objects, explore the evolution
of object detectors, analyze how current Al-based models
classify objects, identify their limitations, and propose ways
to address these challenges.

This paper presents an in-depth review of the features
analyzed during object detection tasks and identifies key
features that should be examined to understand the relation-
ship between the detected objects and their environments.
By doing so, we aim to gain deeper insight into the nature
of objects. We will explore the various frameworks used for
object detection, the datasets employed to train and test these
models, and the metrics used to evaluate their performance.
In addition, we describe the advantages and limitations
of each model and examine how contextual learning can
enhance performance. Given the critical role of object
detection in autonomous driving and robotic navigation,
we discuss how current algorithms support state-of-the-art
navigation systems, address their limitations, and explore
how integrating contextual learning can further improve their
effectiveness.

The data presented in Figure 1 form the core body of
the literature analyzed in this review. From 1985 to 2024,
the studies included foundational work, algorithmic advance-
ments, and applications of object detection in navigation,
as well as emerging trends and challenges. By systematically
categorizing these publications into key areas of Detection
Fundamentals, Algorithms, Applications, and Challenges,
the graph provides a statistical understanding of the focus
of the study on the evolution and emerging developments
in autonomous systems. By linking past, present, and future
trends, Figure 1 represents the transformative impact of
object detection on navigation applications and highlights the
ongoing evolution of the fields discussed in this review.

Distribution of References by Research Focus in This Study
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FIGURE 1. Statistics of publications analyzed in this review paper,
categorized by Detection Fundamentals, Algorithms, Applications, and
Future Trends.

The main motivation of this study is to provide a
foundation for researchers and engineers seeking to enhance
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the performance of object detection algorithms through
contextual learning. We also aim to discuss how integrating
contextual learning into navigation systems can enable more
precise decision making. The contributions of this study are
as follows.

o Discuss the spatial and temporal features that aid in
distinguishing and providing a deeper understanding of
an object’s nature during classification.

o Propose a comprehensive and current survey on the
evolution of object detection algorithms.

o Examine the limitations of current object detectors
and analyze how contextual learning can enhance
performance.

o Discuss the working principles, advantages, and dis-
advantages of both older and more recent navigation
systems.

« Elaborate how contextual learning can further improve
navigation systems.

The remainder of this paper is organized as follows (see
Figure 2). Section II covers the fundamentals of object
detection, including a review of feature frameworks used
over the past two decades. Section III discusses the evolution
of object detection techniques from traditional detection
methods to machine learning and deep learning techniques.
Section IV provides a comprehensive discussion on the
evolution of navigation applications. Finally, in Section V,
we explore the current challenges and future trends in object
detection, emphasizing how contextual learning can enhance
both accuracy and efficiency.

Il. EXPLORING THE FUNDAMENTALS OF OBJECT
DETECTION

Object detectors closely mimic the sophisticated process of
the human visual system in object identification. Humans
naturally begin by perceiving local features such as edges,
textures, shapes, and colors, and then integrate these details
with contextual cues such as depth, lighting, and the
surrounding environment to fully understand an object and
its relationship to the scene [19]. This intricate process
allows rapid and accurate recognition, even in dynamic or
complex settings. Similarly, object detection models rely
on foundational features learned during training to make
precise predictions. This section explores the key local,
contextual, and temporal features that automated detectors
should consider for the precise classification of objects.

A. LOCAL FEATURES

Local features are small-scale elements that provide detailed
information regarding an object’s appearance, which is
essential for accurate classification in computer vision
systems. Initially, pixel-based methods such as template
matching [20] were used, where a template slides over an
image to find matching regions based on the pixel intensity.
However, this method struggles with variations in rotation
and scale [21], [22], [23].
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FIGURE 2. Structured overview of the review paper: A section-wise
flowchart depicting the logical progression of topics.

Among these local features, edges play a pivotal role in
defining the shape of an object, making them fundamental
in object detection [24]. Early edge detection methods,
such as Roberts, Prewitt, and Sobel [25], were limited by
noise sensitivity and poor edge sharpness [26]. The Canny
Edge Detector [24], introduced in 1986, improved this by
applying a multi-stage process that included noise reduction
with Gaussian filters, gradient calculation, and double
thresholding to capture essential boundary information.
Despite its efficiency, the Canny method has limitations,
such as incomplete edge detection. To address this, the
Hough Transform-based Canny (HT-Canny) [27] replaced
the double threshold method to improve edge accuracy
using edge-point gradient calculations and connected edges
through the Hough Transform [28].

Although these methods were foundational, advancements
in feature-based methods brought even more robust solutions
to the forefront, outperforming pixel-based approaches.
In 2001, Viola and Jones [29] introduced Haar-like features
for facial recognition based on Papageorgiou’s work [30]
using an integral image to sum the pixel intensities of
rectangular regions for pattern identification. In 2004, Lowe
introduced the Scale Invariant Feature Transform (SIFT) [31],
which extracts key features invariant to scaling, rotation, and
lighting changes. Despite its robustness, SIFT’s computation
was slower. Zhao et al. addressed this by introducing a
flip-invariant SIFT (F-SIFT) [32], preserving properties of
SIFT while tolerating flips.
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Subsequently, in 2005, Dalal and Triggs [33] intro-
duced a Histogram of Oriented Gradients (HOG), where
local gradients characterize object shape without precise
edge positions, thereby proving effective in pedestrian
detection. In 2006, Bay et al. [34] introduced Speeded-up
Robust Features (SURF), improving efficiency with Hessian
matrix-based detection and integral images and achieving
faster keypoint detection than SIFT.

Color features are also important for object detection
and for complementing shape-based methods [35]. Swain
and Ballard’s color histograms [36] revolutionized object
recognition by describing color distribution across an image.
Recent advancements include RGB-D detection methods that
combine color and depth information [37] for accurate object
detection in real-world applications.

Although analyzing individual features provides valuable
insights, it often lacks the ability to capture the broader
context necessary for a comprehensive understanding of
objects within a scene. Convolutional Neural Networks
(CNNs) address this limitation by integrating multiple
features across layers, allowing for a more holistic repre-
sentation that incorporates both local details and contextual
relationships. Its early layers extract low-level features
such as edges, whereas deeper layers capture high-level
semantic information, such as object parts. Architectures
such as AlexNet [38], VGGNet [39], and ResNet [40] further
enhance feature extraction by progressively refining the
details through deeper layers.

B. TEMPORAL FEATURES

Human visual perception relies on observing object move-
ments and changes over time, allowing the human brain
to recognize and predict their actions. This natural ability
to track motion and detect patterns is mirrored in object
detection systems using temporal features. By analyzing the
sequences of frames, these systems capture dynamic changes
and interactions, similar to how our brains process visual
information. Incorporating temporal features enables object
detection models to achieve a deeper understanding of motion
and behavior, improving accuracy in scenarios with moving
or occluded objects, much like our visual system enhances
our awareness of and response to our environment.

One of the earliest mentions of temporal features was
in [41], where the study indicated that while spectral and
spatial domain features were derived from a single image of
a scene, temporal domain features required multiple images
of the scene [42].

In 1995, Gil et al. [43] describes a motion-analysis system
for vehicle tracking in real-world highway scenarios. They
utilized temporal information to analyze the movement
of objects between frames. By examining how objects
move and change their positions, the system was able to
track their trajectories and predict future locations. They
integrated temporal features to enhance the tracking process,
specifically addressing challenges such as occlusions and
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object interactions over time. Gunsel et al. [44] presented
a content-based temporal video segmentation system that
combines syntactic and semantic features to manage video
data. It involves scene change detection and shot classifi-
cation through a two step process of tracking user-defined
semantic objects and an unsupervised method to detect cuts
and edits. Object tracking uses region matching, whereas an
unsupervised clustering aids scene change detection without
threshold selection.

One of the most recent studies by Zadaianchuk et al. [45]
emphasized the importance of temporal features in object
detection by capturing motion dynamics and inter frame
relationships in video data. The incorporation of temporal
information such as future predictions has been shown
to significantly enhance detection performance. Temporal
similarity loss improves object tracking by maintaining
object identity, even when the size changes, thus addressing
fragmentation issues in backgrounds and large objects.
Effective scene decomposition integrates motion (via optical
flow) and semantic information, underscoring the necessity
of temporal features for real-world object discovery. Many
unsupervised video object-centric models fail to effectively
utilize temporal correlations, but self-supervised losses based
on feature similarities address this shortcoming. The study
also reveals that integrating temporal features can improve
performance metrics, such as a 20-point increase in the
foreground adjusted Rand index (FG-ARI) [46] and a 7-point
rise in mean object tracking performance (mBO) [45]. These
methods also demonstrate robustness to camera motion and
generalize well to unseen datasets, thereby highlighting their
effectiveness.

Although temporal features are essential in object detec-
tion to capture motion and changes over time, they have
limitations. These include difficulty handling occlusions,
variations in speed, and inability to robustly model complex
temporal dependencies, often leading to misclassifications
in dynamic scenes [47]. Furthermore, temporal data can be
computationally intensive and require significant resources
for accurate processing. Contextual learning can address
these shortcomings by integrating spatial and semantic cues
to enhance a model’s understanding of object relationships
across frames. This combination allows for more accurate
detection in dynamic environments, improved robustness,
and reduced false positives.

C. CONTEXTUAL FEATURES

Contextual information refers to the additional data sur-
rounding an object or event that enhances the understanding
of its role and significance within a specific environment.
In computer vision and machine learning, this involves
analyzing the relationships and interactions between objects,
their spatial arrangements, and the overall scene context. For
example, in a street image, contextual information includes
the presence of road signs, pedestrians, and vehicles, which
are essential for accurate scene interpretation and decision

VOLUME 13, 2025

making. By incorporating these contextual cues, systems can
more precisely recognize, predict, and respond to elements
within the environment. Galleguillos and Belongie [48]
identified three types of contextual learning that enhanced
scene understanding beyond isolated object features.

1) Semantic context: Features that help understand the
meaning and relationships of objects within a scene,
focusing on their roles, functions, and interactions with
other elements.

2) Spatial context: Attributes that describe the arrange-
ment, position, and relationships of objects within a
scene, enabling a more accurate interpretation of their
locations and interactions.

3) Size/scale context: Characteristics involving the
recognition of objects based on their relative sizes and
scales within a scene, as well as the interpretation
of their dimensions compared to other objects or the
surrounding environment.

1) SEMANTIC CONTEXT

In the semantic context domain, Farhadi et al. [49] examined
how distributional semantics could mitigate the issue of
out-of-vocabulary words by linking sentences and images
through semantic similarity. They proposed a model that
maps sentences and images to a shared semantic space,
thereby improving the recognition of unknown objects and
actions using known categories. This model leverages fea-
tures such as geometry-based classification scores, HOG fea-
tures, Felzenszwalb detection responses [50], and gist-based
scene classifications [51]. A linear Support Vector Machine
(SVM) predicts node features and k-nearest neighbor averag-
ing is used for similar images and sentences. While the model
effectively correlates images with sentences, it struggles with
out-of-vocabulary words and complex sentence structures,
indicating the need for further refinement.

Li and Hoiem [52] explored the “Learning without
Forgetting” (LwF) method, which preserves the performance
on previously learned tasks while adapting to new ones in
machine learning models. Focusing on image classification,
this study examines how task similarity influences the
retention of old task performance. Using datasets such as
PASCAL VOC [53] and Caltech-UCSD Birds [54], the
authors demonstrated that LwF outperformed traditional fine-
tuning methods, effectively maintaining the performance on
old tasks while learning new ones. This study highlights the
importance of task similarity and suggests extending LwF
to applications such as semantic segmentation and object
detection. However, it has limitations, including the need for
all new task data to be available before updating old task
responses, and the gradual decline in performance on old
tasks as new tasks are introduced.

Liu et al. [55] presented a novel approach to pedestrian
detection by framing it as a high-level semantic feature-
detection task, moving away from traditional low-level
feature methods. They proposed a convolution-based detector
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designed to identify pedestrian central points and predict
their scales, simplifying the detection process and reducing
the need for complex configurations and extensive post-
processing. This method utilizes multiscale feature maps
generated by a CNN, combining shallow maps for precise
localization with deeper maps for semantic contexts. The
study concluded that this approach, known as the Center
and Scale Prediction (CSP) detector, achieved state-of-
the-art performance in pedestrian detection benchmarks,
demonstrating strong performance across various scales
and conditions, including occlusions. While effective, the
study notes challenges such as the reliance on high-level
abstractions, which may falter in cluttered environments, and
the influence of training data quality on model performance.

Chen et al. [19] introduced an iterative contextualization
procedure based on the Context-SVM model to enhance
object classification and detection by mutually reinforcing
these tasks. Their method effectively learns context models
across various conditions and achieves superior results on
benchmark datasets, such as VOC 2007 [56], VOC 2010 [57],
and SUNO09 [58], outperforming state-of-the-art methods.
In addition, they introduced ambiguity modeling techniques
and refined the max-margin model to improve contextual
learning.

2) SPATIAL CONTEXT

Spatial features are crucial for understanding the semantics of
a scene, as they describe the interaction between an object and
its environment in a given time period [59]. This makes them
an essential component of the discussion of object detection.
In this section, we examine how spatial features enhance
object classification by enabling automated models to learn
the relationship between objects and their environments.

As one of the early influential studies on incorporating
spatial information, Hoiem et al. [60] in 2005 pioneered the
use of geometric context in object detection, leveraging
spatial relationships between objects and their surroundings.
By analyzing typical object configurations and interactions,
their method integrates contextual information to refine
localization and classification and improve detection in
occlusions and complex scenes. The study showed that geo-
metric context can be effectively applied even in unstructured
outdoor images.

Similarly, Hoiem et al. [61] and Bao et al. [62] explored
the use of object interdependence, three-dimensional (3D)
spatial geometry, and camera orientation as contextual
information. Galleguillos et al. [63] expanded on this by
investigating contextual interactions at the pixel, region,
and object levels and integrating these insights using a
multi-kernel learning algorithm [63], [64]. Despite the
significant advantages of contextual learning for object
detection, these approaches commonly require extensive
manual efforts, such as labeling contextual objects or scene
parts and specifying the locations and spatial relationships
between target objects and their context [65].
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To address this limitation, Zheng et al. [65] proposed a
context modeling framework that enhances object detection
using a polar geometric context descriptor and the Maximum
Margin Context (MMC) model. These models excel in
ambiguous contexts, especially for detecting people, and
outperform existing methods on the PASCAL VOC 2005 [66]
and 2007 [57] benchmarks. The study highlighted the
importance of spatial context, using techniques such as
Markov Random Fields (MRF) and Conditional Random
Fields (CRF), with examples such as ““a boat on ariver” or “a
caronaroad.” This framework allows unsupervised detection
without manual labeling. Notably, the MMC model increased
average precision for people detection by 4.22% compared to
the proposed “Things and Stuff’ (TAS) model, outperforming
it in 8 out of 10 categories.

As the interest in contextual learning has grown, research
in this area has expanded. In 2019, Liu et al. introduced
a deep salient object detection network [67] that improved
feature discriminability using a novel guidance strategy
and Group Convolutional Module (GCM). The network
integrates shallow feature maps for low-level spatial details
and deep maps for high-level semantic understanding,
thereby enhancing detection accuracy in complex scenes.
This method outperformed previous techniques, particularly
in terms of background suppression and salient object
identification. However, they struggled with highly complex
semantic scenes, indicating the need for future improvements
in scene understanding and parsing.

Subsequently, Xu et al. [68] advanced object detection by
integrating a Single Shot MultiBox Detector (SSD) with
ensemble learning, context modeling, and multiscale feature
representation. They introduced Non-maximum suppression
(NMS) Ensembling and Feature Ensembling, achieving high
accuracy for PASCAL VOC [57] (mAP = 81.1%) and MS
COCO [69] (mAP = 78.1%). The framework combines
spatial features from shallow and deep layers using decon-
volution and concatenation to enhance detection accuracy.
While deconvolution fusion outperformed upsampling, the
study noted increased computational overhead, network
complexity, and potential noise from ensemble methods,
which affected model speed and performance.

3) SCALE CONTEXT

The scale context plays a critical role in scene understanding
by providing information about the relative size of objects
within an image. The scale of an object can indicate
its distance from the camera, importance in the scene,
or relationship with other objects. The effective interpretation
of scale helps models differentiate between small, distant
objects and large, close objects, which is crucial for tasks
such as object detection. The ability to understand and
adapt to scale variations is essential for accurate scene
comprehension, particularly in complex environments where
objects appear at diverse distances, orientations, and sizes.
Models such as Feature Pyramid Networks (FPNs) [70], [71]
use multiscale feature extraction to detect objects of different
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algorithms.

sizes. The use of hierarchical features allows models to cap-
ture both large and small objects within the same image better.

Understanding the importance of this, Divvala et al. [72]
emphasized that object size is a key contextual factor in
improving detection accuracy, with the strongest impact
compared to other cues, such as location and presence.
Excluding the object size results in a significant decline
in average precision, particularly for small and occluded
objects, highlighting its crucial role in enhancing object
localization and classification. Subsequently, Wang et al.
presented a novel approach for salient object detection by
integrating edges and superpixel regions to boost perfor-
mance [73]. It underscored the critical role of multiscale
context, demonstrating that larger scale regions are essential
for preserving object compactness, an important factor in
achieving accurate detection. The authors contended that
traditional methods, often dependent on hand-crafted fea-
tures, fail to optimize detection performance by adequately
considering object size and scale, highlighting a gap in
existing approaches.

Similarly, in 2018, Kim et al. introduced a Scale Aware
Network (SAN) [74] designed to improve CNN-based
object detection by projecting convolutional features from
multiple scales onto a scale-invariant subspace. At the time,
this innovative approach enhanced detection accuracy by
addressing a key limitation in traditional CNN models,
which often falters in handling scale variations, leading to
inconsistent feature representation. By mitigating the impact
of object size on feature extraction, the SAN strengthens the
robustness and effectiveness of object detection across a wide
range of object scales, offering a more adaptable solution to
this fundamental challenge.

More recently, Qiu et al. [75] underscored the critical role
of scale in object detection, demonstrating how multiscale
features enhance the detection performance across small,
medium, and large objects. The hierarchical context embed-
ding (HCE) module, which integrates segmentation features
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from different scales, improves the understanding of complex
scenes and detection accuracy. The experimental results
revealed an increase in the average precision (AP50:95)
from 40.5% to 44.7%, with notable gains for small objects
(1.2%), medium objects (3.4%), and large objects. The
proposed method outperformed Faster R-CNN [5] by 5.9%
and showed a 4.7% improvement, even without segmentation
features [75]. The ability of the HCE module to explain the
relationship between contexts further refines detection, par-
ticularly for obscured or challenging objects. These findings
highlight the importance of scale and contextual features for
improving object detection across diverse object sizes and
complex scenes. Recent advancements in Vision Transform-
ers (ViTs) [76], [77], [78] have further demonstrated the
importance of global context in object detection, enabling
models to capture long-range dependencies and relationships
between objects. By incorporating contextual learning, these
models achieve better localization accuracy and reduce the
number of false positives in dynamic environments.

IIl. EVOLUTION OF OBJECT DETECTION

In the past two decades, object detection has been addressed
in two periods/techniques: ’Traditional object detection
algorithms’ and ‘object detection algorithms based on
machine learning and deep learning’. This section explores
the evolution of detection algorithms over time, tracing their
development from the traditional techniques to the advanced
methods used today. Early traditional detection algorithms
relied primarily on sliding windows for region detection and
feature extractors [33]. An overview of this evolution is
shown in Figure 3, and the algorithms are discussed in the
following subsection.

A. TRADITIONAL DETECTION ALGORITHMS

Traditional object detection techniques have laid the ground-
work for modern advancements by introducing various
approaches to enhance the accuracy and efficiency. These
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methods employ innovative strategies such as feature
selection, edge direction characterization, and part-based
modeling to address different detection challenges. VJ-
Det [29] is a pioneering real-time face detection algorithm
proposed by Viola and Jones. It uses AdaBoost for feature
selection, integral images for fast computation, and a cascade
classifier to efficiently detect faces. However, the sliding
window technique and its computational demands pose
limitations [1]. Histogram of Oriented Gradient (HOG)
detector proposed by Dalal and Triggs [33] improves object
detection by leveraging edge direction distributions, making
it robust against lighting and pose variations, particularly for
pedestrian detection. The Deformable Part Model (DPM) by
Felzenszwalb et al. [79] extended HOG by treating objects as
collections of deformable parts, thereby enhancing detection
accuracy. Although highly influential, the DPM has since
been surpassed by deep learning methods. A detailed
comparison of these techniques, highlighting their strengths
and limitations, is shown in Table 1.

B. OBJECT DETECTION ALGORITHMS BASED ON
MACHINE LEARNING

Traditional object detection algorithms rely heavily on
manual feature engineering, which often results in biased
and brittle models. This approach, constrained by predefined
patterns, limits the ability of the model to generalize and adapt
effectively. In contrast, the advent of machine learning and
deep learning offers a transformative solution by automating
the feature-learning process. These advanced methods enable
models to independently discover and optimize feature
relationships from data, thereby overcoming the limita-
tions of hand-engineered approaches. Recent advancements
demonstrate that automating feature learning through these
techniques not only enhances robustness and flexibility,
but also improves the overall accuracy of object detection,
marking a significant evolution in the field.

These models have evolved significantly over time driven
by advancements in computational power and theoretical
insights. Early models such as linear and logistic regression
laid the groundwork for simplicity and interpretability.
Algorithms such as k-Nearest Neighbors (k-NN) [83],
[84], and SVM [85] were introduced in the 1990s with
advanced classification capabilities. The 2000s saw the
rise of ensemble methods such as Random Forests [86]
and boosting techniques, which improved accuracy and
robustness. In recent decades, the dominance of deep learning
has enabled unprecedented performance in complex tasks.
A detailed comparison of these techniques, highlighting their
strengths and limitations is presented in Table 2.

C. OBJECT DETECTION ALGORITHMS BASED ON DEEP
LEARNING

With the continuing influence of traditional object detection
algorithms, a new era of deep learning algorithms was
developed in 2012 [1]. After deep learning algorithms were
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introduced for object detection, CNNs have been widely used
for this task. This method utilizes multi-structured network
models that feed the features extracted from images into a
classification network [96]. This has significantly improved
the accuracy and efficiency of object detection. These algo-
rithms can be further divided into two categories. The first is
the ‘Two-stage detection algorithms’ that generate candidate
boxes and feature extraction using CNN. This method can
achieve high accuracy. However, it cannot perform real-time
object detection and is slow in speed [96]. Overcoming this,
the second type, ‘One-stage object detection algorithms’ were
developed based on direct regression. A popular algorithm
that falls into this category is the ‘You Only Look Once’
(YOLO) series [97]. This improves the speed of detection and
enables real-time object detection. The primary difference
between the two categories is that the former generates a
region proposal where the objects of interest consist of a set of
regions in the image before classification [98], and the latter
directly obtains classification and position without generating
a region proposal. A brief description of this evolution is
provided below.

1) TWO-STAGE DETECTION ALGORITHMS

Two-stage detection algorithms represent a pivotal advance-
ment in object detection by systematically improving the
accuracy and precision. In the first stage, the algorithms
generate region proposals or candidate regions that are likely
to contain objects. The second stage classifies the proposals
and refines their boundaries. This approach typically results
in a higher detection performance than single-stage methods,
as it allows for a more detailed analysis of potential object
locations. In 2014, Girshick et al., introduced R-CNN [3]
which processes object detection in three stages: generating
region proposals via selective search [99], extracting fea-
tures using a CNN, and classifying regions with a linear
SVM [1] [100]. Despite achieving 53.3% mAP on PASCAL
VOC 2012 [101], R-CNN is slow and computationally
expensive, requiring 14s per image on a GPU [1]. He et
al. addressed these limitations using SPPNet [102], which
introduced spatial pyramid pooling to improve speed and
efficiency. Fast R-CNN further streamlined the process,
achieving 70% mAP [1] on PASCAL VOC 2007 [57] and
faster training time [4]. Faster R-CNN introduced a Region
Proposal Network [5], significantly enhancing speed and
accuracy. Mask R-CNN added instance segmentation [103],
whereas Feature Pyramid Networks improved multiscale
object detection [70]. A detailed comparison of these tech-
niques, highlighting their strengths and limitations, is shown
in Table 3.

2) ONE-STAGE DETECTION ALGORITHMS

Two-stage detection algorithms generate region proposals
in which the objects of interest are located within specific
regions of an image. This approach improves accuracy, but
is slow and complex, making it unsuitable for real-time
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TABLE 1. Overview of traditional detection algorithms: Key features, Strengths, and Limitations.

Algorithm

Description

Key Features

Strengths

Limitations

Viola-Jones
Detector (VJ-Det)

The first real-time face
detector developed by
Viola and Jones [29]

 Feature selection with
AdaBoost [80]

 Feature computation with
integral image

 Cascade structure for
classifiers [81]

» High frame rate: 15 fps on
384x288 pixel images on a
conventional 700 MHz Intel
Pentium 111 [29]

* Approximately 15 times faster
than other methods at the
time [29]

Complex calculations
due to sliding window
technique requiring
significant power and
computation [1]

Histogram of
Oriented Gradient
(HOG) Detectors

Developed by Dalal and
Triggs [33], using edge
direction distribution for
object characterization.

« Fine orientation binning [33]
¢ Robust in varied conditions [33]

» High-quality local contrast
normalization [33]

* Real-time detection

¢ Primarily used for

pedestrian detection

* Robust to diverse conditions
(lighting, backgrounds, pose)

only [33]

¢ Limited focus on

» High accuracy with SVM [82]

broader object classes

Deformable Part

Introduced by Felzenszwalb
et al. [79] extending HOG

* Object represented as a
collection of parts

* Deformable part

» Highly accurate and efficient [33]

« Significantly higher recognition

Outperformed by modern
deep learning techniques

Mod(e];];ls[t)e ctor with part-based configuration rates [50] and considered less
representation. T . . advanced
) s « Flexibility in capturing object
* Uses "divide and conquer .
variations [50]
approach [1]
TABLE 2. Overview of machine learning algorithms: Key features, Strengths, and Limitations.
Algorithm Functionality Strengths Limitations References
Bayesian Graphical model that represents ~ Captures probabilistic dependencies g?rts:slitsg{:; g;rtgf:;-
Networks probability relationships among  and prior knowledge, handling complex due to time and space [87]
(BN) variables. relationships. constraints P
 Less computational time for training ' aAr;:)im?Z;u(izzeI\:v(ﬁzﬁe
.. BN with strong independence « Simplified BN & ’
Naive Bayes . . may not hold. [88]-[91]
assumptions among features. « Effective for large datasets « Less effective with
* Probabilistic output fea};lre interactions
Logistic A statistical model where a * Probabilistic interpretation ' izeg:éersglgbglz igflllll)tl:
£t logistic curve is fitted to the « Easy to update with new data ) - S [86], [92]
Regression . . . . * Less effective with
dataset to binary outcome data. « Handles interaction and non-linear effects. highly complex data
* Prone to overfitting
.. . S Interp rete}ble . . * High-dimensional data
Decision Classifies data by splitting it « Handles interactions and various can lead to fragmentation (891, [90]. [93]
Trees based on feature values. data types « Errors propa 'fte throuch ? ’
* Robust to noise. the treep pag £
. * Scalable * Slower for real-time
Ensemble method using mult- . L
Random . . . * Robust to noise predictions as the number
iple decision trees to improve . . [86], [94]
Forests . . * Reduces overfitting of trees increase.
classification performance. « Easy (0] . - . .
y to interpret Computationally intensive
Support Vector  Classifies data by finding the * High accuracy ' tlzfl?[?lres careful parameter
Machines hyperplane that maximizes the * Works well with high-dimensional data . Train%n speed is slow [92], [95]
(SVM) margin between classes. * Robust to overfitting. « Compl fx‘f% . larée: datasets
K-Nearest Classifies data based on the . . * Comp }ltatlona]‘ly expensive
. S « Simple architecture * Sensitive to noise and
Neighbors majority class of nearest o R . [86]-[88]
. « Effective for multi-modal classes irrelevant features
(k-NN) neighbors.

* Performance depends on 'k’

applications. By contrast, one-stage detection algorithms
detect all objects in a frame in a single step, making them
more efficient and better suited for real-time detection [1].
One of the groundbreaking object detection algo-
rithms, You Only Look Once (YOLO), was introduced
by Josephetal. [6] with real-time detection capabilities.
It revolutionizes object detection by framing it as a regression
problem, enabling a single neural network to predict
bounding boxes in one pass. This approach significantly
improves both accuracy and speed. YOLO demonstrated
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excellent performance on high-end GPUs, but struggled with
lower-end systems like CPUs, as noted by Redmon et al. [6].
A comparative analysis of YOLO versions and evaluation
of their performance metrics, strengths, and limitations to
provide a comprehensive understanding of their evolution
and effectiveness across different conditions is presented in
Table 4.

The field of one-stage object detection algorithms has
witnessed significant advancements beyond YOLO, with
several notable approaches emerging to address various
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TABLE 3. Overview of two-stage detection algorithms: Key features, Strengths, and Limitations.

Algorithm Description Key Features Performance Limitations
Proposed by Girshick et al. [3].
Its 3 step functionality: * Region proposals generated * mAP=53.3% [3] on PASCAL
via selective search. VOC 2012 [101].
1. Selective search [99] to « Expensive trainine and
generate region proposals * Rescaling of regions. * Detection speed ~14 seconds S tofa ere uireme%l ts [100]
R-CNN per image with GPU [1]. sereq
2. Re-scaling to a fixed * 4096-dimensional CNN « Slow detection speed [1]
resolution [1]. features as final representation [100] ¢ 2.5 GPU-days for 5k images of SP
the VOC 2007 trainval set
3. CNNs and SVMs for predic- ¢ Linear SVM for classification with VGG16 [4]
tion within regions [1] [100]
* Spatial pyramid pooling for « MAP=59.2% on PASCAL * Multistage training
arbitrary image sizes [102] VOC 200'7 [102] process.
He et 2.11. 11 0%] mtroduc'ed épatlal * Does not require re-scaling [102] « 20 times £ h  Limited to passing feature
SPPNet pyramld pooling to avoid fixed- 0 times faster than extraction only once
size image requirement and « Single forward pass through R-CNN[102] through convolutional
improves speed. & p & & . .
CNN [102] layers, despite applying
» Improved speed and reduced
computational cost fully coqnected layers to
* Faster than R-CNN i each region proposal [1]
« Single-stage training.
* Region of Interest (Rol) pooling « mAP=70% on PASCAL
to extract feature maps of fixed VOC _2007 [
sizes for each region proposal.
Introduced by Girshick et al. [4] « Detection time 200 times
Fast to improve speed and accuracy of e« Shared feature map for for faster than R-CNN [1] Limited by proposal
R-CNN R-CNN by incorporating multi- classification and rounding box detection [1]
task loss for single-stage training. regression. Training time:
. * 9 times faster than R-CNN [4
* Pooled features fed into fully « 3 times faster than SPPNet { 4}
connected layers.
* Faster training and inference.
* Region Proposal Network * mAP=73.2% on PASCAL
Ren et al. [5] introduced a (300 proposals per image). VOC 2007 [5]
Faster Region Proposal Network Computational redundancy
R-CNN (RPN) for nearly cost-free * Shares convolutional features * mAP=70.4% on PASCAL at subsequent detection
region proposals and with detection network. VOC 2012 [5] stages [1]
improved accuracy.
¢ Near-real-time detection * 17 fps with ZF-Net [104]
« Parallel object mask prediction.
» Two-stage process with RPN
Hoetal [108]added object 4 mask prdicton. *Surpassed COCO 2016
Mask mask prediction in parallel o . . .
R-CNN with bounding box detection E;gsllz—squahty segmentation results [103] Not optimized for speed [103]
for better perforamnce. : « Runtime of 5 fps
* Overcame challenges where
classification depended on mask
predictions [105]-[107]
* Top-down architecture with . _
lateral connections [70] 321;;5[914]1% on COCO
* Builds high-level semantic
Feature Proposed by Lin et al. [70], feature maps at all scales [70] Runs at 5 fps on a GPU [70] computationally expensive
Pyramid this generates multiscale * Addresses scale variability. « Improved detection further © ggnerate feat}lll o Fnaps
Networks  feature maps to handle e . . ;
(FPNs) objects at different scales. « Improves object detection with improved versions, at multiple scales.

with a wide variety of scales
since CNNs naturally form
feature pyramids through
forward propagation [1].

Parallel FPN (PFPNet) [108],
GraphFPN [109], Improved
FPN (ImFPN) [110], Bi-direct-
ional FPN (BiFPN) [111]

challenges. These algorithms have been developed to enhance
speed, accuracy, and efficiency. For a better understanding,
a concise overview of key one-stage detection algorithms,
outlining their unique features and performance metrics
and illustrating their evolutionary progress is presented
in Table 5.
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Over the past decade, the evolution of object detection
algorithms has demonstrated significant improvements in
accuracy, measured by the mean Average Precision (mAP)
on benchmark datasets such as PASCAL VOC 2007 [53],
PASCAL VOC 2012 [101], and MS COCO [69]. These
improvements are illustrated in Figure 4, which compares the
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TABLE 4. Comparison of YOLO versions: Key features, Performance metrics, Strengths, and Limitations.

\‘/{e ?sI;(g] Year Key Features Speed (fps) Aver:l:gl: l(’ll/iec?sl;on) Strengths Limitations
« Single neural network for * 155 fps S .
predicting bounding boxes (PASCAL VOC * 32.7% . : Str'uggled Wlth accurate
YOLO 2015 2007) [6] (YOLO) [6] * High accuracy object locahzatlon [6]
« Treated obiect detection as « 45 s * 63.4% * Extremely fast . Popr detection of smaller
°0) P (Fast YOLO) [6] objects [112]
a regression problem (Fast YOLO) [6]
« Inspired by Network-in-
YOLOv2 2016 Neovork [H13] and VGG 3] 40 fps 78.6% Enhanced accuracy Struggled With detecting
« Added data augmentation (VOC 2007) [114] (VOC 2007) [114] smaller objects [112]
techniques [112]
* Based on Darknet-53 Outperformed previous
framework [115] 82.1% pertor pll biect Struggled with medium
YOLOvV3 2018 22 fps [116] mAP@0.5 oo 1 SMAT OBIEE and larger object
« Better for small object (COCO) [116] accuracy [112]
detection
L . High computation in
Faster and more accurate 33 fps Significant improvements . .
YOLOv4 2020 than previous versions [97] (MS COCO) [112] 65.70% [112] in speed and accuracy terms Of memory and
processing power
* Improvements in model
size, flexibility, and data 57.99 Flexi . . .
enhancement. 129-248 fos 9% * Flexible modftl cgntrol Challenge§ in detectlpg
YOLOvVS 2020 P mAP@0.5 * Improved activation smaller objects or objects
(COCO) [116] (COCO) [116] function that are densely packed
* Introduced Hardswish
activation function [117]
* Follow-up work from
YOLOV4 team 56.8% . . .
YOLOv7 2022 161 fps [118] (COCO dataset, ee‘fsli’zn‘f:irfgfcgg“’“s E&i};‘: dcomp‘“a“o“al
* Introduced optimized AP50 metric) [118] ¥
structures [1]
. 280 fps * High speed detection Decreased inference
YOLOvS 2023 ?;énﬁlgvlgackbone o (5121/{:"?:;?0?1{1%) 53.90% [119] * Real-time object speed due to separate

detection

[119]

training requirements [96]

mAP values of the object detection algorithms across these
benchmark datasets. The observed trends in accuracy reflect
not only advancements in algorithmic design, but also the
varying complexity of the datasets themselves.

It was observed that the mAP values varied significantly
across datasets, reflecting differences in their complexity
and scope. On PASCAL VOC 2007, algorithms generally
achieved higher mAP values (e.g., 76.9% for Faster R-CNN)
than the MS COCO dataset (e.g., 56.8% for YOLOVS). This
discrepancy can be attributed to the inherent challenges of the
COCO dataset, which includes 80 object classes [69], diverse
object scales, and cluttered scenes. In contrast, the PASCAL
VOC datasets are smaller and less complex, making them
more amenable to higher accuracy. PASCAL VOC 2012,
but more challenging than PASCAL VOC 2007, still yielded
higher mAP values than MS COCO, as shown in Figure 4.
These dataset-specific trends highlight the importance of
considering dataset characteristics when evaluating object
detection algorithms.

Furthermore, the progression from early region-based
methods, such as R-CNN [3] and SPPNet [102] to modern
one-stage and transformer-based models has led to substantial
improvements in accuracy. It was observed that R-CNN
achieved an mAP of 53.3% [3] on PASCAL VOC 2007, while
Faster R-CNN [5], which introduces an RPN, improves this to
76.9%. Similarly, Mask R-CNN [103], which extends Faster
R-CNN with mask prediction, achieved competitive mAP
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Object detection algorithms in the past decade

FIGURE 4. Evolution of object detection accuracy over the past decade
across PASCAL VOC [53], [101] and MS COCO [69] Datasets.

values (e.g., 74.9% on VOC 2007) while enabling instance
segmentation. These advancements have demonstrated the
impact of architectural innovations on accuracy.

The introduction of one-stage detectors such as YOLO [97]
and SSD [56] has marked a significant leap in both
speed and accuracy. As shown in Figure 4, YOLOvVS and
YOLOVS achieved mAP values of 74.9% and 76.8% on
PASCAL VOC 2007 respectively, while achieving real-time
performance. These algorithms eliminate the need for region
proposals, reduce the computational overhead, and enable
faster inference without sacrificing accuracy. This balance
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TABLE 5. Overview of one-stage detection algorithms: Key features and Performance metrics.

Algorithm Description Key Features Performance (mnAP@.5)
Smgle‘-Shot SSD combines region proposals and detection into : Multl.scale and multiresolution detection 74.3% (300x300 input),
Multi-box . ; X X techniques [1]. .
Detector a single network, improving speed and efficiency. 76.9% (512x512 input)
(SSD) It detects objects at multiple scales and layers [56]. - Significantly faster than two-stage methods on PASCAL VOC 2007 [56]
Addressed class imbalance in one-stage detectors Focal Loss reshapes cross-entropy 1oss fo
RetinaNet with "Focal Loss,” focusing on harder examples . 88 TESMAPCS COSs PY 088 59.1% on COCO dataset [1]
. .. improve accuracy on complex scenes.
during training [120]
Detects bounding boxes as pairs of keypoints Introduces corner pooling for better corner
CornerNet (top left and bottom right corners) without o p & 57.8% on COCO dataset [1]
localization [121].
anchor boxes [121]
Uses center points for detection; simpler and
Represents objects as single center points of faster with end-to-end differentiability. At the
CenterNet bounding boxes, simplifying detection and post-processing stage, it uses NMS [123] to 61.1% on COCO dataset [1]
eliminating anchor boxes [122]. filter out redundant center points and refine
the detections
* Treats object detection as a set prediction problem
with a transformer architecture [124]. ¢ Uses transformer encoder-decoder archi-
Detection *Avoids anchor boxes and NMS tz‘t:)t};f:i;azlsrimgrlrtlz;? wching loss for unique 71.9% on MS COCO
Transformer ’ L g dataset (with Deformable
(DETR) DETR) [1]

* The presence and location of objects within the
image is predicted by a fixed set of leaned object
queries that is sent to the transformer decoder

* DETR directly outputs the final set of
predictions in parallel [124]

between speed and accuracy makes one-stage detectors
particularly suitable for real-time applications.

More recently, the advent of transformer-based models,
such as DETR [124], represents a paradigm shift in
object detection. DETR leverages self-attention mechanisms
to capture the global context and relationships between
objects, achieving competitive mAP@0.5 values on MS
COCO (e.g., 61.1%). However, the accuracy of DETR still
lags behind that of YOLO variants, particularly in real-
time applications [125]. Recent improvements, such as RT-
DETR [125], have bridged this gap by optimizing the trans-
former architectures for speed. These developments [126],
[127], [128] underscore the potential of transformer-based
models, while highlighting the challenges of balancing
accuracy and computational efficiency.

These advancements in object detection accuracy, evident
by rising mAP values across datasets, can be attributed
to a combination of architectural innovations, improved
training methodologies, and optimization techniques. These
factors have collectively driven the field forward, enabling
algorithms to achieve higher performance while addressing
challenges such as class imbalance, computational efficiency,
and generalization across diverse datasets. Specifically,
the following key developments played a pivotal role in
enhancing accuracy:

« Backbone Networks: The adoption of powerful back-
bone networks, such as ResNet [40], CSPNet [129],
and EfficientNet [130], has significantly improved
feature extraction capabilities. For example, YOLOVS8’s
CSPDarknet [129] backbone contributes to its superior
performance.

o Training Techniques: Advances in training meth-
ods, including data augmentation, focal loss (used in
RetinaNet [120]), and self-supervised learning, have
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addressed challenges such as class imbalance and
improved generalization across datasets.

o Real-Time Optimization: Modern algorithms, par-
ticularly YOLO variants [97], are optimized for
both accuracy and speed. Techniques such as model
pruning, quantization, and the use of mixed precision
(FP16) [131] have enabled these algorithms to achieve
high mAP values while maintaining real-time perfor-
mance.

Although it is evident that object detection algorithms
depict continuous improvement, incorporating contextual
learning can further enhance these models by enabling them
to understand objects within their surroundings rather than in
isolation. By integrating scene context, spatial relationships,
and semantic dependencies, the models can achieve better
localization accuracy and reduce false detections.

IV. EVOLUTION OF NAVIGATION APPLICATIONS

Object detection plays a critical role in navigation applica-
tions, enabling systems to recognize and track objects in real-
time. Therefore, it is essential to identify obstacles and ensure
safe maneuvering in complex environments. In robotics,
object detection helps machines navigate through dynamic
spaces by identifying and avoiding obstacles, and ensuring
efficient path planning. Advancements in object detection
algorithms have significantly enhanced their application in
various fields. This section discusses several applications and
their evolution using object detection algorithms.

Among these applications, autonomous navigation has
emerged as one of the most transformative, leveraging
advancements in object detection to enable machines to
perceive and interact with their environment in real time.
The evolution of object detection for navigation applications
is demonstrated in Figure 5, which shows the exponential
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FIGURE 5. Increasing number of publications on object detection in
navigation applications. (Data from Google scholar advanced search:
allwords: “object detection in navigation applications”.)

growth of research publications over the past two decades.
This growth reflects the increasing importance of object
detection in enabling safe and efficient navigation in
autonomous vehicles, drones, and robotic systems.

A. AUTONOMOUS VEHICLES

Real-time obstacle detection in autonomous vehicles has
been challenging since its outset. Badal et al. [132] made
an early attempt with a generic obstacle detection system
that uses stereo images to compute a disparity map, enabling
the vehicle to detect and navigate around obstacles. In 2001,
Fu et al. [133] improved this approach by introducing
a simplified binocular stereopsis method that eliminated
the need for disparity calculations and provided more
accurate distance measurements. The VJ-detector laid the
foundation for pedestrian detection [29], becoming essential
in autonomous vehicle technology. Object detection is critical
for maintaining safety, efficiency, and compliance with the
traffic rules. Kato et al. [134] developed a system using Dis-
tance Measurement Point (DMP) technology, which excelled
in PASCAL challenges. The system employs Euclidean
clustering on point-cloud data to detect objects and obtain
distance information, which is then enhanced by sensor
fusion with image classification results to improve detection
accuracy.

Ess et al. [135] addressed vision-based navigation in urban
environments and emphasized the importance of semantic
information. Their approach focused on categorizing and
tracking moving objects to predict their behavior and plan
dynamic paths. By integrating geometric world mapping with
object detection and multi-object tracking using a stereo rig,
their system achieved high accuracy in detecting and tracking
cars and pedestrians, thereby enhancing location prediction
and path planning. However, real-time processing is hindered
by occlusion and computational complexity, particularly in
densely populated areas.

Recently, Wangetal.[136] developed MV2_S_YE,
a novel object detection algorithm that enhances YOLOv4
by improving the accuracy and speed of road-object
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detection. By replacing YOLOv4’s CSPDarknet53 [129]
backbone with MobileNetV2 [137], the proposed model
was able to reduce model complexity. A channel atten-
tion mechanism incorporating the Squeeze-and-excitation
Networks (SENet) [138] module into Path Aggregation
Network (PANet) [139] was used to optimize detection
precision. The model was tested on the PASCAL VOC [57],
Udacity [140], and KAIST (Korea Advanced Institute of
Science and Technology) [141] datasets, where it was
observed that MV2_S_YE outperformed YOLOV8s on
Udacity and KAIST, achieving mAP@0.5 = 80.9%, 66.7%,
and 94.8%, respectively. With a detection speed of 45 FPS
on VOC2007, it demonstrated superior performance and
efficiency in real-time applications.

Similarly, Wang et al. [142] proposed the YOLOv8-QSD
network, which is an advanced anchor-free object detec-
tion model for self-driving vehicles that enhance both
accuracy and efficiency. Building on YOLOVS, this model
utilizes structural reparameterization with a diverse branch
block (DBB) backbone for optimized feature extraction.
To improve small-object detection, the model integrates a
bidirectional feature pyramid network (BiFPN). Furthermore,
a novel query-based pipeline was introduced to enhance
the long-range detection. Tested on the SODA-A dataset,
it outperforms YOLOvVS8 with a 64.5% accuracy [142] and
lower computational demand (7.1 GFLOPs) [142], making it
ideal for high-speed autonomous driving by balancing speed,
precision, and cost-effectiveness.

B. ROBOTICS

As autonomous and intelligent agents capable of navigating
various environments, robots have become a key area of
research. The two fundamental challenges in robot navigation
are object detection and obstacle avoidance. Navigations can
be classified into two types.

1) Global navigation: where prior knowledge of the
environment is used [143].

2) Local navigation: where the robot autonomously
determines its motion and orientation.

One approach to local navigation is Fuzzy Logic [144],
which processes imprecise sensor data to make navigation
decisions based on a set of fuzzy rules that mimic human
reasoning, using degrees of truth rather than binary values.
Fuzzy logic has been widely applied in robot navigation. Ren
et al. [145] developed an intelligent fuzzy logic controller
for dynamic environments to address the challenges in
wheeled mobile robot navigation. Bao et al. [146] created a
behavior-based fuzzy method for mobile robots that includes
obstacle avoidance. Recently, Iwanowsky et al. [147] intro-
duced an image search method that retrieves images based
on text queries that describe object classes and their spatial
relationships. The input query specifies the desired objects
and their relative positions, which are used to score and rank
the relevant images, with the most relevant placed at the top.
This approach combines object detection techniques with a
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fuzzy logic system to evaluate object positions relative to one
another, thereby enabling efficient and context-aware image
retrieval. Similarly, in 2024, Silva et al. [148] reviewed Fuzzy
Logic systems for edge detection to address uncertainties
inherent in edge detection. Pandey et al. [149] conducted an
extensive review of obstacle avoidance and robot navigation
in this domain.

With the advancement of autonomous mobile systems,
object detection and identification in indoor environments
have become crucial and challenging tasks. Herndndez et
al. [150] developed a mobile robot for indoor navigation
that detects and classifies objects using RGB and depth
images as input. The system employs SVM [82] for
classification and compares two feature extraction methods:
geometric shape descriptors and the Bag of Words (BoW)
approach. Geometric shape descriptors focus on low-level
features such as contours and spatial properties, whereas
BoW clusters local features into a visual vocabulary,
represented as a histogram for classification. An experi-
ment demonstrated that geometric shape descriptors out-
performed BoW in terms of both speed and accuracy,
making the system suitable for real-time mobile robot
navigation [150].

To enhance the detection accuracy in robotics,
Coates et al. [151] developed a multi-camera view object
detection method. This approach integrates multiple camera
views into a single-image detection algorithm. Trained
on large synthetic datasets using a distributed, parallel
learning algorithm, the system processes up to 100 million
image patches [151], resulting in a robust object detector.
The probabilistic method achieved a notable performance
improvement, with accuracy increasing from 0.86 to 0.97 in
area-under-curve evaluations. However, the method’s high
computational complexity, owing to data processing from
multiple cameras and synchronization challenges, impacted
its real-time performance.

Underwater object detection (UOD) and navigation have
presented significant challenges owing to issues such as
low visibility, high noise, low contrast, and blurred edges
in underwater images. UOD methods generally rely on two
techniques: generic object detection (GOD) for locating
and identifying objects, and underwater image enhancement
(UIE) methods [152], [153], [154] to improve image quality.
Liu et al. [155] addressed the limitations of existing datasets,
such as insufficient test set annotations and incomplete
labels, by introducing a novel dataset with more accurate
annotations. This advancement enhanced the efficiency and
accuracy of the UOD. Xu et al. [156] provided a compre-
hensive review of current methods used for UOD. Recently,
a novel computer vision-based approach for estimating the
position of an Autonomous Underwater Vehicle (AUV)
was proposed by Enrico et al. [157]. This method leverages
computer vision and deep learning techniques to reconstruct
the surroundings of a vehicle during brief surfacing events at
its current location.
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C. NAVIGATION FOR THE VISUALLY IMPAIRED (VI)
Technological advancements have led to various solutions
designed to assist individuals with visual impairment in
their daily lives. These solutions include smartphone appli-
cations [158], wearable devices [18], smart canes [17],
indoor navigation systems utilizing computer vision [159],
guide dogs [160], and smart glasses [161]. Each of these
tools addresses the challenges of autonomous navigation
for visually impaired users. Ongoing research and devel-
opment continue to enhance and expand these assistive
technologies.

Smartphone Apps: Among smartphone apps for VI,
BlindSquare [162] is a top GPS application providing detailed
site and junction information for safe navigation indoors
and outdoors, and it integrates with third-party navigation
apps [158]. Microsoft’s Seeing Al app [163] uses Al to
describe the environment, recognize people, read texts,
depict scenes, and identify coins. NavCog3 [164] offers
high-accuracy indoor navigation with turn-by-turn guidance
and semantic spatial understanding, achieving an average
error of 1.65 meters in tests with over 50 participants. The
ASSIST app [165] enhances indoor navigation with cus-
tomizable interfaces and multiple feedback modes, showing
significant improvements in accuracy and convenience.

Smart White Canes: The white cane, essential for
VI, has historically lacked obstacle detection capabilities,
leading to reliance on GPS and smartphone apps. Recent
advancements include “‘smart white canes,” which integrate
modern technology with traditional tools. Chen et al. [166]
developed the ‘City College of New York’ (CCNY)
smart cane with simultaneous localization and mapping
(SLAM) [167] for indoor navigation, using haptic feedback
for guidance. Nguyen et al. [168] introduced a visual SLAM
system for localization in Wi-Fi or GPS-free areas by
employing fast-appearance-based mapping and a Kalman
filter. Hosny et al. [169] created an indoor navigation system
that allowed users to choose routes and receive guidance.
Subbiah et al. [170] designed a smart cane with object,
light, staircase, and heat detection capabilities using IR
sensors, GSM, GPS, and ultrasonic sensors, with feedback
provided through a Bluetooth headset. Messaoudi et al. [171]
developed a system using ultrasonic sensors and Internet of
Things (IoT) wireless scanners for obstacle avoidance and
wayfinding, whereas Liao et al. [172] used RFID technology
for environmental information and voice command naviga-
tion. Despite these advancements, smart cane systems still
face challenges such as limited detection range, insufficient
feedback, short battery life, and bulkiness.

In 2024, Atitallah et al. [173] proposed an obstacle detec-
tion system for (VI) individuals utilizing a modified YOLOvS
neural network. The system recognizes and locates key
indoor and outdoor objects and aids navigation to VI
individuals. The model was optimized using model-width
scaling, quantization, and channel pruning to enhance its
performance on embedded devices. The model was tested on

VOLUME 13, 2025



S. Tennekoon et al.: Advancing Object Detection: A Narrative Review of Evolving Techniques

IEEE Access

the MS COCO dataset and a mAP@0.5 = 81.02% with an
inference speed of 67fps was achieved, making the system
effective for real-time applications in assistive technologies
for BVI navigation.

D. WHEELCHAIR NAVIGATION

Argyros et al. [174] developed a semi-autonomous
wheelchair system using sonar for distance measurements
and a 360-degree camera for target tracking. The system
determines the object orientation via color histograms and
considers non-holonomic kinematic constraints for stability.
Baklouti et al. [175] created an autonomous wheelchair using
Fuzzy Logic controllers and Kinect Xbox 360 sensors for
real-time obstacle avoidance by integrating RGB images with
depth data into a Deformable Virtual Zone (DVZ) for reactive
control.

Kim FEun introduced an intelligent wheelchair (IW)
navigation system [176] that improves the safety of disabled
or elderly users by avoiding obstacles using a camera
sensor and eight ultrasonic sensors. The system achieved
98.3% accuracy in recognizing outdoor environments and
92.0% accuracy in generating avoidable paths. Field tests
with five disabled users revealed high satisfaction, reduced
physical effort, and successful navigation. However, the
author emphasized the use of machine learning algorithms
for contextual learning to enhance obstacle recognition and
path generation.

A more recent study in 2021 by Lecronsnier et al.
introduced an innovative system tailored for a smart
wheelchair aimed at refining navigation within indoor
settings [177]. It harnessed the YOLOv3 [71] algorithm for
precise object detection, coupled it with Intel RealSense
technology for depth discernment, and employed a Simple
Online Realtime Tracking (SORT) [178] algorithm for 3D
object tracking. This integration ensured adept identification
and monitoring of critical navigational aids such as doors
and handles, significantly bolstering the wheelchair’s semi-
autonomous capabilities. Moreover, the discussion extends
to semantic mapping, merging semantic insights with envi-
ronmental contours, and enhancing the wheelchair’s spatial
intelligence.

However, current wheelchair systems face issues with
context-awareness and real-time operation. Liang et al. [179]
developed a global planning mechanism for mapless naviga-
tion using Deep Reinforcement Learning (DRL); however,
it has limitations in smooth motion control. Furthermore,
Beale et al. [180] identified challenges related to varying
terrain and obstacles that affect wheelchair navigation.
To address some of these issues, Kasemsuppakorn et al. [181]
proposed the Absolute Restriction Method (ARM), which
considers the environmental characteristics and user pref-
erences for route selection, suggesting the need for more
personalized navigation solutions.

In 2024, Gallo et al. [182] proposed a system that focuses
on a lightweight, embedded navigation system using a
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monocular RGB camera and deep learning to detect a
caregiver’s feet and measure their distance from a pow-
ered wheelchair (PW). The system achieved metrological
accuracy comparable to LiDAR and stereo cameras, with
measurement uncertainties within 10cm [182]. By reducing
the data volume and detection complexity, the proposed sys-
tem simplifies calibration and deployment, making real-time
object detection and distance estimation more efficient for
assistive mobility applications.

Despite numerous applications with advanced detection
capabilities, there is still significant room for improvement.
These applications rely heavily on object detection algo-
rithms to understand and interact with their environment.
However, many of them face challenges in complex, real-
world scenarios where objects may be occluded or where
environments may change rapidly. To address this, contex-
tual information is crucial for making accurate decisions.
By incorporating semantic, spatial, and temporal context into
detection algorithms, systems can better interpret relation-
ships between objects, predict movement patterns, and adapt
to new environments. Overall, leveraging contextual learning
can enhance the robustness and adaptability of such systems
in dynamic environments.

Therefore, navigation technologies have advanced sig-
nificantly, playing a critical role in autonomous vehicles,
robotics, BVI navigation, and wheelchair navigation. These
technologies integrate computer vision, deep learning, sensor
fusion, and IoT-based approaches to improve real-time
decision making, obstacle detection, and path planning.

The network diagram in Figure 6 visually represents the
interconnections between navigation applications and tech-
nologies, showing how methods such as deep learning and
computer vision are applied across multiple domains. This
highlights their versatility in addressing various navigation
challenges.

In autonomous vehicles, disparity mapping improves
obstacle detection but is computationally expensive [132],
[133], [183], [184], [185]. Sensor fusion enhances detection
precision by integrating data through DMP and Euclidean
clustering but suffers from high processing time [134], [186],
[187]. Deep learning-based YOLO object detection enables
rapid obstacle recognition, though occlusions in dense traffic
remain a limitation [136], [142], [184]. Feature mapping,
including multi-object tracking and SLAM, enhances move-
ment prediction but increases complexity, especially in urban
settings [135], [188], [189].

Robotics employs similar advances in navigation. Fuzzy
logic systems provide adaptability in dynamic environments,
but face scalability challenges [145], [145], [146], [147],
[148], [149], [190]. Multi-camera views enhance object
recognition through parallel learning but require significant
computational resources [151], [152], [153], [154], [155],
[156]. RGB-D image classification, using SVM and BoW,
improves feature representation, but is slower than deep
learning methods [150], [191], [192]. Reinforcement learning
and deep learning have enhanced real-time navigation, but are
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methodologies and unique implementations across autonomous vehicles, robotics, BVl navigation, and

wheelchair navigation.

further constrained by lighting conditions and computational
limitations [150], [184], [193], [194], [195].

For BVI navigation, smart canes with SLAM, RFID,
and ultrasonic sensors improve indoor navigation, but
have a limited detection range [17], [196], [197], [198].
Wearable Al, using YOLO-based vision models and IoT,
provides real-time guidance, but is hindered by battery
life constraints [18], [171], [199], [200], [201].Smartphone
applications integrate GPS and Al-based scene recognition
for affordability and accessibility but are less effective in
indoor environments [158], [202], [203], [204]. Computer
vision-based navigation aids text recognition and scene
comprehension, but is affected by lighting variations and
computational demands [159], [205], [206], [207], [208].

In wheelchair navigation, object tracking with YOLO,
SORT, and RealSense cameras improves tracking accuracy,
but depends on ideal lighting [177], [209], [210], [211], [212].
Semantic mapping, which combines deep learning with
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environmental contours, enhances path planning, but has high
computational overhead [209], [213], [214], [215], [216].
Reinforcement-based navigation allows real-time adaptive
decision-making, but struggles with motion smoothness in
complex paths [179], [209], [217], [218], [219], [220].
IoT-enabled smart wheelchairs leverage sensors and cloud
computing for adaptive control but face challenges related
to network dependency, power consumption, and data
security [221], [222], [223].

Across all applications, trends emphasize improving com-
putational efficiency, robustness in varying environments,
and multi-modal sensor integration. Although deep learn-
ing and reinforcement learning have revolutionized real-
time decision-making, challenges related to computational
demands and energy efficiency persist. IoT and cloud
computing improve navigation intelligence but raise concerns
regarding security, latency, and network reliability. Sensor
fusion continues to advance in autonomous vehicles and
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robotics, highlighting the need for optimized processing and
reduced system complexity.

The growing emphasis on innovation is reflected in the
research landscape, as evidenced by a bibliometric study con-
ducted using Google Scholar. The search queries focused on
publications from 2004 to 2024, covering four key domains of
navigation applications: autonomous vehicles, robotics, BVI
navigation, and wheelchair navigation. The number of publi-
cations in each category over the past two decades is shown in
Figure 7. This bibliometric analysis revealed that autonomous
vehicles have received the highest research attention (41%),
reflecting the growing interest in deep learning and sensor
fusion for autonomous navigation. In contrast, assistive
technologies (e.g., navigation for the VI and wheelchair
navigation) have received relatively less attention. This
disparity highlights the need for further research in these
areas, particularly in developing lightweight, context-aware
models that can operate efficiently on low-power devices.
Future studies should focus on bridging this gap to ensure that
advancements in object detection benefit all users, including
those with disabilities.

Research Trends in Navigation Applications Over the
Past Two Decades

B Autonomous vehicles
@ Robotics
m BVINavigation

B Wheelchair Navigation

19%

FIGURE 7. Trends of research publications over the past two decades on
Navigation applications(Data from Google scholar advanced search:
allwords: “Autonomous vehicles”, “Autonomous Robot Navigation”,
“Wheelchair Navigation”, “Navigation/visually impaired”).

V. CONCLUSION AND FUTURE TRENDS

This review underscores the importance of enhancing
current automated object detection models, particularly
by implementing contextual learning to provide a deeper
understanding of the dynamic nature of objects during
classification.

As key contributions, this study first offers an extensive
literature survey on various spatial, temporal, and contextual
feature types that are essential for understanding dynamic
environments. We emphasize the role that these features
play in improving decision making and adaptability in object
detection systems. In addition, we provide a comprehensive
review of current object detection algorithms and navigation
systems that integrate these algorithms and explore ways in
which they can be further optimized.
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The literature reveals critical gaps in the integration of cur-
rent computer vision-based algorithms for object detection
and classification. Early image processing techniques, which
relied on hand-crafted features, struggled with accuracy
and efficiency in dynamic environments with challenges
such as varying lighting conditions and occlusions, limiting
their applicability in real-time scenarios like autonomous
navigation. While modern machine learning and deep
learning approaches have improved performance, they often
require significant computational resources, making them
less suitable for lower-end hardware. These models also rely
on large, labeled datasets, which can be time-consuming
to curate and less effective in dynamic or unpredictable
settings. A common limitation of both traditional and modern
approaches is the lack of contextual learning integration,
which is crucial for understanding the dynamic nature of
objects during classification. Incorporating semantic, spatial,
and temporal context into these models could significantly
improve navigation performance, leading to safer and more
intelligent systems. Furthermore, areas such as lightweight
object detectors, edge computing integration, and continual
learning remain underexplored in this domain.

Emerging technologies, such as neuromorphic comput-
ing [224], [225], [226] and quantum machine learning [227],
[228], [229], hold promise for further advancing object
detection. Neuromorphic computing, inspired by the human
brain, can enable more efficient and adaptive object detection
systems, whereas quantum machine learning can revolu-
tionize feature extraction and optimization. By exploring
these technologies, researchers can unlock new possibilities
for object detection, paving the way for smarter and more
adaptable navigation systems. Overall, advancements in
object detection continue to drive improvements in the safety
and efficiency of autonomous systems and other applications.
Continued innovation is expected to address existing limita-
tions, further enhancing the real-world applicability of these
models.

Furthermore, as object detection technologies continue to
advance and integrate into real-world applications, ethical
and privacy concerns have become increasingly critical.
The deployment of Al-driven detection systems, particularly
in navigation and surveillance, raises questions regarding
data security, user consent, and potential biases in decision-
making. Ensuring transparency in algorithmic processes,
minimizing unintended biases, and safeguarding sensitive
data is essential for responsible implementation. In addition,
manufacturers and developers must consider regulatory
compliance and ethical guidelines to foster public trust.
By proactively addressing these concerns, object detection
technologies can be deployed more equitably and securely,
thereby enhancing their applicability in autonomous systems
while maintaining ethical integrity.

In conclusion, while the field of automated object detection
is progressing rapidly, challenges remain in developing
solutions that are both accurate and applicable to real-
world scenarios, particularly in terms of improving safety
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and efficiency. Addressing these gaps will pave the way
for smarter and more adaptable models that advance object
detection technology.
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