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Abstract: Detection of objects is one of the crucial parts of Computer Vision. As the technology has improved, Object Detection
and Recognition has undergone a profound transformation, largely because of growth and rapid revolution in the field of Deep
Learning. This paper provides a detail technological evolution in the field of detecting and recognizing objects, uncovering the
fields evolution from its early days to its current situation. Our analysis is structured around the evolving detection architecture,
evolving standardization of dataset, evolution of feature extraction, evolving performance evaluation metrics and other core systems
and the optimizing techniques to obtain better results.
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1. Introduction

Object identification stands as a foundational pillar of machine vision, concentrated on recognizing and
localizing instances of particular objects within electronic pictures or video frames. At its core, the fundamental thing
is to identify the things which are there and precisely wants their location in image. The performance of any detection
system is benchmarked on accuracy and inference speed.[1] Human being execute object detection and recognition
easily, identifying thousands of objects of various categories, shapes and sizes.[2] To repeat this capability of human
by any machine is the ultimate goal of machine vision since 1960’s. [3] The pre deep learning era was explained as
era of thoroughly engineered feature descriptors plan to capture in variant properties of visual appearance.[4][5] The
importance and significance of object detection and object recognition-based tasks is reflected in the explosive growth
of research papers over 25 years. According to google scholar data analyzed in this paper, annual publications on
object detection have grown from 150 in 2009 to 32000 in 2023 and object recognition grow from 200 in 2009 to
24000 in 2023. This trajectory of growth and specially after 2012 deep learning breakthrough, it shows the importance
of the field. The real time application of this will be in the fields autonomous driving, medical imaging, robotic
manipulation, surveillance systems and many other fields. It is a challenging task to identify an object in an image
automatically using computer-based technology as there is noise, occlusion, low resolution, scale and other challenges
which effect the performance of object detection system.[6] As different object detection systems have different goals
and challenges depending upon the purpose of the application and some common challenges which is common in all
systems.[7]
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Fig.1: Shows an increase in the number of publications in Object Detection and Object Recognition from 1999
to 2023. (Data from Google Scholar advanced search: allintitle: “Object Detection” and another advanced search:
allintitle: “Object Recognition™).

2. Evolution of Object Detection and Recognition Methods

The advancement of object detection and recognition is divided into four different reorientation phases, each
phase has seen changes like the methodological change, research application and priorities and also seen improved
performances. As we gather more awareness about these changes in each phase, we can understand the evolution of
new object detection and recognition ways which emerges from their earlier ways or methods.

The first era is from 1999 to 2011, the pre-deep learning era where handcrafted features and classical machine
learning methods are used. The pre-deep learning era specified by very precise feature descriptors designed to seize
invariant properties of visual form while keeping the hardware computational demands well within the limits. This
era was described by the human designed feature extraction methods like SIFT, HOG, SURF and various other human
designed feature extraction methods, modular pipeline architecture in which feature extraction, encoding and
classification were optimized separately. In this era comparatively limited representation capabilities like feature
extraction at single scale or limited spatial features. There were computational constraints in this era. The handcraft
features and classical machine learning ways of this era have limited the threshold of performance but in this era the
foundation of various concepts of this fields have been laid out like keypoint detection, scale-space theory, integral
images, cascade classifiers and evaluations which are still relevant and form the starting path of development in this
field.[8]

The second era is from 2012 to 2014. The deep learning revolution era turning point arrives in 2012 when
AlexNet achieves a significant improvement of 10.8 percentage in ImageNet classification accuracy. It shows that
deep convolutional neural networks can automatically discover features from raw pixel so handcraft features are no
longer required. This paradigm key characteristics are learned the organization of hierarchical features in layers of
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increasing abstraction, end to end training, allowing joint optimization of all network parameters, improving GPU
parallelism to train network arrangements of larger size and scale architectural innovations including ReLU activation
and data augmentation of increasing effective training set size. This era created deep learning as the prevailing
ideology with respect to network depth, parameter count and training data was the main factor that improves the
performance.[9]

Using the fundamentals displayed by deep learning techniques, this third era from 2015 to 2019 worked on
architectural innovation. This era includes residual connections (ResNet), DenseNet, EfficientNet, two stage detection
architecture (Faster R-CNN) and one stage detection architecture (Yolo, RetinaNet). This era tailored the modern way
of architectural design patterns and it shows that this architecture will achieve better accuracy and
efficiency.[10][11][12]
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Fig.2: Evolution of detecting objects and recognition systems over a period of time.

The fourth era is from 2020 to present. The introduction of transformer architectures in natural language
processing has recently changed the computer vision field. The key components of this era are self-attention way in
which without local constraints of convolution long range content is considered, DETR (Detection Transformer)
remove hand design components, vision transformers that are achieving great success specially with pretraining large-
scale data, models (CLIP, SAM) are working on huge and varied training data, multi modal models working with
vision components in language models.[13][14][15]

3. Modern Era Object Detection and Recognition Methods

The modern era of detecting objects starts with the introduction of the YOLO framework, which proposed a
unified approach of image processing in a single pass through a convolutional neural network (CNN), achieving
instantaneous performance.[16] While earlier methods such as R-CNN and Fast R-CNN offered significant accuracy
improvements using region proposals and CNNs, their computational costs were high due to multi-stage pipelines.[17]
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Faster R-CNN addressed this by incorporating Region Proposal Networks (RPNSs), offering a entirely end-to-end
trainable method.[18]

The improvement of Faster R-CNN into Mask R-CNN introduced segmentation capabilities alongside object
detection.[19] It demonstrated the adaptability of region-based detectors for instance segmentation tasks. On the other
hand, the EfficientDet series introduced compound scaling and a neural architecture search (NAS)-based backbone,
delivering an excellent balance between speed and accuracy across various COCO benchmark tasks.[20]

Meanwhile, transformer-based models have gained significant attention in the last few years. DETR (Detections
Transformers) reframed detection of objects using a transformer encoder-decoder as a simple immediate set prediction
problem.[21] However, its slow convergence led to the development of Deformable DETR, which incorporated
deformable attention to improve training efficiency and performance.[22] Similarly, Sparse R-CNN introduced
learnable object proposals, replacing dense anchor boxes with sparse, optimized proposals.[23]

Anchor-free models such as YOLOvV7 and YOLOR have further streamlined the detection pipeline, emphasized
unified reasoning and optimized training strategies for real-time applications.[24][25] CenterNet and CornerNet also
moved away from anchor-based detections, instead leveraging keypoint detection to localize objects, proving efficient
for small-scale object detection.[26][27]

Hybrid models like ATSS bridged the difference between anchor-free and anchor-based detectors using sample
selection based on adaptive training.[28] Further improvements in detection heads were proposed in Dynamic Head,
which unified different object detection heads through attention mechanisms.[29] A comprehensive survey in the
context of remote sensing, suggesting a benchmark for satellite imagery and aerial data object detection tasks.[30]

Other practical improvements include the Precise Single Shot Detector (PSSD), which enhances localization
accuracy without compromising inference speed.[31] Thermal image detection with DDSSD, specifically focusing on
adverse weather conditions.[32] Meanwhile, PP-YOLO and its enhanced successor PP-YOLOE refined YOLO-based
pipelines by integrating EfficientNet backbones and deeper layers.[33][34]

Early single-shot detectors such as DSSD and FSSD extended SSD models by introducing deconvolution and
feature fusion techniques.[35][36] These models retained high inference speed while enhancing detection in low-
resolution regions. Additionally, TensorFlow's FPNLite model integrated MobileNetV2 with feature pyramid
networks (FPN), optimized for deployment on edge devices.[37]

The integrated YOLOv5 with EfficientNet for submarine pipeline inspection, showing deep learning’s
versatility across industrial domains.[38] Meanwhile, lightweight models like SqueezeDet have shown promise in
embedded and autonomous driving systems.[39] The survey show the full trajectory of object detection, from CNNs
to transformers, summarizing key performance tradeoffs.[40]

Innovations such as Oriented R-CNN offered orientation-aware detection suited for aerial imagery,
outperforming traditional axis-aligned detectors.[41] The EfficientNet architecture remains a common backbone for
many detection systems due to its high parameter efficiency.[42] Similarly, MobileNet and MobileNetV2 introduced
respectively, provide lightweight alternatives for real-time detection on mobile devices.[43][44]

A focused review outlined the requirements for deploying object detectors on edge devices, evaluating tradeoffs
in model size, latency, and mAP.[45] Meanwhile, SqueezeNet and SqueezeDet have remained baseline models for
energy-constrained platforms.[46]

Recent advances like ECA-YOLOv4 and improved YOLOV5 variants for industrial applications such as gangue
sorting have pushed the boundaries of real-time accuracy. These models leverage attention mechanisms and hardware-
aware optimizations to deploy deep object detectors in real-world manufacturing and surveillance
environments.[47][48]

Object detection has a key role in the area of computer vision by activating machines to locate and classify
instances of objects present in images or video frames. It combines the chores of image classification and localization
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of object to provide bounding boxes around detected objects. Object detection has achieved remarkable progress in
both accuracy and speed with the advancement in the field deep learning mainly CNN (Convolution Neural Networks).

Pre-existing object detection approaches heavily based on features such as handcrafted and rigid pipelines,
which were limited in performance under diverse and complex real-world environments. However, the integration of
deep learning frameworks has enabled the design of end-to-end automated models which learn hierarchical
representations from large datasets. These advancements resulted in the development of variety of models optimized
for general object detection, compact object detection, and deployment on edge devices.

An extensive study and analysis of latest advancements in the domain of deep learning-based detection
methods, highlighting the progression from two-step detectors like Faster R-CNN to single-step detectors such as
YOLO and SSD. The authors discussed key architectures and performance trade-offs, emphasizing how different
model types confront challenges such as scale variation, occlusion, and real-time operation. Their review noted the
shift toward transformer-based detection architectures, which offer better context modeling and global attention
mechanisms.[49]

Similarly, a survey focusing on edge optimized model of deep learning worthy for using on resource-
constrained edge devices. His work presented a systematic analysis of model compression techniques including
pruning, quantization, and neural architecture search (NAS). Importantly, the paper evaluated the performance of these
lightweight models on benchmarks like COCO and PASCAL VOC, demonstrating that newer models such as
EfficientDet-Lite and YOLOvV5-Nano maintain competitive accuracy while reducing computational cost.[50]

The emerging field of open-world object detection (OWOD), where models must detect both known and
previously unseen object categories during inference. The authors highlighted key challenges including semantic drift,
background misclassification, and scalable class inclusion. Their survey categorized OWOD approaches into
incremental learning-based, class-agnostic, and knowledge distillation techniques, and called for better benchmarking
standards. This area is critical for real-world operations in the field of automated driving and vigilance where the
domain is dynamic and incomplete.[51]

Several recent works have focused on enhancing DETR (Detection Transformers), which originally offered a
major change by abolishing components which are hand design such as anchor generation and non-maximum
suppression. DEIM (DETR with Improved Matching), which reduces training time and convergence complexity by
optimizing bipartite matching using spatial attention. Their improvements were validated on the COCO dataset,
achieving higher mAP scores with fewer training epochs.[52]

The introduced MI-DETR, which uses a multi-time inquiry mechanism to enhance object localization over
multiple iterations. The method allowed the model to refine its object predictions in a coarse-to-fine manner,
improving accuracy in cluttered and occluded scenes. This iterative refinement mimics the human visual system’s
sequential attention strategy and was shown to outperform standard DETR variants in challenging scenarios.[53]

In a similar vein, the proposed Point2RBox, a novel approach to oriented object detection using single-point
supervision. This mechanism decreases the reliance on extensive bounding box annotations, making it more scalable
for datasets where detailed labeling is expensive or infeasible. The authors demonstrated competitive performance on
datasets like DOTA and HRSC2016 by leveraging synthetic patterns and spatial reasoning. Their approach marked a
transition toward more annotation-efficient object detectors.[54]

Further enhanced the Point2RBox framework by introducing spatial layout constraints in Point2RBox v2. This
version considered inter-object spatial relationships and improved orientation detection, particularly in aerial and
satellite imagery datasets. Their method significantly reduced the labeling effort while maintaining or surpassing fully
supervised baselines.[55]

EfficientNet has been successfully integrated into object detectors to improve accuracy while keeping the model
lightweight. EfficientNet-YOLOV5, which replaces the default YOLOvV5 backbone with EfficientNet-B0.[56] This
fusion allowed for improved feature representation and led to superior performance in marine microalgae detection
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tasks. Similarly, the proposed EfficientNet with YOLOv4 which detected the integrated circuit on PCBs. Their
architecture proved effective in detecting small and densely packed components with minimal false positives.[57]

The designed OE-YOLO, a model specialized for agricultural applications, particularly rice panicle detection.
EfficientNet which is combined with multiple data representation, OE-YOLO achieved high accuracy in difficult
outdoor conditions. This shows the growing trend of tailoring object detection architectures to domain-specific needs,
thereby improving robustness and real-world deployment feasibility.[58]

Extended the EfficientNetV2 architecture with novel modules such as Channel Efficient Attention and Spatially
Adaptive Feature Modulation. These additions allowed the model to focus dynamically on salient features, leading to
significant gains in waste classification tasks. This work underscores the importance of feature selection and attention
mechanisms in modern lightweight detectors.[59]

A CNN based approach for the object detection in real world scene images with text extraction. The proposed
approach is then evaluated with existing models to compare the performance metrics. In this method image
preprocessing, the feature extraction through CNN, then localize and multiple objects are identified in an image with
scene text understanding. This is a dual model architecture CNN for text detection, trained on the dataset and Yolov3
for real time object detection.[60]

A completely automated pipeline model that does not required any manual image annotation. A sizeable number
of labelled data is vital for the purpose of training in traditional object detection; this whole process is time consuming
and expensive. The Dart method uses the techniques of data variation, annotation, pseudo-labeling and model training
which reduces overall human involvement and still quality of training data is maintained.[61]

These approaches collectively demonstrate a movement toward reducing the cost and effort associated with
data annotation, without compromising performance. Such innovations are crucial for scaling object detection to new
emerging areas such as clinical imaging, geospatial analysis, and industrial quality control check.

An improved variant of YOLOV5 by integrating the EfficientNet backbone to tackle object detection in marine
environments, particularly for microalgae classification [56]. The model, named EfficientNet-YOLOVS5, replaces the
conventional CSPDarknet backbone in YOLOvV5 with EfficientNet-BO0, yielding better feature extraction and lower
computational costs. The authors examine the model on a marine microalgae species dataset and reported
improvements in both accuracy and inference speed. By leveraging EfficientNet’s compound scaling method, the
proposed detector achieved higher precision with fewer parameters, making it well-suited to utilize on edge devices
used in underwater surveillance systems. This work highlights the importance of adapting object detection
architectures to domain-specific characteristics, such as low contrast and noisy underwater imagery.

A hybrid model that enhances YOLOvV4 using an EfficientNet backbone to address object detection challenges
in printed circuit board (PCB) inspection tasks [57]. In their work titled Enhanced EfficientNet-YOLOVA4, the authors
focused on detecting integrated circuits (ICs) and solder defects—objects that are typically small, dense, and often
partially occluded. By integrating EfficientNet-B0O into the YOLOv4 framework, the model achieved significant
improvements in mAP and recall without compromising inference time, making it feasible for industrial automation
settings. The study demonstrated that combining the architectural strengths of YOLOv4 with the feature-rich and
lightweight design of EfficientNet can successfully deal with the issues of fine-grained object recognition in
manufacturing and electronics quality control. This method presents a balanced solution between detection accuracy
and computational efficiency.

OE-YOLO, an agricultural object detection model that integrates EfficientNet as a backbone with a YOLO-like
architecture tailored for rice panicle detection in natural field conditions [58]. The authors highlighted that traditional
object detectors struggle with densely packed and occluded targets in real-world agricultural scenarios. To address
this, OE-YOLO adopts multiscale feature combination and integrates machine attention to improve detection
robustness under varying illumination and background clutter. The model was evaluated on high-resolution images of
rice fields and outperformed conventional YOLOv3 and YOLOV5 models in the context of precision, accuracy and
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F1-score. By emphasizing real-world applicability in agriculture, this study presents a compelling use case of deep
learning in precision farming and crop yield estimation, enabling intelligent field monitoring systems.

The proposed novel architecture based on EfficientNetV2, designed specifically for waste classification and
object detection tasks under low computational budgets [59]. Their improved model integrates two key components:
Channel Efficient Attention (CEA) and Spatially Adaptive Feature Modulation (SAFM). CEA allows the model to
prioritize relevant channels dynamically, while SAFM enhances the spatial representation of features based on context.
These modifications led to superior performance over baseline EfficientNetV2 and YOLOv5 models in real-world
waste sorting tasks. The authors conducted experiments across multiple datasets and demonstrated that their
architecture achieved better generalization and higher mean Average Precision (mAP) with fewer parameters. This
work is largely going to impact the industrial automation and smart city demands, where accurate and efficient waste
classification can support sustainable operations and environmental monitoring.

A milestone in deep learning model scaling, offering a family of CNN architectures that optimize both
correctness and effectiveness using a multidimensional scaling strategy. Distinct from earlier scaling methods that
randomly increase network depth, width, or input resolution, EfficientNet uses a compound coefficient to balance all
three dimensions systematically, achieving better performance with lesser parameters [42]. All of this makes
EfficientNet in particular worthy of detecting task of objects in case the computational cost is a critical factor. The
system ability of efficient attribute extraction obtained through a combination of mobile inverted bottleneck
convolution (MBConv) and squeeze-and-excitation blocks, enables it to detect fine-grained features, making it ideal
for recognizing small or complex objects in challenging environments.

In recent years, various frameworks with EfficientNet is used for detecting objects, replacing traditional heavy
backbones such as ResNet or CSPDarkNet. By leveraging EfficientNet as the backbone of models like YOLOvV4,
YOLOVS5, or custom detectors, researchers have achieved significant improvements in model performance while
reducing model size and inference time. For example, EfficientNet-B0 in their enhanced YOLOv4 model to improve
integrated circuit detection on printed circuit boards [57], while incorporated EfficientNet into YOLOv5 for
microalgae detection in marine environments [56]. These implementations demonstrated that EfficientNet not only
enhances object recognition in high-density or low-resolution images but also provides scalability for edge deployment
and mobile computing.

The primary benefits of using EfficientNet in object detection and recognition lie in its parameter efficiency,
strong generalization capability, and adaptability to various input resolutions. Its lightweight structure allows for faster
training and real-time inference without sacrificing detection accuracy, which is crucial for applications like smart
agriculture, robotics, remote sensing, and industrial inspection. Furthermore, EfficientNet’s superior feature
representation enables more accurate localization and classification of things under difficult conditions such as
occlusion, dimension modification, or low lighting. The model demonstrated this advantage by applying EfficientNet
in rice panicle detection under complex agricultural settings [58], and further extended EfficientNetV2 with attention
mechanisms for waste classification with impressive results [59]. These studies highlight the continued relevance of
EfficientNet as a powerful and flexible backbone for next-generation object detection systems.

EfficientNet is an ideal backbone for detecting and recognizing things because of balanced conduct, lower
resource usage, and strong accuracy. Its modular design makes it easy to integrate into modern detection pipelines,
and its success across domains—from healthcare and agriculture to industrial automation—shows its broad
applicability. With ongoing enhancements such as EfficientNetV2 and its use in hybrid architectures, it remains a top
choice for both research and practical deployments.

Collectively summarizing that, this body of work illustrates the multifaceted evolution of deep learning-based
object detectors—ranging from early R-CNN frameworks [17][18] to recent transformer-based [21][22][23] and
attention-guided architectures [29][47]. The tradeoff between accuracy, speed, and computational efficiency remains
central in choosing an appropriate model. While real-time systems favor YOLO-based detectors [16][24][25], high-
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accuracy applications such as remote sensing or medical imaging may benefit more from transformer-based or region-
based architectures [19][21][30].

Moreover, the increasing availability of standardized datasets such as COCO and PASCAL VOC has been
instrumental in standardizing performance metrics like precision-recall curves, mean Average Precision (mAP), and
inference latency. These benchmarks enable researchers to make consistent comparisons and push state-of-the-art
boundaries.

In conclusion, object detection has seen tremendous growth due to deep learning, and the diversity of
methods—from anchor-based to key point, single-shot, and transformer-based—shows the richness of this research
area. Future work is expected to emphasize efficient training, cross-domain adaptation, explainability, and deployment
on resource-limited devices. The surveyed papers collectively offer a panoramic view of how the field has evolved
and continue to inspire novel directions for robust, efficient object detection models.

The recent literature reveals a multifaceted evolution of object detection techniques. Surveys by Edozie et al.
(2025) and Mittal (2024) provided foundational knowledge on the classification, optimization, and application of
various detection models.[49][50] Works like Li et al. (2024) [51] and Yu et al. (2024, 2025) [54][55] pushed the
boundaries of open-world and weakly supervised learning, while transformer-based enhancements [52][53] solved
key training bottlenecks in DETR models.

Meanwhile, a parallel trend is visible in edge-friendly and domain-specific models. Integrations of EfficientNet
with YOLO variants [56][59] have successfully balanced speed and accuracy, making these models suitable for real-
time deployment in specialized environments. This harmonization of performance and efficiency suggests that the
future of object detection will rely not only on accuracy but also on adaptability, computational cost, and supervision
scalability.

Table 1: Analysis of Various Models

S.No. Authors Model Dataset Metrics Results
1 Redmon et al. (2016) | YOLO Custom Dataset | mAP, FPS Real-time
[16] detection  with
63.4% mAP at
45 FPS
2 Girshick (2015) [17] Fast R-CNN PASCAL VOC | mAP 70% mAP on
VOC 2007
3 Ren et al. (2017) [18] Faster R-CNN PASCAL VOC | mAP 73.2% mAP
with  real-time
proposal
generation
4 He et al. (2017) [19] Mask R-CNN MS COCO mAP State-of-the-art
37.1% mAP on
CoCOo
5 Tan et al. (2020) [20] EfficientDet COCO AP 52.2% AP with
fewer FLOPS
6 Carion et al. (2020) [21] | DETR COCO AP 42% AP with
end-to-end
training
7 Zhu et al. (2020) [22] Deformable COCO AP 43.8% AP with
DETR improved
training
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Sun et al. (2020) [23]

Sparse R-CNN

COCO

AP

45.0% AP using
learnable
proposals

Wang et al. (2022) [24]

YOLOv7

COCO

mAP

56.8% mMAP at
30 FPS

10

Wang et al. (2021) [25]

YOLOR

COCO

mAP

55.4% MAP,
unified model

11

Duan et al. (2019) [26]

CenterNet

MS COCO

mAP

47% mAP,
keypoint-based

12

Law et al. (2018) [27]

CornerNet

MS COCO

mAP

42.2% mAP
using corner
detection

13

Zhang et al. (2020) [28]

ATSS

Coco

AP

43.6% AP,
anchor-free
training

14

Microsoft Team (2021)
[29]

DyHead

Custom Dataset

Precision

Improved object
detection  with
dynamic heads

15

Cheng et al. (2024) [30]

DetectorRS

Remote Sensing
Dataset

Precision,
Recall

High accuracy
in remote
sensing
detection

16

Chandio et al. (2022)
[31]

PSSD

VOC

mAP

Better
performance in
small object
detection

17

Zhang et al. (2021) [32]

DDSSD

Thermal Images

AP

Improved
detection in
adverse weather

18

X. Long et al. (2020)
[33]

PP-YOLO

Coco

AP

45.2% AP, real-
time capability

19

X. Xu (2022) [34]

PP-YOLOE

Coco

AP

51.4% AP,
enhanced
version

20

Fu etal. (2017) [35]

DSSD

VOC

mAP

76.3% mAP
with deconv
layers

21

Li etal. (2017) [36]

FSSD

VOC

mAP

78.6% mAP
with feature
fusion

22

TensorFlow (2020) [37]

MobileNet SSD

VOC

mAP

Lightweight,
68% Map

23

Li et al. (2023) [38]

EfficientNet +
YOLOvV5

Pipeline Images

Precision

Improved
submarine
pipeline
detection
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24 landola et al. (2016) [39] | SqueezeDet KITTI mAP Real-time
performance for
autonomous
driving

25 Arkin et al. (2023) [40] | CNN to | Various Review Comprehensive

Transformer survey of
Survey detection
models

26 Xie et al. (2021) [41] Oriented R- | DOTA AP 76.5% AP for

CNN oriented objects

27 Tan & Le (2019) [42] EfficientNet ImageNet Accuracy State-of-the-art
accuracy  with
fewer
parameters

28 Howard et al. (2017) | MobileNets ImageNet Accuracy Fast and

[43] efficient for
mobile vision

29 Sandler et al. (2018) [44] | MobileNetV2 ImageNet Accuracy Inverted
residual
structure for
better accuracy

30 Véstias et al. (2024) [45] | Lightweight Edge Devices Review Review of edge-

Detectors efficient
Review detectors
31 landola et al. (2016) [46] | SqueezeNet + | KITTI mAP Real-time, 75%
SqueezeDet mAP on KITTI
32 Gao et al. (2020) [47] YOLOv4 + | COCO AP Improved
ECA attention  with
ECA module
33 Qinetal. (2023) [48] YOLOv5 Gangue Sorting | Precision Effective in
Improvement industrial
application

34 Edozie etal. (2025) [49] | Survey COCQO, mAP overall Synthesizes

PASCAL VOC, trends in

domain sets accuracy,
efficiency,
supervision cost

35 Mittal (2024) [50] Lightweight COCO, mobile | mAP, latency | ~30-45% mAP;

detection survey | benchmarks (ms) inference
<200 ms on
mobile CPUs

36 Lietal. (2024) [51] OWOD survey | OWOD-v1 AP, unknown | Highlights

benchmarks recall challenges in
unknown-class
detection

37 Huang et al. (2024) [52] | DEIM + RT- | COCO AP, FPS, | 56.5% AP @

DETR training time 78 FPS;  50%
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reduced training
time

38 Nan et al. (2025) [53] MI-DETR COCO AP, AP +2.3 AP over
baselines; strong
small-object
improvement

39 Yu etal. (2024) [54] Point2RBox DOTA, DIOR, | AP DOTA:41.05%;

HRSC DIOR:27.62%;
HRSC:80.01%
40 Yu etal. (2025) [55] Point2RBox-v2 | DOTA, HRSC, | AP DOTA:62.61%;
FAIRIM HRSC:86.15%;
FAIR1IM:34.71
%
41 Wang et al. (2022) [56] | EfficientNet- Marine AP AP improved to
YOLOv5 microalgae 44.73%;
dataset ensemble to
~50.68%

42 Tay et al. (2024) [57] EfficientNetvV2- | PCB IC | F1, latency (s) F1:99.22;

L + YOLOvV4 detection dataset inference
~0.135s

43 H. Wuetal., (2025) [58] | OE-YOLO + | UAV rice | mAP50 86.9% mMAPS0;

EfficientNetV2- | panicle imagery efficient in
S params and
GFLOPs
44 Qiu etal. (2025) [59] CE- Waste Accuracy (%) 95.4% accuracy;
EfficientNetV2 | classification +3.2% gain over
+ SAFM dataset baseline
45 Das et al. (2023)[60] YOLO V3 COCO mAP mAP
VOC2007+VO VOC2007+VO
C2012, C2012 is 88.2%,
SCUT_FORU 80% in
Text SCUT_FORU
Text
46 Chen et al. (2025) [61] YOLOvV8n Liebherr Produc | AP Inference | AP improves
t dataset latency from 0.064 to
0.832 latency
~2.47 ms on T4
GPU

4. Various Metrics Used for Object Detection and Recognition

The evaluation process of object detection and recognition models has advanced from simple accuracy

calculation to a multidimensional framework that focuses on accuracy, localization quality, robustness and efficiency.
So, these metrics can be classified into four different categories 1) Localization accuracy metrics 2) Classification
centric metrics 3) Comprehensive ranking metrics and 4) Efficiency and scale metrics. Localization accuracy metrics
is majorly anchored by intersection over union (loU) which compute the ground-truth bounding boxes and predicted
overlap and checks if the overlap exceeds a fixed threshold. This basic method of measurement with time is being
improved through variants like GloU, DloU and CloU. These metrics are the real answer to the basic question of
whether a model can draw boxes in right places irrespective of what it labels inside them.[62][63][64] Classification
centric metrics that the model should correctly identify the category of the object. Precision, Recall and F1-Score
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forms the key components of classification centric metrics. It measures the trade-off between false positives and false
negatives.[65][66] The requirement of detection is not point-estimation only, it also requires ranking. So, for that
comprehensive ranking metrics appeared as a solution.

Average precision (AP) combines the complete precision-recall curve across confidence thresholds, which help
the models that are not only detecting the object correct but also rank their detection. Mean average precision(mAP)
expand this thing over to all the classes with modern benchmarks like MS-COCO averaging AP. Adding up the
Average recall (AR) supplement this by judging detection completeness in crowded scenes.[67][68] Jointly, these
metrics changed the field from fractured task-specific evaluation to a unite benchmark driven comparison. Accuracy
alone is not sufficient enough to judge the performance of any model for real world deployment that is why efficiency
and scale metrics have become equally important. Frames per second (FPS), latency and floating-point operations
(FLOPs) are the efficiency and scale metrics which can tell a model can run on edge devices or GPUs.[69][70]

1. Conclusion

The field of object detection and recognition have undergone a big transformation over the past 25 years,
progressing through four different phases which totally transforms the object detection and recognition field of
computer vision. In these four era various models of object detection and recognition was introduced and developed.
These models are being checked over various performance metrics. The detection and recognition accuracy has
improved over the time. The new models have better efficiency of detection and recognition so the overall efficiency
has improved.

Performance of Various Object Detection and Recognition
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Figure 3: Performance of object detection and recognition frameworks

The viola-jones attained the first real time detection at 15 fps. The AlexNet improvement showed that there is
no need of manual feature engineering and CNN can perform this task automatically so it improves the recognition
accuracy from 62.5 to 78.6% from early CNN to faster R-CNN’s. The creative architecture showed one-stage
detectors, residual connections, Dense Connectivity and compound scaling. These creative steps help in achieving real
time detection at 60+ fps which takes COCO AP from 22% to 51.5% and ImageNet accuracy to 84.3%. The
transformer and foundation era has improved vision transformer achieving 90.5% top-1 accuracy. There are challenges
also like small object detection is still difficult as compare to large object detection, domain specific work requires
more effort. The journey of next 25 years will likely to bring detection with no separate components but a general -
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purpose visual system with greater accuracy. This paper discusses the various aspects of object detection and
recognition framework in past 25 years from starting era to current state.
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