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Abstract

Object detection has evolved from classical feature-based approaches to deep learning-
based frameworks, with the YOLO (You Only Look Once) family emerging as one of the
most widely adopted paradigms for real-time object detection. Despite rapid architectural
evolution from YOLOv1 to YOLO26, the literature remains fragmented and lacks a unified
synthesis integrating architectural innovations, quantitative benchmarking, and domain-
specific deployment considerations. This review presents a comprehensive longitudinal
analysis of the YOLO lineage, spanning the evolution from Darknet-based backbones to
hypergraph-enhanced correlation modeling in YOLOv13 and end-to-end NMS-free archi-
tectures in YOLO26, as well as the transition from anchor-based prediction to anchor-free,
decoupled, and end-to-end detection heads. We synthesize source-reported metrics, in-
cluding AP, FPS, FLOPs, and parameter counts, across both canonical and domain-specific
benchmarks, while explicitly treating the resulting comparison as a cross-source synthesis
rather than a hardware-normalized re-benchmark. Particular attention is given to devel-
opments reported during 2025–2026. Under their respective source protocols, YOLOv13
reports a 3.0-AP-point improvement over YOLO11-N (38.6 to 41.6 AP), whereas YOLO26
reports up to 43% faster CPU inference than YOLO11. Because both releases are rela-
tively recent, these findings are presented as source-reported results and are accompanied
by an explicit maturity caveat informed by emerging independent evaluations. Across
seven application domains, we examine how architectural design choices relate to oper-
ational constraints, identify persistent challenges in domain generalization, small-object
localization, and open-set detection, and propose future research directions centered on
contextual representation, deployment-aware training, data-efficient learning, and repro-
ducible, sustainability-aware benchmarking.

Keywords: You Only Look Once (YOLO); object detection; real-time detection; architectural
evolution; end-to-end detection; NMS-free detection; hypergraph learning; edge deployment;
benchmark synthesis; model selection

1. Introduction
1.1. Background and Motivation

Object detection is a fundamental computer vision task that involves identifying and
localizing objects of interest within images or video frames [1]. In many practical domains,
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including autonomous driving, robotics, aerial surveillance, medical imaging, and indus-
trial inspection, real-time inference is a critical requirement: systems must process frames
with minimal latency while maintaining sufficient detection accuracy [1–3]. Historically,
object detection has evolved from handcrafted feature-based methods (e.g., Viola-Jones,
HOG + SVM, and DPM) to deep learning-based detection frameworks. Two-stage detectors
such as R-CNN [4], Fast R-CNN [5], and Faster R-CNN [6] first propose candidate object
regions and then classify and refine them, achieving high accuracy but suffering from
relatively high computational cost and latency.

To address these limitations, one-stage detectors, which perform localization and
classification in a single forward pass, emerged as a practical alternative to two-stage
pipelines in latency-sensitive applications [7,8]. Among these approaches, the YOLO (You
Only Look Once) family has become one of the most influential detection frameworks
owing to its favorable balance between inference speed and detection accuracy. The original
YOLO (v1), introduced by Redmon et al. [8] in 2016, reformulated object detection as a
unified regression problem, enabling real-time detection by directly predicting bounding
boxes and class probabilities from full images. Across successive versions, the YOLO family
has undergone continuous refinements to its architecture—including the backbone, neck,
and detection head—as well as its training strategies, loss functions, anchor design, and
multi-scale feature fusion, improving both computational efficiency and detection accuracy.

As object detection tasks diversify (e.g., small-object detection, dense scenes, domain
shift), the demands on detectors evolve. YOLO variants have been adapted to operate
on embedded/edge devices, to incorporate attention or transformer modules, to support
multi-task outputs (e.g., segmentation, pose), and to optimize energy/latency trade-offs.
The breadth and diversity of these developments highlight the need for a unified, systematic
synthesis of how the YOLO family has evolved, what trade-offs each design entails, and
where open challenges remain.

1.2. Research Context and Need for a Unified Review

Although numerous surveys have examined YOLO-based and one-stage object detec-
tion frameworks, most cover releases only through YOLOv7 or YOLOv8 and focus on se-
lected architectural features or application domains rather than providing a comprehensive
comparison across versions. For example, Terven et al. [9] present a comprehensive review
from YOLOv1 through YOLOv8, describing network architectures, key enhancements, and
training tricks. Ali and Zhang [2] similarly highlight application domains such as medical
imaging, autonomous vehicles, and agriculture in the YOLO context. Jegham et al. [10]
recently provided a benchmark and architectural review involving YOLOv9–v12 in addi-
tion to earlier versions. More broadly, surveys of object detection evolution (e.g., covering
region-based and transformer-based methods [11]) place YOLO among many families but
do not deeply contrast YOLO variants version-to-version [1]. The two-decade retrospective
by Zou et al. [12] traces detector evolution from Viola-Jones through deep learning frame-
works, while Liu et al. [13] surveyed generic deep-learning object detection encompassing
detection frameworks, object proposal generation, context modeling, and evaluation met-
rics. More recently, Trigka and Dritsas [14] provided a comprehensive 2025 survey of
machine learning techniques for object detection covering both traditional and contem-
porary deep learning approaches. A decade-spanning retrospective by Sapkota et al. [11]
further underscores the need for an integrated, up-to-date synthesis.

Three important gaps in the existing literature motivate the present review. First,
no existing survey provides a comprehensive treatment of the YOLO lineage through
the latest 2025 releases: YOLOv13′s hypergraph-based correlation modeling [15] and
YOLO26′s deployment-centric architectural simplification [16] represent qualitatively new
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design directions that post-date all published comprehensive reviews, leaving practitioners
without integrated guidance on when and why to adopt these latest variants. Second,
existing surveys treat architectural evolution, quantitative benchmarking, and application
deployment as largely separate concerns; few systematically trace how a specific structural
innovation (e.g., anchor-free decoupled heads or NMS-free decoding) propagates into
measurable benchmark improvements and, ultimately, into domain-specific deployment
advantages. Third, benchmark numbers circulating in the literature are frequently repeated
across secondary sources without verification against primary release papers, propagating
inaccuracies; a review that enforces primary-source data discipline is needed to provide a
reliable quantitative foundation.

To address these gaps, this review seeks to answer three central research questions:
(1) How have YOLO’s architectural modules—backbone, neck, and head—evolved across
fourteen generations, and which transitions represent paradigm shifts rather than incremen-
tal refinements? (2) What do primary-source benchmarks reveal about the accuracy-latency-
efficiency trade-offs across the lineage, particularly for the divergent 2025 releases? (3) How
do architectural and algorithmic design choices map onto the operational constraints of
real deployment domains, and what selection guidance follows for practitioners?

Overall, the literature still lacks a unified longitudinal review that spans YOLOv1
through YOLO26 and systematically integrates a consistent taxonomy, quantitative bench-
marking, domain-level application mapping, and future research directions. Such a sur-
vey would:

• Clarify the evolution of YOLO by explaining how successive versions build on
earlier designs.

• Uncover design trade-offs (accuracy vs. speed vs. complexity) across the lineage.
• Provide practitioners and researchers with a structured guide to selecting or extending

YOLO variants for specific domains or constraints.
• Highlight underexplored challenges (e.g., generalization, robustness, domain shift,

efficient deployment) that future YOLO-like systems could address.

Given that YOLO remains one of the most widely adopted frameworks for real-time
object detection, a survey of this depth and breadth can fill a vital need in consolidating
fragmented developments and pointing the way forward.

1.3. Objectives and Scope of This Review

The primary objective of this review is to provide a comprehensive generation-
by-generation analysis of YOLO-based object detectors from YOLOv1, introduced in
2016, through YOLO26, unveiled in 2025 and formally documented in the 2026 tech-
nical report [16]. The review covers fourteen major architectural iterations, including
the hypergraph-enhanced YOLOv13 [15] and the deployment-oriented YOLO26 [16], to-
gether with influential derivatives. The analysis is structured around three complemen-
tary dimensions:

1. Architectural and algorithmic evolution—cataloging changes in backbone networks,
neck and head modules, anchor/anchor-free design, multi-scale fusion, activation
and normalization strategies, loss functions, attention or transformer integrations, and
optimization/training techniques.

2. Quantitative benchmarking and trade-off analysis—collecting performance metrics
such as mAP (or variants), inference latency or FPS, parameter count, GFLOPs,
memory footprint, and robustness measures across representative datasets (e.g.,
PASCAL VOC, MS COCO, and domain-specific datasets). We harmonize and
re-interpret reported metrics where necessary to support fair cross-source com-
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parison, while acknowledging that the resulting synthesis is not a hardware-
normalized re-benchmarking.

3. Domain-level application mapping and adaptation strategies—surveying how differ-
ent YOLO versions have been deployed or adapted across application domains and
examining the associated challenges and design choices.

In addition, we identify persistent challenges, emerging limitations, and open research
questions across YOLO’s evolution, and we propose a future roadmap linking YOLO’s lin-
eage to upcoming trends (e.g., hybrid CNN–transformer detectors, model search/AutoML,
multimodal detection, edge/energy-aware design).

Our scope includes both canonical YOLO releases (from original authors or recognized
community-maintained forks) and significant research derivatives that are widely cited
or practically adopted. We exclude minor variants or unpublished tweaks unless they
introduce a novel design insight. This review does not attempt to provide exhaustive
coverage of all one-stage object detectors, such as SSD and RetinaNet, or of transformer-
only detectors; these methods are discussed only where they provide a relevant basis
for comparison. Throughout this review we follow the original authors’ designations:
community/academic releases are written YOLOv2–YOLOv13, whereas Ultralytics releases
use their official names YOLO11 and YOLO26. The phrase “YOLOv1 to YOLO26” denotes
the lineage spanning these releases and does not imply the existence of intermediate
versions YOLOv14–YOLOv25.

1.4. Contributions of This Work

This review offers six principal contributions to the object detection and real-time
vision literature.

(1) Systematic architectural classification. We provide a systematic taxonomy of
YOLO architectures from YOLOv1 (2016) to YOLO26 (2025), mapping their structural
transitions—from Darknet-based backbones to hypergraph-enhanced correlation modeling,
from anchor-driven to anchor-free paradigms, and from monolithic to decoupled and
NMS-free heads—within a unified taxonomy that enables direct cross-version comparison.

(2) Cross-version quantitative benchmarking and trade-off analysis. We compile and
normalize quantitative indicators—including mean Average Precision (mAP), frames per
second (FPS), FLOPs, parameter counts, and memory footprint—from primary release
papers and comparable surveys, presenting accuracy-latency-efficiency trade-offs across
fourteen generations under explicitly documented measurement conventions.

(3) Domain-level application mapping. We conduct a multi-sector analysis of YOLO
adoption across autonomous driving, industrial inspection, precision agriculture, biomedi-
cal imaging, robotics and drones, and consumer multimedia, synthesizing over one hun-
dred concrete deployment case studies (Section 6) and identifying which architectural
choices map to which domain constraints.

(4) Synthesis of challenges and emerging research directions. Through our cross-
version and cross-domain synthesis, we identify persistent limitations—such as small-object
localization, domain generalization, and open-set detection—and articulate a forward-
looking research agenda encompassing hybrid attention architectures, end-to-end training,
data-centric learning, and sustainability-aware benchmarking.

(5) Bridging theoretical advances and industrial deployment. We emphasize the
practical relevance of YOLO’s design philosophy for real-time embedded and safety-critical
systems, distilling deployment guidance by hardware constraint, accuracy requirement,
and regulatory context into an actionable playbook for practitioners.

(6) Evolutionary design-principle analysis. Beyond cataloging what changed in each
generation, we distill why the lineage evolved as it did. Section 5 parses the YOLOv1-
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to-YOLO26 trajectory into recurring bottleneck-response chains, identifies five recurrent
design strategies, quantifies where redesign effort concentrated across architectural compo-
nents, and explains the fundamental trade-offs—accuracy, localization precision, compu-
tational complexity, latency, memory, robustness, and deployment efficiency—that made
those components the persistent loci of innovation.

In summary, this work extends prior reviews [9–11,17,18] by integrating architec-
tural, quantitative, application-level, and design-principle perspectives within a single
longitudinal framework spanning the complete YOLO lineage through the 2025 releases.

1.5. Organization of the Paper

The remainder of this paper is organized to provide a progressive overview of YOLO’s
evolution and research ecosystem. It begins by establishing the methodological foundation
and continues toward in-depth analysis and synthesis.

Section 2 defines the methodology, data sources, and classification criteria used to cu-
rate and evaluate YOLO-related literature. Section 3 chronologically traces the architectural
evolution of YOLO from its inception in 2016 to the latest YOLO26 (2025), highlighting
design philosophies, structural shifts, and algorithmic refinements across 14 major itera-
tions. Section 4 focuses on the key innovations underpinning YOLO’s success—backbone
transitions, neck-and-head optimizations, activation and loss-function evolution, and re-
cent trends such as decoupled heads and attention-based modules. Section 5 steps back
from the chronological and thematic accounts to distill the evolutionary design principles
of the lineage, analyzing why each generation evolved, how recurring design strategies
resolved successive bottlenecks, what characterizes each generation’s design DNA, where
redesign effort concentrated across architectural components, and why those components
became the persistent targets of innovation. Section 6 expands the discussion to application
domains, detailing how YOLO frameworks have been customized across diverse sectors,
including autonomous driving, agriculture, manufacturing, healthcare, and XR/AR envi-
ronments. Section 7 presents a comprehensive quantitative and qualitative comparison
that synthesizes benchmark data from multiple studies and implementations. Section 8
analyzes open challenges and outlines future research directions, connecting YOLO’s tra-
jectory to emerging paradigms in AI vision. Finally, Section 9 concludes the review by
summarizing key findings, theoretical implications, and practical recommendations for
real-time object detection.

1.6. The YOLO Evolution at a Glance: A Reader’s Roadmap

Before the detailed analysis begins, this subsection condenses the fourteen-generation
trajectory into a four-era roadmap that maps each era to its defining breakthroughs and
target deployment scenarios so that readers can locate any generation—and the sections
analyzing it—at a glance. The eras correspond to the paradigm phases described in
Section 3.

Foundation era (2016–2018; YOLOv1–v3 [8,19,20]). Defining breakthroughs: detection
reformulated as single-pass regression, anchor priors, and three-scale FPN fusion. Target
scenario: establishing that real-time detection is viable on commodity GPUs. Characteristic
limitation: coarse grid partitioning and anchor priors constrained small-object recall and
required dataset-specific anchor tuning. Analyzed in Sections 3.1 and 3.2.

Optimization and productization era (2020–2023; YOLOv4–v8 and major deriva-
tives [21–27]). Defining breakthroughs: CSP modularity, training-time bag-of-freebies,
structural reparameterization, anchor-free decoupled heads, and multi-task support. Target
scenario: industrial production pipelines spanning cloud to embedded devices. Charac-
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teristic limitation: NMS post-processing and growing backbone complexity introduced
latency variability and export friction. Analyzed in Sections 3.1, 3.3 and 3.9.

Attention and refinement era (2024–early 2025; YOLOv9–v12 [28–31]). Defining break-
throughs: programmable gradient information, NMS-free decoding, and hybrid CNN-
attention backbones. Target scenario: low-latency end-to-end deployment combined with
improved contextual modeling for dense scenes. Characteristic limitation: attention mod-
ules raised memory-bandwidth pressure, and NMS-free decoding traded a small accuracy
margin for end-to-end simplicity. Analyzed in Sections 3.4 and 3.5.

Bifurcation era (mid–late 2025; YOLOv13 and YOLO26 [15,16]). Defining break-
throughs: hypergraph-based high-order correlation modeling on the accuracy branch and
DFL/NMS elimination with training-time innovation on the deployment branch. Target
scenarios: occlusion-heavy, accuracy-critical perception versus CPU-class and mobile de-
ployment. Characteristic limitation: both branches rest primarily on their source reports,
and independent uniform-protocol evaluations are only beginning to emerge (Section 7.10).
Analyzed in Sections 3.6 and 3.7, with design principles distilled in Section 5, domain fit in
Section 6, and benchmarks in Section 7.

Readers seeking model-selection guidance may proceed directly to the evidence-
bounded suitability summary in Section 6.7, the source-reported operating-point com-
parisons in Section 7.2, and the constraint-indexed deployment playbook in Section 9.3.
Readers interested in why the lineage evolved as it did may turn to the design-principle
synthesis in Section 5.

2. Overview of Object Detection and Methodological Framework
Object detection represents one of the fundamental problems in computer vision,

aiming to localize and classify objects within digital images and video streams [1]. Since its
early emergence in the 2000s, object detection has evolved from region-based feature engi-
neering toward deep-learning-driven end-to-end detection frameworks capable of real-time
inference. Understanding the broader landscape of object-detection algorithms provides
important context for analyzing the evolution of the YOLO family, since YOLO itself was
conceived as a reaction to the computational bottlenecks and architectural complexity of
earlier two-stage detectors.

2.1. Two-Stage vs. One-Stage Detection Paradigms

Modern deep learning-based detectors are commonly categorized into two principal
architectural paradigms—two-stage and one-stage approaches—reflecting distinct trade-
offs between accuracy, latency, and engineering complexity [1,4–8]. Two-stage detectors,
exemplified by the R-CNN family, follow a sequential processing pipeline consisting of
(i) region proposal generation and (ii) classification plus bounding-box refinement. The
original R-CNN introduced the use of convolutional features to classify region proposals
generated by selective search [4]. Fast R-CNN improved efficiency by sharing convolutional
features across proposals through region-of-interest (ROI) pooling [5], while Faster R-
CNN integrated a Region Proposal Network (RPN) to generate proposals directly from
feature maps, eliminating external proposal mechanisms [6]. These models achieved strong
performance and became the dominant paradigm in early object-detection benchmarks,
but their multi-stage inference introduced latency that limited real-time deployment in
edge or embedded environments.

In contrast, one-stage detectors perform localization and classification within a single
forward pass, eliminating the intermediate region-proposal stage. The Single Shot Multi-
Box Detector (SSD) was among the first to achieve near real-time speed while retaining
reasonable accuracy by using multi-scale feature maps to detect objects of various sizes [7].
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YOLOv1 further streamlined this concept by reformulating detection as a pure regression
task, predicting both objectness and bounding boxes from the entire image at once [8].
Subsequent one-stage models have refined this concept through improved feature fusion
and optimization, steadily closing the accuracy gap with two-stage detectors.

2.2. Comparison of Major Algorithms: R-CNN, SSD, RetinaNet, and EfficientDet

The evolution of object-detection frameworks between 2014 and 2020 reflects a persis-
tent trade-off among accuracy, efficiency, and architectural complexity. The R-CNN lineage
provided high precision but suffered from computational redundancy, as each region pro-
posal required separate feature extraction. SSD simplified this process but remained limited
in its ability to detect small objects reliably due to its limited receptive field and coarse
feature resolution. To address the imbalance between foreground and background samples
that plagued one-stage models, RetinaNet [32] introduced the Focal Loss, which down-
weights easy negatives to focus training on hard, informative examples—substantially
improving single-stage accuracy.

Building upon this lineage, EfficientDet [33] introduced a scalable and hardware-
aware design using compound coefficient scaling to balance depth, width, and resolution,
alongside a BiFPN (Bidirectional Feature Pyramid Network) that enhances feature reuse
across levels. EfficientDet demonstrated that carefully balanced architectural scaling could
achieve strong performance while maintaining computational efficiency, demonstrating
that network optimization and architectural efficiency could rival complex multi-stage
designs. However, despite these advancements, most of these frameworks remained
constrained by a compromise between speed and accuracy, especially for real-time ap-
plications such as autonomous driving, UAV surveillance, or robotics. Beyond these
mainstream families, alternative anchor-free keypoint-based approaches—CornerNet’s
paired-corner detection [34], CenterNet’s direct center-point prediction [35], and keypoint-
triplet detection [36]—reframe detection as keypoint estimation, directly predicting object
corners or centers together with their sizes, a paradigm that later influenced the anchor-free
designs of YOLOv8 and YOLOv10.

2.3. Technical Distinctiveness of YOLO

Against this historical backdrop, the YOLO family emerged as a highly influential
framework in object detection. Unlike region-based pipelines, YOLO treated detection as a
unified regression problem, simultaneously predicting bounding boxes and class probabili-
ties from full-image features in a single network pass. This design philosophy substantially
reduced inference latency while maintaining competitive detection performance, effectively
enabling real-time object detection on commodity GPUs.

Beyond its single-shot formulation, YOLO’s distinctiveness can be attributed to three
key technical characteristics.

First, it employs a global receptive field: instead of processing local candidate regions,
the entire image contributes to feature representation, leading to context-aware predictions
and fewer background errors.

Second, YOLO introduced a grid-based prediction mechanism, dividing the image
into S × S cells that each predict B bounding boxes with associated class probabilities—an
approach that remains foundational in subsequent versions.

Third, its emphasis on lightweight optimization and modular design (e.g., Darknet,
CSPDarknet, GELAN backbones) has allowed continuous scalability from high-end servers
to resource-limited embedded devices.

As the algorithm evolved, YOLO integrated the strengths of prior detectors while
innovating at multiple levels—anchor-box prediction (YOLOv2), multi-scale feature aggre-

https://doi.org/10.3390/app162010386

https://doi.org/10.3390/app162010386


Appl. Sci. 2026, 16, 10386 8 of 78

gation (YOLOv3), CSP and PANet fusion (YOLOv4/v5), decoupled heads and RepVGG
blocks (YOLOv6/v7), transformer-based attention and programmable gradient optimiza-
tion (YOLOv9–v12) [28,29], hypergraph-enhanced correlation modeling (YOLOv13) [15],
and most recently, end-to-end NMS-free inference optimized for edge deployment
(YOLO26) [16]. This consistent trajectory toward faster, more accurate, and more adaptable
models underpins YOLO’s central position in modern computer vision research. Mod-
ern YOLO variants commonly initialize their backbones with ImageNet-pretrained [37]
weights, leveraging the 1.28 million annotated images across 1000 categories as a founda-
tion for transfer learning before fine-tuning on detection-specific datasets such as PASCAL
VOC [38] and MS COCO [39].

2.4. Methodological Framework of the Review

Building upon the preceding discussion of object-detection paradigms, this section
outlines the methodological framework adopted in the present review to systematically
analyze YOLO’s progression. The framework is intended to ensure that the compara-
tive and historical analyses presented in later sections are supported by transparent and
reproducible procedures.

2.4.1. Review Methodology and Scope

Informed by established review-reporting principles [40], this study is presented as
a structured narrative review of the YOLO literature rather than as a formal systematic
review or meta-analysis. The core literature search covered major YOLO releases and
related derivatives published or publicly released between 2016 and September 2025.
Targeted update searches were completed in August 2026 to incorporate the formal YOLO26
technical report [16], independent domain-specific evaluations of recent releases [41,42],
secondary analysis [43], and broader multi-version benchmarking [44]. Relevant sources
were identified through IEEE Xplore, ACM Digital Library, ScienceDirect, MDPI, arXiv,
Google Scholar citation tracking, and official project repositories when implementation-
specific information was not available in a paper. Because the evidence base includes
papers, technical reports, official documentation, and repositories, all quantitative claims
were retained with their original source and protocol rather than treated as results of a new
standardized benchmark.

The primary methodological objective is to develop a longitudinal synthesis that
not only records architectural progression but also correlates these design choices with
quantitative improvements in detection accuracy, model size, and inference speed. Unlike
previous YOLO surveys (e.g., [9,10,17]), which typically end with YOLOv8 or YOLO11,
this work integrates the most recent versions (YOLOv9 through YOLO26) [15,16,28–30]
and situates them within the broader paradigm of one-stage detection.

2.4.2. Selection Criteria for Included YOLO Studies

Studies were included for detailed analysis according to predefined inclusion crite-
ria: each study had to (i) explicitly examine a YOLO version or recognized derivative,
(ii) present empirical or architectural analysis, and (iii) report benchmark results or compar-
ative performance on public datasets. Studies that mentioned YOLO only superficially or
duplicated a retained preprint or journal version were excluded. Studies relying exclusively
on inaccessible proprietary data were excluded from the quantitative synthesis when they
provided neither reproducible methodology nor traceable benchmark definitions; however,
clearly documented application studies were retained for qualitative discussion where ap-
propriate. Each retained document was analyzed in full text and annotated with metadata,
including YOLO version, architecture type, dataset, and evaluation metrics (mAP, FPS,
FLOPs, parameter count). Each retained source was additionally assigned to one of four
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evidence tiers—(i) official release papers and primary technical reports, (ii) independent
peer-reviewed comparative studies, (iii) independent preprints, and (iv) application-specific
studies—and quantitative statements in this review are attributed to their tier rather than
synthesized across tiers with equal confidence. In particular, values available only at tier
(i) for the 2025 releases are presented as source-reported claims pending independent
replication. This selection strategy was intended to improve the consistency and reliability
of the evidence base for subsequent comparative analysis.

For recent releases, the evidence was classified into three levels. Level 1 comprised pri-
mary release papers, official technical reports, and official documentation used to describe
architecture and source-reported benchmarks [15,16]. Level 2 comprised independent
studies that directly evaluated the relevant models under a stated protocol [41,42]. Level
3 comprised secondary reviews, perspectives, and deployment-oriented commentaries
used only for contextual interpretation [43,45,46]. The broader multi-version benchmark
in [44] covers earlier versions and is used as contextual evidence about non-monotonic
cross-version performance; it is not treated as a direct reproduction of YOLOv13 or YOLO26.
When Level 2 evidence was unavailable, the manuscript explicitly labels the corresponding
result as source-reported and applies a maturity caveat.

2.4.3. Categorization of Models

To facilitate consistent comparison, YOLO-related models were organized into three
analytical tiers: baseline, enhanced, and application-specific architectures. Baseline models
represent official releases defining each generation’s canonical structure, from YOLOv1 [8]
to YOLO26 [16], spanning fourteen major iterations introduced between 2016 and 2025,
with formal technical coverage extended through the 2026 YOLO26 report [16]. Enhanced
models include derivatives such as YOLOX, YOLOR, and YOLO-NAS, which modify base-
line structures to optimize accuracy, speed, or generalization. Application-specific variants
comprise domain-tailored implementations like YOLO-Agri, YOLO-Med, or lightweight
mobile versions (e.g., YOLOv5n, YOLOv8n) designed for embedded deployment. This
hierarchical categorization provides conceptual clarity and facilitates structured compari-
son across model families and mirrors the natural diversification of YOLO research across
theoretical and applied fronts.

2.4.4. Taxonomy of Analysis: Structural, Algorithmic, and Domain-Level Dimensions

Finally, this review adopts a three-axis taxonomy to analyze the evolution of the
YOLO lineage. The structural axis captures network-level innovations—backbone changes
(Darknet → CSPDarknet → GELAN → R-ELAN with hypergraph computation [15]),
neck structures (FPN, PANet, E-ELAN, FullPAD [15]), and detection heads (anchor-based
→ anchor-free → decoupled → end-to-end NMS-free [16,30]). The algorithmic axis ex-
amines training methodologies, loss-function refinements (from MSE to CIoU and PGI),
activation and normalization techniques, and optimization heuristics (CutMix, Mosaic,
self-distillation). The domain-level axis focuses on YOLO’s adaptability across application
sectors, analyzing how domain-specific constraints (e.g., latency in robotics, accuracy in
medical imaging, scalability in agriculture) shape the modification of core architectures.

Collectively, these dimensions provide a unified analytical framework linking ar-
chitectural development, algorithmic refinement, and application-specific deployment
for the remainder of this paper, linking YOLO’s architectural innovations to measurable
performance outcomes and domain-specific relevance.
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3. Architectural Evolution of YOLO (YOLOv1 to YOLO26)
The YOLO family’s evolution reflects a continuous interplay between structural in-

novation and practical constraints of real-time inference. In this section, we trace that
trajectory version by version—highlighting the core architectural decisions, performance
gains, and trade-offs—culminating in the newest YOLO26. Where possible, we align with
the classifications established in Section 2 (baseline vs. enhanced vs. domain-specific)
and the structural/algorithmic taxonomy. Figure 1 shows the release years and major
architectural transitions, and Table 1 summarizes key architectural attributes across ver-
sions: backbone type, neck module, head scheme (anchor-based, anchor-free, decoupled, or
end-to-end), attention or gradient modules, and representative performance metrics (mAP,
FPS, latency).

Figure 1. Evolution of the YOLO family from 2016 to 2026, organized into four broad design phases:
foundation, optimization, attention and architectural refinement, and specialization for accuracy or
deployment. Selected milestones highlight changes in feature extraction, multiscale fusion, prediction
heads, and training strategies. The timeline extends through the formal YOLO26 technical report [16].
Individual accuracy values retain their original benchmark definitions and should not be interpreted
as a common evaluation across generations.

3.1. YOLOv3 to YOLOv5: Multi-Scale Fusion and Feature Aggregation

YOLOv3 extended previous designs through the adoption of a deeper backbone
architecture, Darknet-53, and employing multi-scale detection [20]. A key innovation
was the introduction of three prediction scales corresponding to different feature-map
resolutions, improving small-object detection. The architecture fused features from deeper
and intermediate layers, enabling better contextual cues for bounding box regression. The
loss functions and logistic classifiers were refined, but the overall prediction formulation
continued to combine bounding-box regression with objectness prediction.
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Table 1. Key Architectural Attributes and Innovations of YOLO Versions (v1 to YOLO26).

Version Backbone/
Core Architecture

Neck/
Feature Fusion

Detection
Head Type

Major Innovations/
New Modules

Key Strengths/
Technical

Characteristics

YOLOv1
(2016) [8]

24 Conv + 2 FC
(Darknet) Single-Scale Grid-based

No anchors

End-to-end unified
regression of class +
bounding box

Extremely fast
single-shot detection,
limited recall for
small/overlapping
objects

YOLOv2
(YOLO9000)
(2017) [19]

Darknet-19
(19 conv + 5 pool)

Passthrough layer
for fine-grained
features

Anchor-based
Multi-scale

Batch normalization;
Dimension clusters
(k-means anchors);
Multi-scale training;
High-resolution
classifier

Improved recall
through anchor boxes;
Better small object
detection; Can detect
9000+ object classes
(WordTree hierarchy)

YOLOv3
(2018) [20]

Darknet-53
(53 conv layers
with residual
connections)

Feature Pyramid
Network (FPN)
Multi-scale fusion

Anchor-based
3-scale detection

Multi-scale
predictions (3 scales);
Logistic regression for
objectness;
Independent logistic
classifiers

Strong performance
on small objects;
Residual connections
improve gradient
flow; 3× detection
scales (13 × 13,
26 × 26, 52 × 52)

YOLOv4
(2020) [21]

CSPDarknet53
(Cross-Stage
Partial
connections)

SPP (Spatial
Pyramid Pooling)
+ PANet (Path
Aggregation
Network)

Anchor-based
Coupled head

Mosaic data
augmentation;
Self-Adversarial
Training (SAT); Mish
activation; DropBlock;
CIoU loss

Optimal balance
between speed and
accuracy;
Bag-of-freebies and
bag-of-specials
training strategies;
43.5% mAP on COCO
(65 FPS on V100)

YOLOv5
(2020–2022) [27]

CSPDarknet +
Focus layer

PANet with CSP
blocks

Anchor-based
Coupled head

Auto-anchor
calculation;
Compound scaling
(n/s/m/l/x variants);
PyTorch native;
Auto-augmentation;
EMA model
averaging

Industry-grade
implementation; Easy
deployment (ONNX,
TensorRT, CoreML);
Highly modular and
customizable;
Superior
documentation and
community support

YOLOv6
(2022) [25]

EfficientRep
(Reparameterized
backbone)

Rep-PAN
(Reparameterized
PANet)

Anchor-free
Decoupled head

Self-distillation; Task
Alignment Learning
(TAL);
Reparameterization
for training-inference
decoupling

Optimized for
industrial
deployment;
Hardware-friendly
operators; 52.5%
mAP @ 121 FPS (T4,
batch 32, for v6-L)

YOLOv7
(2023) [26]

E-ELAN
(Extended Efficient
Layer Aggregation
Network)

E-ELAN based
neck with
concatenation-
based feature
fusion

Anchor-based
coupled
prediction head

Trainable
bag-of-freebies;
Coarse-to-fine lead
head; RepConv
reparameterization;
Compound model
scaling

YOLOv7-E6E reports
56.8 AP on COCO
val2017 with
1280-pixel input and
36 FPS on V100 at
batch size 1 [26].
E-ELAN and
trainable
bag-of-freebies
support feature
aggregation and
training efficiency

https://doi.org/10.3390/app162010386

https://doi.org/10.3390/app162010386


Appl. Sci. 2026, 16, 10386 12 of 78

Table 1. Cont.

Version Backbone/
Core Architecture

Neck/
Feature Fusion

Detection
Head Type

Major Innovations/
New Modules

Key Strengths/
Technical

Characteristics

YOLOv8
(2023–2024) [22]

CSPDarknet with
C2f modules
(faster CSP
bottleneck)

PAN-FPN with
C2f blocks

Anchor-free
Decoupled head

Anchor-free
prediction;
Task-aligned
one-to-many
assignment;
Distribution Focal
Loss (DFL);
Multi-task support
(detect/segment/
classify/pose)

Simplified
architecture;
Improved small
object detection;
53.9% mAP @ 280 FPS
(A100 for v8x);
Unified framework
for multiple vision
tasks

YOLOv9
(2024) [29]

GELAN
(Generalized
Efficient Layer
Aggregation
Network)

GELAN-based
multi-path
aggregation

Anchor-free
Decoupled head

Programmable
Gradient Information
(PGI); Reversible
architecture for
information retention;
Auxiliary supervision
branches

Addresses
information
bottleneck problem;
53.0% mAP @ 38 FPS
(V100 for v9-C);
Superior gradient
flow management;
Improved training
stability for deep
networks

YOLOv10
(2024) [30]

Spatial–channel
decoupled
downsampling;
CIB and
rank-guided block
allocation

PAN/FPN-style
fusion with
efficiency-
oriented blocks

NMS-free dual
head with
consistent
one-to-many and
one-to-one
assignments

Lightweight
classification head;
large-kernel
depthwise
convolution; partial
self-attention;
NMS-free inference

The primary report
gives 38.5 AP at
1.84 ms for
YOLOv10-N and
54.4 AP at 10.70 ms
for YOLOv10-X on
NVIDIA T4 TensorRT
FP16. No controlled
quantization result or
frame-time
determinism metric is
reported [30]

YOLO11
(2024) [31]

Ultralytics
convolutional
backbone with
C3k2 blocks,
ending in SPPF
and C2PSA

PAN/FPN-style
multi-scale fusion
with C3k2 blocks

Anchor-free
decoupled head

C3k2; SPPF; C2PSA
with
Position-Sensitive
Attention blocks;
multi-task support

YOLO11 is
documented
primarily through the
official software
documentation rather
than a formal
research paper.
Detailed causal
performance or
memory-reduction
claims are therefore
not made [31]

YOLOv12
(2025) [28]

Attention-centric
hierarchy with
R-ELAN and Area
Attention

R-ELAN-based
multi-scale
feature
aggregation

Anchor-free
decoupled head

Area Attention using
l equal vertical or
horizontal regions
(default l = 4);
residual scaling;
FlashAttention; no
positional encoding

YOLOv12-N reports
40.6 AP at 1.64 ms on
NVIDIA T4 under the
primary study
protocol. Area
Attention reduces
regional attention cost
but remains quadratic
in the number of
spatial tokens [28]
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Table 1. Cont.

Version Backbone/
Core Architecture

Neck/
Feature Fusion

Detection
Head Type

Major Innovations/
New Modules

Key Strengths/
Technical

Characteristics

YOLOv13
(2025) [15]

DS-Conv backbone
with HyperACE
blocks
(Hypergraph-
based Adaptive
Correlation
Enhancement)

FullPAD
paradigm
distributing
hypergraph-
enhanced features
through three
pipeline tunnels
(backbone-to-
neck, intra-neck,
neck-to-head)

Anchor-free
Decoupled head

HyperACE (learnable
hyperedge
construction with
linear-complexity
message passing
O(N·M)); FullPAD
(Full-Pipeline
Aggregation-and-
Distribution);
Depthwise-separable
(DS) blocks for
parameter reduction;
Global high-order
correlation modeling
beyond pairwise
attention

First YOLO release to
integrate hypergraph
computation for
multi-to-multi
relationship
modeling;
YOLOv13-N reports
41.6 AP at 1.97 ms on
T4 TensorRT FP16,
with 2.5 M
parameters and
6.4 GFLOPs;
YOLOv13-X reports
54.8 AP. In the
YOLOv13-S source
ablation, the complete
HyperACE–FullPAD
configuration reaches
48.0 AP, compared
with 47.1 AP when
hypergraph-
enhanced distribution
is disabled and
47.6–47.8 AP when
only one FullPAD
pathway is
retained [15]

YOLO26
(2025) [16]

Streamlined
CSPDarknet-
derived backbone
with DFL removal

PAN-FPN with
simplified feature
aggregation

End-to-end
NMS-free
Decoupled head
with TAL-based
one-to-one
assignment

DFL (Distribution
Focal Loss) removal
in favor of direct L1
regression; NMS-free
inference via
dual-head training
(one-to-many
auxiliary + one-to-one
primary); Progressive
Loss Balancing
(ProgLoss);
Small-Target-Aware
Label Assignment
(STAL); MuSGD
optimizer
(SGD-Muon hybrid)

Deployment-oriented
design: across
N/S/M/L/X scales
the primary report
gives 40.9–57.5 AP at
1.7–11.8 ms (T4
TensorRT), with up to
43% faster CPU
ONNX inference for
the nano scale; the
one-to-one path trails
the one-to-many path
by 0.6–0.8 AP; STAL
improves APS from
29.0 to 29.6 and
MuSGD reaches
47.4 AP in 500 epochs
versus 47.0 in 600
with SGD; multi-task
support (detec-
tion/segmentation/
pose/OBB/
classification) with
multi-backend export
paths documented;
controlled INT8
accuracy results are
not reported in the
primary paper
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3.2. YOLOv1 and YOLOv2: Foundational Design and Early Optimizations

Introduced by Redmon et al. [8], YOLOv1 represented a significant conceptual shift
in object detection by reformulating the task as a unified regression problem. It divides
the input image into an S × S grid, with each grid cell predicting bounding boxes and
class probabilities in a single pass. Architecturally, the model consisted of 24 convolutional
layers followed by two fully connected layers. Although this architecture enabled real-time
inference, it exhibited notable limitations in localization accuracy, object recall—particularly
for small objects—and the detection of overlapping instances. The architecture also lacked
multi-scale feature fusion, which constrained its ability to generalize across object sizes.

The YOLOv1 architecture comprises 24 convolutional layers followed by two fully
connected layers that regress to a 7 × 7 × 30 output tensor encoding bounding boxes
and class probabilities for each grid cell (Figure 2) [8]. This unified regression framework
eliminated the region-proposal stage of contemporary two-stage detectors, achieving 45 FPS
on a Titan X GPU—a 155× speedup over R-CNN—while attaining 63.4% mAP@0.5 on
PASCAL VOC 2007 [8]. However, the coarse 7 × 7 grid and fixed two-box-per-cell constraint
limited small-object localization, motivating the refinements introduced in YOLOv2.

Figure 2. YOLOv1 Architecture: Unified single-shot detection pipeline comprising 24 convolutional
layers (alternating 1 × 1 reduction and 3 × 3 extraction inspired by Network-in-Network) followed
by two fully connected layers regressing to a 7 × 7 × 30 output tensor encoding bounding boxes and
class probabilities. Adapted from Redmon et al. [8].

YOLOv2 (also known as YOLO9000) addressed many of these shortcomings by in-
troducing anchor boxes, multi-scale training, and a new backbone network, Darknet-19,
consisting of 19 convolutional layers plus 5 pooling layers [19]. YOLOv2 also used batch
normalization, higher-resolution input, and dimension clustering to set anchor aspect
ratios. These enhancements improved detection recall and localization precision. However,
YOLOv2 still lacked deep feature aggregation and struggled with very small objects.

Architecturally, YOLOv2 integrates the Darknet-19 backbone with universally applied
batch normalization [47], a passthrough layer for fine-grained feature preservation, and
anchor-based prediction with k-means-derived priors (Figure 3) [19]. Multi-scale training
across resolutions {3202, . . ., 6082} further enhances robustness to object-size variation.
These refinements elevate mAP@0.5 from 63.4% (YOLOv1) to 76.8% on PASCAL VOC
2007 while maintaining 40–90 FPS, establishing YOLOv2 as the first YOLO variant to
achieve competitive accuracy with contemporary two-stage detectors (Faster R-CNN:
73.2% mAP [6]) without sacrificing speed [19]. Detailed mechanisms—including k-means
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clustering for anchor dimensions, passthrough spatial reorganization, and the 13 × 13 ×
125 output formulation—are described in [19].

Figure 3. YOLOv2 Architecture: Darknet-19 backbone (19 convolutional layers and 5 max-pooling
layers with universal batch normalization [47]) coupled with anchor-based detection head and
passthrough layer for multi-scale feature fusion. Adapted from Redmon and Farhadi [19].

YOLOv3′s three-scale detection architecture integrates the Darknet-53 backbone with
residual connections [48] and an FPN-inspired multi-scale prediction head (Figure 4) [49].
Three detection heads operate at 13 × 13, 26 × 26, and 52 × 52 resolutions, each employing
three anchor boxes derived from k-means clustering, with a transition from softmax to
logistic regression enabling multi-label classification [20]. In the 608 × 608 evaluation
reported in [20], YOLOv3 achieves 33.0 AP, 57.9 AP50, and 18.3 APS on COCO; the same
comparison lists 5.0 APS for YOLOv2. Detailed receptive-field analysis and the per-scale
anchor assignment strategy are described in [20,49].

YOLOv4 [21] introduced CSPDarknet53 together with SPP (Spatial Pyramid Pooling)
and PANet-based feature aggregation, significantly expanding the framework’s representa-
tional capacity, combining channel-splitting and partial residual pathways (CSP) to reduce
computation while preserving performance. YOLOv4 also embraced training optimizations
like mosaic augmentation, Self-Adversarial Training (SAT), and DropBlock.

Three synergistic components define the YOLOv4 architecture (Figure 5): the CSP-
Darknet53 backbone with Cross-Stage Partial connections for reduced computational redun-
dancy [50], an SPP [51] + PANet [52] neck for multi-scale feature fusion, and a three-scale
anchor-based detection head [21]. Training-time innovations include Mosaic augmentation,
Self-Adversarial Training, Mish activation [53], and Complete-IoU loss [54]. YOLOv4
combines architectural and training modifications intended to improve the accuracy–speed
trade-off [21]. Comparisons with EfficientDet, a one-stage detector, should preserve the
evaluation conditions reported by each source [33]. Detailed CSP channel-splitting me-
chanics, SPP kernel configurations, and the bag-of-freebies/bag-of-specials taxonomy are
presented in [21,50].

Although initially released outside the traditional peer-review process, YOLOv5
became one of the most widely adopted YOLO implementations through its robust open-
source ecosystem and production-oriented tooling [2,9,22]. It introduced more flexible
model scaling (nano, small, medium, large, and extra-large variants), improved deployment
support (PyTorch, ONNX), and lighter structures for edge compatibility. Its neck and head
modules were borrowed from YOLOv4 (PANet, CSP) but simplified.
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Figure 4. YOLOv3 Architecture: Multi-scale detection via FPN-inspired feature pyramid [49] with
three detection heads at 13 × 13, 26 × 26, and 52 × 52 resolutions, employing Darknet-53 backbone
with residual connections [48] for enhanced gradient propagation. Adapted from Redmon and
Farhadi [20].

The YOLOv5 architecture is characterized by production-oriented refinements rather
than architectural novelty (Figure 6) [27]. Key features include the Focus layer for efficient
space-to-depth transformation, CSP-enhanced backbone and PANet neck, an anchor-based
three-scale head with auto-anchor calculation, and compound scaling generating five
variants {n, s, m, l, x} for deployment flexibility. The PyTorch-native implementation
supports multi-format export (ONNX, TensorRT, CoreML, TFLite), enabling broad edge-
to-cloud deployment. YOLOv5x achieves 50.7% mAP@[0.5:0.95] on COCO with sub-13
ms latency on a V100 GPU (batch 1), surpassing YOLOv4′s 43.5% while maintaining
comparable throughput [22,27].

Collectively, these releases established the foundation for modern YOLO architectures,
combining deeper feature representations, multi-scale detection, and increasingly sophisti-
cated training strategies to narrow the accuracy gap with heavier detectors while preserving
real-time throughput. Beyond conventional benchmarks, YOLOv2′s anchor-based design
proved adaptable to specialized domains—for example, combined with Kalman filtering
for accurate zebrafish tracking in biological research [55]—foreshadowing the domain
diversification examined in Section 6.

3.3. YOLOv6, YOLOv7, YOLOv8: Efficiency, Decoupling, and Modular Design

Beginning with YOLOv6 and continuing through YOLOv7, architectural develop-
ment increasingly emphasized deployment efficiency and task-specific head decoupling.
YOLOv6 introduced several architectural refinements specifically aimed at industrial de-
ployment environments, focusing on streamlined operations for embedded inference [25].
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Figure 5. YOLOv4 Architecture: Three-stage design integrating CSPDarknet53 backbone [50] with
Cross-Stage Partial connections, an SPP [51] and PANet [52] neck for multi-scale feature fusion,
and a three-scale detection head augmented by comprehensive training optimizations (Mosaic
augmentation, Mish activation [53], Complete-IoU loss [54]). Adapted from Bochkovskiy et al. [21].

YOLOv6 is optimized for industrial deployment through three key innovations
(Figure 7): the EfficientRep backbone with RepVGG-style reparameterization [56] (a multi-
branch training topology fused into a single-branch structure for inference), the Rep-PAN
reparameterized neck, and a decoupled head separating classification and localization
branches [25]. Task Alignment Learning (TAL) introduces dynamic label assignment jointly
optimizing classification score and IoU prediction, while self-distillation provides richer su-
pervisory signals than hard labels alone [25]. Hardware-friendly operator selection ensures
predictable latency across diverse backends. YOLOv6-N achieves 35.9% mAP@[0.5:0.95] at
1.2 ms latency (NVIDIA T4, TensorRT, 802 FPS at batch 1), and YOLOv6-L attains 52.5%
mAP@[0.5:0.95] at 121 FPS (batch 32) [25]. Detailed RepBlock fusion mathematics, TAL
alignment metrics, and self-distillation training schedules are presented in [25,56].
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Figure 6. YOLOv5 Architecture: Production-grade modular design featuring the Focus layer for
efficient space-to-depth transformation, CSP-enhanced backbone, PANet neck, and anchor-based
three-scale head with auto-anchor calculation. Compound scaling generates five variants (n/s/m/l/x)
supporting multi-format export (ONNX, TensorRT, CoreML, TFLite) for edge-to-cloud deployment
flexibility. Adapted from Jocher et al. [27].

YOLOv7 introduced E-ELAN (Extended Efficient Layer Aggregation Network) to
enhance feature diversity without increasing overhead [26], along with “trainable bag-of-
freebies” strategies that improve performance without increasing inference cost [26].

The YOLOv7 architecture centers on the Extended Efficient Layer Aggregation Net-
work (E-ELAN) backbone, which employs expand-shuffle-merge operations to achieve
diverse gradient paths without the parameter growth of densely connected topologies
(Figure 8) [26]. The neck retains a PANet structure with E-ELAN blocks, while the head in-
corporates RepConv reparameterization [56]. Trainable bag-of-freebies—including coarse-
to-fine lead head supervision, implicit knowledge learning, and EMA normalization—
improve training without inference cost. Compound scaling generates six variants
(YOLOv7 through YOLOv7-E6E) using the source paper’s compound scaling strategy.
YOLOv7 achieves 51.4 AP on COCO test-dev at 161 FPS on a V100 under the paper’s
batch-1 protocol, and YOLOv7-E6E reaches 56.8% mAP@[0.5:0.95], under its separately
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reported high-resolution protocol [26]. Detailed E-ELAN gradient flow analysis, compound
scaling coefficients, and the complete bag-of-freebies enumeration are presented in [26].

Figure 7. YOLOv6 Architecture: Industrial-deployment optimization featuring the EfficientRep
backbone with RepVGG-style reparameterization [56] (a multi-branch training topology fused into
a single-branch structure for inference), Rep-PAN reparameterized neck, decoupled classification-
localization head, and Task Alignment Learning for dynamic label assignment. Adapted from Li
et al. [25].

YOLOv8 further strengthened the framework’s modular design philosophy while
expanding support for multi-task vision applications [22]. It embraced an anchor-free
approach, simplified head structures, and broader task support (detection, segmentation
akin to Mask R-CNN [57], pose). Its design prioritized maintainability, flexibility, and ease
of customization in production pipelines.
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Figure 8. YOLOv7 Architecture: Extended Efficient Layer Aggregation Network (E-ELAN) backbone
employing expand-shuffle-merge operations for diverse gradient paths, PANet neck with E-ELAN
integration, RepConv reparameterization [56] in the detection head, and trainable bag-of-freebies
pushing the accuracy-efficiency Pareto frontier. Adapted from Wang et al. [26].

YOLOv8 represents an important transition from anchor-based to anchor-free detection
with task-agnostic multi-task support (Figure 9) [22]. Key components include the C2f
(faster CSP bottleneck with two convolutions) backbone module replacing YOLOv5′s C3,
a PAN-FPN neck with C2f integration, an anchor-free decoupled head with task-aligned
assignment, and Distribution Focal Loss (DFL) for probabilistic bounding box regression.
Multi-task heads—detection, instance segmentation (YOLOv8-Seg), and pose estimation
(17 COCO keypoints)—branch from the shared backbone-neck. The official YOLOv8
documentation reports 53.9 AP for YOLOv8x on COCO val2017 at 640-pixel input, with an
A100 TensorRT latency of 3.53 ms [22].

These variants represent a transitional phase in which accuracy improvements are
balanced against architectural simplicity and practical deployment requirements.
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Figure 9. YOLOv8 Architecture: Anchor-free paradigm shift featuring the C2f (faster CSP bottleneck
with two convolutions) backbone replacing YOLOv5′s C3, PAN-FPN neck with C2f integration,
anchor-free decoupled head with task-aligned assignment, and Distribution Focal Loss (DFL) for
probabilistic bounding box regression. Task-agnostic backbone-neck supports multi-task outputs
(detection, segmentation [22], pose estimation). Adapted from Jocher et al. [22].

3.4. YOLOv9, YOLOv10, YOLO11: Gradient Routing, End-to-End Detection,
and Partial Attention

A subsequent stage in the evolution of the YOLO family is represented by YOLOv9,
which introduced Programmable Gradient Information (PGI) and GELAN (Generalized
Efficient Layer Aggregation Network) to better manage information flow and feature
aggregation across layers [29]. These modules allowed more expressive gradient routing
over layers, making training deeper models more stable.

YOLOv9 was designed to mitigate the information bottleneck problem commonly
observed in deep neural networks through two principal innovations (Figure 10): Pro-
grammable Gradient Information (PGI) and the Generalized Efficient Layer Aggregation
Network (GELAN) [29]. PGI introduces auxiliary reversible branches that preserve com-
plete input information alongside the main pathway, enabling programmable gradient
routing through learnable scaling parameters. GELAN extends E-ELAN [26] with cross-
stage connections aggregating features across non-adjacent stages, providing multi-scale
gradient flow without DenseNet-style memory overhead. Auxiliary detection heads at
intermediate depths provide additional gradient signals during training and are removed
at inference for zero overhead. YOLOv9-C reports 53.0 AP on COCO val2017 in the cited
study [29]. The reported ablations examine GELAN and PGI under the study’s own train-
ing and evaluation settings. Detailed mathematical formulations of reversible branch
transformations, gradient routing mechanisms, and GELAN cross-stage aggregation are
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presented in [29]. Detailed visualizations of YOLOv9′s gradient flow and ablation in-
terpretability are documented in subsequent analyses [58,59], confirming PGI’s role in
stabilizing deep-network training.

Figure 10. YOLOv9 Architecture: Programmable Gradient Information (PGI) introducing auxiliary
reversible branches for complete input preservation, and the Generalized Efficient Layer Aggregation
Network (GELAN) extending E-ELAN [26] with cross-stage connections across non-adjacent stages,
jointly addressing the information bottleneck problem in deep networks while providing multi-scale
gradient flow. Adapted from Wang et al. [29].

YOLOv10 emphasizes end-to-end efficiency through consistent dual-label assignment
and holistic efficiency–accuracy co-design rather than model-specific quantization methods
(Figure 11) [30]. Its principal innovations include a lightweight classification head, spatial–
channel decoupled downsampling, rank-guided block design, large-kernel depthwise
convolution, partial self-attention, and an NMS-free detection path. During training,
consistent one-to-many and one-to-one assignments provide complementary supervision;
at inference, the one-to-one path produces predictions without NMS.
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Figure 11. Conceptual overview of YOLOv10, organized into backbone, neck, and detection compo-
nents. The module insets introduce spatial–channel decoupled downsampling, partial self-attention,
C2f, compact inverted blocks, and spatial pyramid pooling. For a 640 × 640 input, the labeled
detection scales are 80 × 80, 40 × 40, and 20 × 20, corresponding to strides of 8, 16, and 32. Consistent
dual assignments support training, with the one-to-one branch used for NMS-free inference [30].

The official study reports 38.5 AP for YOLOv10-N at 1.84 ms and 54.4 AP for YOLOv10-
X at 10.70 ms on NVIDIA T4 TensorRT FP16, with YOLOv10-B showing 46% lower latency
and 25% fewer parameters than YOLOv9-C at comparable accuracy [30]. These results
demonstrate low source-reported latency and a simplified end-to-end graph, but the study
does not report frame-to-frame latency variance; accordingly, NMS-free inference should
not be described as deterministic runtime.

YOLO11 maintains the conventional backbone-neck-head architecture while incorpo-
rating additional contextual modeling mechanisms (Figure 12) [31]. C3k2 is a configurable
CSP-style block derived from C2f; depending on its configuration, the repeating unit can
use a bottleneck, a C3k block, or a bottleneck paired with a PSABlock.
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Figure 12. Conceptual overview of YOLO11 feature extraction, feature fusion, and detection, with
insets highlighting selected processing modules. The PSABlock inset illustrates multi-head attention
followed by residual addition, feed-forward processing, and a second residual addition. Features
extracted at different resolutions are combined through top-down and bottom-up fusion to support
object detection across scales. Decoupled prediction separates classification from bounding-box
regression, while the module illustrations accompany the architectural discussion in the main text [31].

C2PSA is positioned after SPPF and divides the projected features into two channel
groups. One group passes through stacked Position-Sensitive Attention (PSABlock) mod-
ules, each composed of multi-head attention and a two-layer feed-forward network with
residual connections, while the other group provides a bypass path. The two groups are
then concatenated and fused. This design adds contextual modeling without replacing
the full convolutional hierarchy. Performance values should remain attached to the exact
model scale and runtime reported in the source-specific comparison of Section 7.2.

Taken together, YOLOv9, YOLOv10, and YOLO11 emphasize gradient-aware learning,
end-to-end optimization, and contextual feature modeling, respectively [29–31].

3.5. YOLOv12: Attention-Centric Real-Time Detection

YOLOv12 may be characterized as an attention-centric real-time detector built
around Area Attention and Residual Efficient Layer Aggregation Networks (R-ELAN)
(Figure 13) [28]. Area Attention divides a feature map into l equal regions along the vertical
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or horizontal axis using a reshape operation; the default setting in the primary report is
l = 4. Attention is computed independently within each region, retaining a larger receptive
field than small local windows while reducing the arithmetic cost of full global attention.
R-ELAN adds block-level residual connections with scaling and redesigns feature aggre-
gation to stabilize optimization in attention-augmented large models. The architecture
also adopts FlashAttention, removes positional encoding, reduces the MLP ratio, and uses
convolution-based operators where appropriate.

 

Figure 13. Conceptual overview of attention-based feature extraction and multiscale prediction in
YOLOv12. The diagram emphasizes Area Attention, feature aggregation, and the organization of
backbone, neck, and detection components. For the illustrated 640 × 640 input, the prediction scales
are 80 × 80, 40 × 40, and 20 × 20. Area Attention models spatial relationships within feature-map
regions, while multiscale fusion combines information across resolutions to support detection of
objects with different sizes [28].
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Under the source protocol, YOLOv12-N achieves 40.6 AP at 1.64 ms on an NVIDIA
T4, corresponding to increases of 2.1 AP points over YOLOv10-N and 1.2 AP points over
YOLO11-N [28]. These are source-reported comparisons under the evaluation configuration
used by the YOLOv12 study.

Furthermore, YOLOv12 retains compatibility with multi-task outputs such as segmen-
tation, classification, keypoint detection, and oriented bounding boxes. A comparative
agricultural application study also showed that YOLOv12n achieved superior precision,
recall, and mAP@0.5 relative to YOLO11 and v10 when trained on LLM-generated synthetic
data for apple detection [60].

Consequently, YOLOv12 represents one of the earliest YOLO variants to incorporate
attention mechanisms as a central architectural component. Its design may indicate a
broader trend toward increasingly attention-oriented real-time detection architectures.

3.6. YOLOv13: Hypergraph-Enhanced Adaptive Visual Perception

In June 2025, YOLOv13 introduced a distinct architectural direction by extending con-
ventional pairwise correlation modeling toward hypergraph-based high-order relationship
learning through hypergraph computation [15]. While prior YOLO architectures captured
local patterns or pairwise pixel dependencies, they lacked the capacity to model global
high-order correlations among multiple spatial locations—a limitation that is particularly
relevant in scenes with densely clustered objects, severe occlusion, and substantial variation
in object scale. To address this limitation, YOLOv13 introduces three principal innovations:
the Hypergraph-based Adaptive Correlation Enhancement (HyperACE) mechanism, the
Full-Pipeline Aggregation-and-Distribution (FullPAD) paradigm, and depthwise-separable
(DS) feature-extraction blocks.

One of the defining characteristics of YOLOv13 is its use of hypergraph-enhanced
correlation modeling (Figure 14) [15]. HyperACE uses learnable hyperedges to model
multi-way relationships across spatial locations and scales, while FullPAD distributes
the resulting correlation-enhanced features through backbone-to-neck, intra-neck, and
neck-to-head pathways. Depthwise-separable blocks replace large-kernel conventional
blocks, reducing YOLOv13-N from 3.1 M to 2.5 M parameters and from 7.9 to 6.4 GFLOPs
while retaining 41.6 AP in the source ablation. On COCO val2017, YOLOv13-N reports
41.6 AP at 1.97 ms on an NVIDIA T4 with TensorRT FP16, an increase of 3.0 AP points over
YOLO11-N and 1.5 AP points over YOLOv12-N under the comparison reported in [15].
For YOLOv13-S, the complete HyperACE–FullPAD configuration reaches 48.0 AP; dis-
abling hypergraph-enhanced distribution yields 47.1 AP, whereas configurations retaining
only one FullPAD pathway achieve 47.6–47.8 AP. It should be noted that these findings
originate from the primary release paper and therefore warrant further independent vali-
dation. An independent uniform-protocol study found that YOLOv13 did not uniformly
outperform earlier versions on downstream tasks [41]; therefore, the maturity caveat in
Section 7.10 applies.

3.7. YOLO26: End-to-End NMS-Free Detection for Edge Deployment

YOLO26 was unveiled at YOLO Vision 2025 in London and was subsequently doc-
umented in the official 2026 technical report by Jocher et al. [16]. This review treats [16]
as the primary source for the architecture and benchmarks, while the analyses by Sapkota
et al. [45], Sapkota and Karkee [46], and Chakrabarty [43] are used as complementary
secondary evidence. Because YOLO26 is recent, independent uniform-protocol evaluations
remain limited, and early domain-specific findings indicate that its advantages do not
transfer uniformly across tasks [42]. YOLO26 places particular emphasis on architectural
simplification and deployment-oriented training optimization. It provides an NMS-free
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inference path, removes Distribution Focal Loss from box regression, and introduces Pro-
gressive Loss, Small-Target-Aware Label Assignment, and the MuSGD optimizer.

Figure 14. YOLOv13 architecture: hypergraph-enhanced adaptive visual perception for modeling
high-order correlations beyond pairwise attention. HyperACE constructs learnable hyperedges that
connect multiple visual elements, and FullPAD distributes the enhanced features through backbone-
to-neck, intra-neck, and neck-to-head pathways. Depthwise-separable blocks reduce YOLOv13-N
from 3.1 M to 2.5 M parameters and from 7.9 to 6.4 GFLOPs while retaining 41.6 AP in the source
ablation. ⊕ denotes element-wise addition, and ⊙ denotes element-wise multiplication. Adapted
from Lei et al. [15].

A central design objective of YOLO26 is the realization of NMS-free detection
(Figure 15). Conventional dense detectors generate overlapping predictions that are filtered
by NMS, adding a data-dependent post-processing stage and an additional IoU threshold.
Instead, YOLO26 employs a dual-branch training strategy that couples a one-to-many auxil-
iary branch with a one-to-one branch based on Task-Aligned Assignment. At inference, the
one-to-one branch can be used without NMS, simplifying the deployed graph. The primary
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report gives 38.9 ms CPU ONNX latency for YOLO26-N at 640 × 640 and reports up to
43% higher CPU throughput than YOLO11-N under its Intel Xeon evaluation protocol [16].
This result is source-specific and does not establish frame-to-frame determinism, safety
certification, or performance on untested edge devices.

Figure 15. Conceptual overview of YOLO26 detection, emphasizing feature extraction, multiscale
fusion, and end-to-end prediction. The three prediction panels highlight classification and direct box
regression within the one-to-one branch, producing class scores and four box coordinates at each
location. Removing Distribution Focal Loss (DFL) simplifies the regression output representation,
while one-to-one prediction supports NMS-free inference. The accompanying module insets illustrate
convolution, feature aggregation, and attention-related processing discussed in the main text [16].

YOLO26 removes Distribution Focal Loss and uses direct box regression with L1
supervision [16]. In the controlled YOLO26-S ablation, removing DFL changes AP from
46.0 to 46.3 at 640-pixel input and from 49.8 to 51.1 at 1280-pixel input. These effects
are specific to the surrounding training configuration and should not be generalized as
universal gains. Progressive Loss gradually shifts supervision emphasis from the one-
to-many branch to the inference-time one-to-one branch. The best schedule changes the
branch weights from (0.8, 0.2) at the start of training to (0.1, 0.9) at the end, increasing
end-to-end AP from 46.4 to 46.7. STAL with sref = 16 increases overall AP from 46.6 to 46.8
and AP_S from 29.0 to 29.6. MuSGD combines Muon-style orthogonalized updates with
SGD for multidimensional parameters and uses SGD for one-dimensional parameters; in
the reported comparison, it reaches 47.4 AP after 500 epochs, compared with 47.0 AP after
600 epochs for SGD. These are source-specific ablation results [16].

Source-reported benchmarks characterize YOLO26′s deployment-oriented design on
COCO val2017. The main COCO results table of the YOLO26 report [16] lists 53.1 AP for
the standard one-to-many head and 52.5 AP for the E2E one-to-one head of YOLO26-M,
alongside a released-model T4 TensorRT10 time of 4.7 ms. Across N/S/M/L/X, standard-
head AP ranges from 40.9 to 57.5, whereas E2E AP ranges from 40.1 to 56.9; reported
T4 times range from 1.7 to 11.8 ms. These two AP columns should not be treated as
interchangeable, and the source does not provide separate speed columns for both heads.
YOLOv12-M reports 52.5 AP and 4.86 ms under the T4 TensorRT FP16 protocol of its own
paper [28]; this is a separate source-specific operating point. YOLO26 supports detection,
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instance segmentation, pose estimation, oriented bounding boxes and classification through
task-specific heads and exposes export paths for multiple deployment backends [16]. The
primary report does not provide a controlled INT8 accuracy study, frame-time variance
measurements, or Jetson/mobile-device benchmarks; such claims therefore require separate
platform-specific evidence.

3.8. Summary and Comparative Trends

Over nearly a decade of architectural development (2016–2025), with the formal
literature base extended through 2026 [16], YOLO’s architectural philosophy has progressed
through distinct paradigm shifts:

- From purely convolutional, grid-based regression (v1, v2)
- toward deeper backbones and multi-scale fusion (v3–v5)
- to efficiency, decoupling, and modular design (v6–v8)
- toward gradient-aware and attention-augmented structures (v9–v11)
- through attention-centric architectures (v12)
- advancing to hypergraph-enhanced high-order correlation modeling (v13)
- and ultimately maturing toward deployment-centric simplification with end-to-end

NMS-free inference (YOLO26)

This trajectory reflects evolving design priorities rather than a strictly monotonic pro-
gression in performance. Early versions emphasized deeper backbones and multi-scale rep-
resentation; middle generations prioritized modularity, reparameterization, and anchor-free
heads; recent releases explored programmable gradients, attention, hypergraph computa-
tion, and end-to-end NMS-free deployment. Source-reported comparisons show continuing
improvements in particular accuracy or latency measures, but the magnitude and ordering
depend on the dataset, training recipe, hardware, runtime, and model scale. Consequently,
detection accuracy and deployment efficiency should be viewed as jointly optimized and
evaluation-dependent objectives rather than universally co-improving properties.

From its inception, the YOLO family has exemplified a consistent trade-off between
structural simplicity and detection precision.

- The early versions (v1–v2) established YOLO’s regression-based paradigm, eliminat-
ing proposal stages and introducing anchors for spatial flexibility.

- The mid-generation models (v3–v5) introduced multi-scale fusion and CSP/PANet
architectures, closing the performance gap with heavier detectors like Faster R-CNN.

- Subsequent releases (v6–v8) emphasized industrial efficiency, modularization, and
anchor-free decoupled heads, bringing YOLO into mobile and embedded domains.

- Across YOLOv9–YOLO11, the principal developments include programmable gra-
dient information, consistent dual assignments for end-to-end detection, and partial
self-attention [29–31].

- With YOLOv12, the architecture was redefined as an attention-centric yet real-
time framework, leveraging Area Attention and R-ELAN to capture global con-
text efficiently.

- Finally, the 2025 releases bifurcated the lineage: YOLOv13 extended correlation mod-
eling to hypergraph-based high-order reasoning, while YOLO26 pivoted toward
deployment-centric simplification with end-to-end, NMS-free inference.

Together, these iterations illustrate a decade-long evolution from manually designed
convolutional stacks to adaptive, modular detectors that integrate attention mecha-
nisms —maintaining YOLO’s identity as the benchmark for real-time, high-efficiency
object detection.
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3.9. Derived and Extended YOLO Models

Starting from the release of YOLOv5, the YOLO ecosystem diversified dramatically. A
growing number of research groups and industrial laboratories began developing deriva-
tive architectures—collectively referred to as extended YOLO models—that built upon the
foundational design principles of YOLO while introducing specialized modules to enhance
performance, scalability, or adaptability to particular environments.

This section reviews the most influential variants, organized by generation, summariz-
ing their architectural contributions, key characteristics, benchmark results, and broader
significance to the evolution of real-time object detection.

A. YOLOv5 Variants
YOLOv5 (Ultralytics, 2020–2022) [27] established the modular foundation for YOLO

derivatives, offering five compound-scaled configurations (n/s/m/l/x) and high-resolution
extensions (P6, P7) up to 1280 × 1280. It standardized PyTorch-based implementation,
AMP training, hyperparameter evolution, and multi-export formats (ONNX, TensorRT,
CoreML). YOLOv5x achieves 50.7% mAP@[0.5:0.95] on COCO with sub-13 ms latency on
a V100 GPU (batch 1), surpassing YOLOv4 [21] (43.5%) at comparable throughput, and
became the de facto platform for subsequent research variants.

B. YOLOX (2021): Anchor-Free Reformulation
YOLOX (Megvii AI Lab) [23] introduced a major community-driven anchor-free refor-

mulation following FCOS-style point regression [61]. Its main innovations include a decou-
pled head separating classification and localization, SimOTA dynamic label assignment,
and strong data augmentation using Mosaic, MixUp [62], and Copy-Paste [63]. YOLOX-L
reports 50.0 AP on COCO at 68 FPS on an NVIDIA V100 under its source protocol [23].
Anchor-free prediction and decoupled classification and localization branches also appear
in later YOLO releases, including YOLOv8 [22]; however, the cited sources do not establish
a direct causal lineage.

C. YOLOR (2021): Unified Representation Learning
YOLOR [64] combines explicit task-specific features with implicit representations

within a shared CSP-based detection framework. This formulation supports several
detection-related subtasks within a shared representation. YOLOR-P6 reports 52.6 AP
on COCO test-dev in the original paper [64]. Comparisons with YOLOv5-P6 remain source-
specific, and the cited sources do not establish that YOLOR directly influenced YOLO11
or YOLO26. Transformer-based variants such as YOLOS [65] reformulate detection as
sequence prediction using transformer blocks built on layer normalization [66], in contrast
to the batch-normalized convolutional stacks of the YOLO lineage, showing that Vision
Transformers can perform object detection without a conventional YOLO-style convolu-
tional detector. Lightweight backbones, including MobileNetV2 [67], MobileNetV3 [68],
ShuffleNetV2 [69], and GhostNet [70], have also been integrated into YOLO-based detectors
for mobile and embedded applications. These systems are discussed as related architectural
directions rather than as direct descendants of YOLOR.

D. PP-YOLO and PP-YOLOE (2020–2022): Industrial-Grade Optimization
The PP-YOLO family emphasizes production-oriented detector development. PP-

YOLOE [24] uses CSPRepResNet-based backbone and neck components, an efficient task-
aligned head, and task-aligned learning. PP-YOLOE-L reports 51.4 AP on COCO test-dev
and 78.1 FPS on a Tesla V100 under the source protocol. These source-reported results are
not a hardware-normalized comparison with other YOLO releases.

E. Scaled-YOLOv4 and YOLOv4-CSP (2021): High-Resolution and Cross-Stage
Extensions

Scaled-YOLOv4 [71] applies compound scaling across depth, width, and input resolu-
tion, following the broader scaling principles introduced by EfficientNet [72] and refined in
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EfficientNetV2 [73]. Its P5, P6, and P7 variants use CSP-based residual layers and PANet-
style multi-scale aggregation. Scaled-YOLOv4-P7 reports 55.5 AP on COCO test-dev at
1536-pixel input without test-time augmentation in the paper [71]. A direct latency ad-
vantage over EfficientDet is not inferred because the available values do not establish a
matched hardware and runtime comparison. Related scaling strategies appear in later
YOLO families, but the available sources support a design parallel rather than a direct
causal claim.

F. YOLO-NAS (2023): AutoML and Neural Architecture Search
Neural architecture search has also been formulated using reinforcement learning [74];

this broader research direction should be distinguished from the proprietary AutoNAC
procedure used to develop YOLO-NAS. YOLO-NAS (Deci AI) [75] was generated using
the proprietary AutoNAC neural architecture search engine, which optimizes a model
for specified task, data, hardware, and latency objectives. The official documentation
describes quantization-aware RepVGG-style blocks and selective quantization intended
to reduce accuracy degradation after INT8 conversion. On COCO val2017 at 640 × 640,
the official model zoo reports 47.5, 51.55, and 52.22 AP for the S, M, and L variants,
respectively [75]. Because the detailed search procedure is proprietary and the cited
documentation does not establish a causal relationship with YOLO11, this review does not
attribute specific gradient/evolutionary search mechanisms, cross-source FLOP reductions,
or direct downstream architectural influence to YOLO-NAS.

G. YOLOv7 E6E and YOLOv8-Pose/Seg (2023): Task-Specific Extensions
Later variants expanded YOLO into multi-task learning. YOLOv7-E6E [26] reports

56.8 AP on COCO val2017 at 1280-pixel input, with 151.7 M parameters and 843.2 GFLOPs.
The cited V100 benchmark reports 36 FPS at batch size 1; the corresponding inference time
is approximately 27.78 ms. Concurrently, YOLOv8-Pose and YOLOv8-Seg [22] add heads
for human-pose estimation and instance segmentation atop a shared CSP-PANet backbone,
transitioning YOLO from a pure detector to a multi-task perception framework for robotics,
autonomous systems, and AR applications.

H. Comparative Impact of Derived Variants and Summary of the Section
Table S1 summarizes selected YOLO derivatives and related real-time detectors in

terms of architectural purpose, major mechanisms, and evidence-bounded significance.
Table S2 lists source-reported operating points for selected derivative–baseline pairs. A
numerical delta is not interpreted as a controlled gain when the training recipe, model
scale, input resolution, evaluation split, runtime, or hardware differs. Similar mechanisms,
such as anchor-free decoupled heads and architecture-search objectives, later appear in
several official releases, but the available sources do not by themselves establish direct
architectural influence.

Broadly, these derived models can be grouped by their contributions:

- Algorithmic Refinement: YOLOX (anchor-free), YOLOR (representation unification)
- Industrial Optimization: PP-YOLO, PP-YOLOE
- Scalable Design: Scaled-YOLOv4, YOLOv5 variants
- Automated Architecture Search: YOLO-NAS
- Task Diversification: YOLOv7-E6E, YOLOv8-Pose/Seg

These variants expanded the YOLO ecosystem across architectural refinement, indus-
trial optimization, automated architecture search, high-resolution scaling, task diversifi-
cation, and open-vocabulary detection. Several design principles recur across derivative
and official families, including anchor-free prediction, decoupled heads, scalable model
families, and context-enhancement modules. Recurrence does not by itself demonstrate
direct adoption, and the review therefore treats these relationships as conceptual parallels
unless a primary source explicitly documents lineage.
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The derivative ecosystem is best understood as a set of source-reported operating
points rather than a single ordered leaderboard. Academic, industrial, and AutoML-
derived systems pursue different objectives, training protocols, input resolutions, hardware
targets, and task definitions. Accordingly, model selection should be based on controlled
application-specific evaluation rather than on cross-source percentage gains or approximate
FPS values.

4. Key Architectural Innovations
Whereas Section 3 examined the chronological evolution of YOLO architectures, this

section focuses on the key design innovations that have shaped the development of the
YOLO family. Successive YOLO generations have contributed not only new architec-
tural components but also evolving principles for balancing computational efficiency,
representational capacity, and real-time performance. The following sections analyze
these core innovations in detail—spanning the evolution of backbones, neck and head
designs, optimization objectives, activation and normalization functions, and advanced
training methodologies.

4.1. Backbone Evolution

The backbone network functions as the primary feature-extraction component, in-
fluencing both representational quality and computational complexity. Across YOLO’s
fourteen generations (2016–2025), backbone architectures have evolved from simple con-
volutional stacks to highly modular, gradient-aware, and attention-enhanced structures.
Figure 16 visualizes this progression alongside the parallel evolution of neck and head mod-
ules. The backbone track highlights convolutional feature extractors, including GELAN in
YOLOv9 and DS blocks in YOLOv13; PGI is identified as a training mechanism. The neck
and feature-fusion track includes FPN, PAN-style aggregation, and YOLOv13′s HyperACE
and FullPAD mechanisms. The head track, in turn, shifts from grid-based and anchor-based
designs through decoupled and anchor-free heads to NMS-free end-to-end detection, culmi-
nating in YOLO26′s dual-head training with STAL. The selected developments in Figure 16
organize the module-level analysis in the following subsections; the arrows summarize
design progression without establishing direct architectural inheritance.

The earliest generations (YOLOv1–v2 [8,19]) relied on lightweight convolutional
architectures derived from the Darknet family. Darknet-19 comprised 19 convolutional
layers and 5 pooling layers, designed for rapid inference but lacking depth for robust
small-object detection. YOLOv3 [20] introduced Darknet-53, integrating ResNet-style
residual connections [48] to enhance gradient propagation and feature reuse, enabling
deeper networks and a substantial accuracy gain over YOLOv2.

YOLOv4 [21] adopted CSPDarknet53 [50], using Cross-Stage Partial connections to
improve information and gradient flow while reducing redundant computation. YOLOv7′s
E-ELAN [26] further developed multi-path feature aggregation, while YOLOv9 combined
GELAN with Programmable Gradient Information to manage information and gradient
propagation in deeper networks [29]. More recent generations have adopted a diverse range
of mechanisms for enhancing contextual representation: YOLO11 adds a partial C2PSA
attention branch [31], YOLOv12 uses region-partitioned Area Attention with an efficient
attention implementation [28,76,77], and YOLOv13 introduces adaptive hypergraph com-
putation [15]. Related channel and spatial attention mechanisms include SE [78], concurrent
spatial and channel squeeze-and-excitation [79], and CBAM [80]. Because these modules
were evaluated on different architectures, datasets, training schedules, and hardware, their
gains and latency costs should remain attached to the individual source experiments rather
than summarized as universal percentage ranges.
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Figure 16. Selected architectural and training developments across YOLO generations from 2016
to 2026. Three horizontal tracks organize changes in backbone feature extraction, neck and feature
fusion, and detection heads and training strategies. Later developments include HyperACE and
FullPAD in YOLOv13 [15], and DFL-free regression and dual-head training in YOLO26 [16]. Arrows
organize representative developments without establishing direct architectural inheritance; training
mechanisms such as PGI and label assignment are distinguished from inference modules.

The most recent generations pursue distinct optimization priorities. YOLOv13 [15]
introduces HyperACE and FullPAD and reports a 3.0-AP-point increase over YOLO11-N
under the comparison in its primary paper. These mechanisms are motivated by the need to
model higher-order relationships, but a shared cross-model benchmark for dense clustering,
severe occlusion, or domain robustness has not been reported. YOLO26 [16] instead
simplifies deployment by removing DFL and providing a one-to-one NMS-free inference
path, together with Progressive Loss, STAL, and MuSGD. These architectural differences
define candidates for further evaluation; they do not establish universal accuracy-first and
deployment-first winners across application domains.

4.2. Neck and Head Optimization

The neck and head modules constitute the interface between feature extraction and
prediction. They determine how multi-scale information is fused and how bounding boxes
and class probabilities are predicted. Throughout the evolution of the YOLO lineage, these
modules progressed from relatively simple feature-fusion mechanisms to increasingly
sophisticated, decoupled, and attention-aware prediction architectures.

The early YOLOv1–v2 [8,19] models had no explicit neck, connecting high-level
features directly to output layers. YOLOv3 [20] introduced Feature Pyramid Networks
(FPN) [49] for multi-scale detection, while YOLOv4 [21] extended this with Path Aggrega-
tion Networks (PANet) [52] and Spatial Pyramid Pooling (SPP) [51] for enhanced cross-scale
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context. From YOLOv5 [27] onward, PANet-style necks became standard, with compound-
scaled variants (n/s/m/l/x) trading accuracy for speed. YOLOv7′s E-ELAN [26] provided
improved connection patterns enabling longer gradient paths and denser feature reuse.

Meanwhile, the head design shifted from a monolithic, anchor-based formulation to
an anchor-free, decoupled paradigm. Early YOLO generations relied on predefined anchor
boxes for bounding-box regression, but these anchors often mismatched object scales and
required dataset-specific tuning. YOLOv8 removed anchors entirely, predicting object
centers and box dimensions directly via point regression in the spirit of CenterNet [35].
This design decoupled the classification and localization branches, improving training
convergence and accuracy on small or irregularly shaped objects.

Recent architectures modify both feature processing and prediction. YOLOv9 [29]
combines GELAN feature aggregation with anchor-free prediction; YOLO11 [31] uses
C2PSA attention, and YOLOv12 [28] uses Area Attention in feature-processing modules.
YOLOv10 [30] and YOLO26 [16] enable NMS-free end-to-end inference through one-to-one
assignment. Removing NMS simplifies the deployed graph and avoids data-dependent
post-processing, but it does not by itself establish deterministic end-to-end runtime; frame-
time variability remains dependent on the hardware, runtime, load, and input pipeline.
Collectively, these developments improve prediction flexibility while supporting a broader
range of vision tasks (segmentation, keypoint estimation, oriented bounding boxes).

4.3. Loss Functions and Optimization Strategies

The design of optimization objectives has played a central role in the evolution
of YOLO. YOLOv1 uses a weighted sum-of-squared-errors objective for coordinates,
confidence, and class probabilities, with square-root parameterization of box width
and height [8]. This formulation differs from the IoU-based localization losses used in
later versions.

To address this, YOLOv2 [19] and YOLOv3 [20] introduced loss normalization
and class-balanced weighting. A major transition occurred with the introduction of
YOLOv4 [21], which progressed through Distance-IoU (DIoU) [81] and ultimately adopted
Complete-IoU (CIoU) loss [54]—a distance-aware function jointly optimizing overlap area,
center distance, and aspect-ratio consistency, providing faster convergence and higher
localization accuracy.

Later generations refined this further: EIoU [82] simplified computation while main-
taining performance; YOLOv9 introduced Programmable Gradient Information (PGI),
which preserves reliable gradient signals through auxiliary reversible branches rather
than defining a separate position-versus-shape learning-rate schedule [29]; and YOLO26
introduced Progressive Loss, which gradually shifts supervision from the dense one-to-
many branch toward the inference-time one-to-one branch, improving end-to-end AP from
46.4 to 46.7 in the source ablation [16]. Optimization strategies also evolved—starting
from YOLOv4 [21], training “bags of freebies” (cosine scheduling, label smoothing, the
Adam optimizer [83] and its weight-decay-decoupled successor AdamW [84], mixed preci-
sion) improved stability without inference penalties, formalized into YOLOv7′s trainable
bag-of-freebies [26]. Across successive YOLO generations, the evolution of optimization
objectives reflects a consistent effort to improve localization quality and training stability:
MSE (YOLOv1–v2) provided baseline regression but suffered from scale sensitivity, and
IoU-family losses (GIoU [81], DIoU, CIoU [54]) progressively incorporated overlap-area,
center-distance, and aspect-ratio consistency. Because these objectives were evaluated on
different architectures, datasets, and training schedules, their reported effects should not
be accumulated into a single cross-generation gain; source-specific numerical effects are
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summarized in Section 7.6. Gradient-aware objectives (PGI [29], ProgLoss [16]) mark the
field’s shift from purely geometric alignment toward optimization-aware objective design.

4.4. Activation and Normalization Functions

Activation and normalization mechanisms represent important micro-architectural
design elements that influence gradient propagation and representational capacity. Early
YOLO models (v1–v2) used Leaky ReLU, chosen for its simplicity and computational speed.
However, its limited dynamic range constrained representational capacity.

Activation choices in the YOLO lineage have evolved alongside backbone design
but remain implementation-specific rather than generation-wide rules. Early Darknet-
based models predominantly used Leaky ReLU; YOLOv4 adopted Mish in its CSPDarknet
implementation; and SiLU became common in later PyTorch-based CNN backbones [85].
Attention-containing models may also use GELU within transformer-like submodules [86],
but this does not imply that the entire detector family has replaced SiLU with GELU. The
YOLO26 technical report does not attribute a controlled INT8-quantization result to its
activation function, so no quantization-stability advantage is claimed here [16].

Batch Normalization continues to serve as the dominant normalization strategy across
most convolutional YOLO backbones. Some implementations modify normalization place-
ment, fusion, or training behavior, but the resulting effects should be reported only when a
primary source provides a controlled ablation. Accordingly, this review treats activation
and normalization as implementation-level design choices and avoids assigning universal
AP gains across heterogeneous model families.

4.5. Training and Data Augmentation Techniques

Training methodology has become an increasingly important component of YOLO-
based detector development. Early YOLO generations relied primarily on conventional
geometric data augmentation techniques (flipping, scaling, color jitter), but from YOLOv4
onward, increasingly sophisticated data-centric strategies emerged to improve robustness
and generalization across diverse deployment conditions.

Mosaic augmentation, introduced in YOLOv4, randomly combines four images into
one during training, encouraging scale invariance and diverse context learning. CutMix [87]
and MixUp [62] further blended image patches and pixel intensities, augmenting the net-
work’s ability to separate overlapping instances. YOLOv5 formalized auto-augmentation
pipelines [88] and added self-distillation mechanisms, where teacher and student networks
shared parameters for progressive refinement.

More recent YOLO generations have incorporated increasingly specialized optimiza-
tion and label-assignment strategies. YOLO26 introduces MuSGD and STAL; in source-
specific ablations, MuSGD reaches 47.4 AP after 500 epochs compared with 47.0 AP after
600 epochs for SGD, while STAL increases AP_S from 29.0 to 29.6 [16]. Mosaic, MixUp [62],
CutMix [87], and Copy-Paste [63] are widely used augmentation methods, but their effects
depend on the model, task, dataset, schedule, and baseline. Their contributions should
therefore be reported only from controlled source-specific ablations and should not be
accumulated into a universal +4.0–5.5 AP gain.

5. Evolutionary Design Principles of the YOLO Lineage:
A Why–How–What–Where Analysis

Sections 3 and 4 examined the YOLO lineage from two complementary perspectives:
a chronological account of each release and a thematic dissection of its component-level
innovations. This section adopts a third, interpretive perspective. Rather than asking what
changed, it parses the YOLOv1-to-YOLO26 trajectory into cause-and-effect chains and asks
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five questions that jointly define the lineage’s evolutionary logic. The first three concern
drivers and outcomes: (1) why did each generation evolve—that is, which limitations,
challenges, or emerging application requirements triggered its principal architectural
changes; (2) how did successive generations respond—through which design strategies,
mechanisms, and innovations; and (3) what, at the level of design DNA, characterizes each
generation’s architectural profile. The remaining two concern location and motivation:
(4) where in the architecture—backbone, neck, head, feature representation, loss, label
assignment, training strategy, or inference mechanism—was redesign effort repeatedly
concentrated; and (5) why did these particular components, rather than others, become the
persistent loci of innovation.

The analysis synthesizes the evidence already compiled in Table 1, Figure 16, and
the benchmark synthesis of Section 7, but the framing and the conclusions drawn here
constitute the authors’ interpretive judgment rather than measured results; wherever a
claim rests on source-reported numbers, the corresponding primary references are cited.

5.1. Why: Recurring Bottlenecks as Evolutionary Drivers

Most major transitions within the YOLO lineage appear to be associated with specific
technical limitations identified in preceding generations. Table 2 summarizes these evolu-
tionary relationships, pairing each transition with the limitation that triggered it, the design
response that resolved it, and the source-reported net effect.

Table 2. Bottleneck-response reconstruction of the YOLO lineage. Each row pairs a generational
transition with the exposed limitation of the predecessor, the principal design response, and the source-
reported net effect. Effects are reported values from the cited primary sources under their respective
evaluation conditions and do not represent paired, same-protocol before-and-after comparisons (see
Section 7.1).

Transition Exposed Bottleneck
of Predecessor Principal Design Response Source-Reported Net Effect

v1 → v2

Rigid 7 × 7 grid and
two-box-per-cell limit cause
low recall and localization
error [8]

Anchor priors via k-means,
batch normalization,
high-resolution
classifier [19,47]

mAP@0.5 63.4 → 76.8
(VOC07) [19]

v2 → v3 Single-scale prediction misses
small objects [19]

Three-scale FPN-style head on
residual Darknet-53 [20,48,49] APsmall 5.0 → 18.3 [20]

v3 → v4/v5
Gradient redundancy inflates
training cost; no production
tooling [21]

CSP partitioning,
bag-of-freebies/specials,
PyTorch
productization [21,27,50]

43.5% → 50.7%
mAP@[0.5:0.95] [21,27]

v5 → v6/v7
Train-inference structural
mismatch; industrial latency
targets [25]

Reparameterization,
decoupled heads, TAL,
trainable freebies [25,26,56]

52.5% at 121 FPS (batch 32,
v6-L) [25]

v7 → v8 Dataset-specific anchor tuning;
multi-task demand [22]

Anchor-free decoupled head,
DFL, task-aligned
assignment [22]

53.9% (v8x); unified multi-task
platform [22]

v8 → v9
Information bottleneck
destabilizes deep-network
training [29]

PGI auxiliary reversible
branches, GELAN [29]

53.0% with improved training
stability [29]

https://doi.org/10.3390/app162010386

https://doi.org/10.3390/app162010386


Appl. Sci. 2026, 16, 10386 37 of 78

Table 2. Cont.

Transition Exposed Bottleneck
of Predecessor Principal Design Response Source-Reported Net Effect

v9 → v10
NMS post-processing adds
latency and hinders
end-to-end deployment [30]

Consistent dual assignments
with a one-to-one inference
path; NMS-free decoding [30]

YOLOv10-B reports 46% lower
latency and 25% fewer
parameters than YOLOv9-C at
comparable AP [30]

v10 → v11/v12 Pure CNNs lack long-range
context [31]

C2PSA hybrid attention; Area
Attention with
R-ELAN [28,31]

51.5/52.5 AP (M-scale,
source-reported) [16,28,31]

v12 → v13
Pairwise attention cannot
model multi-to-multi
correlations [15]

HyperACE hypergraph
computation; FullPAD
distribution [15]

41.6% (N-scale), +3.0 over
YOLO11-N [15]

v11 → YOLO26
DFL/NMS operators impede
export and CPU
deployment [16]

DFL removal, native
end-to-end head, ProgLoss,
STAL, MuSGD [16]

Up to 43% faster CPU
inference [16]

Taken together, Table 2 suggests what may be interpreted as a recurring evolution-
ary pattern within the YOLO lineage: a pendulum dynamic between accuracy-driven
complexification and deployment-driven simplification. Architectural enrichment and
deployment-oriented simplification recur across the reviewed releases. Anchors, multi-
scale fusion, gradient routing, attention, and hypergraph modeling address representation
or optimization goals, whereas reparameterization, anchor-free prediction, NMS-free de-
coding, and DFL removal address different efficiency or deployment constraints. This
pattern is an interpretive synthesis; the sources do not establish that each enrichment step
caused latency variance, export incompatibility, or quantization failure in a subsequent
release. Until 2024 the two phases alternated within a single release line. The 2025 bifur-
cation into YOLOv13 [15] and YOLO26 [16] is, on this reading, not an anomaly but the
pendulum’s two phases executing in parallel for the first time: a structural response to a
user base whose accuracy-critical and deployment-critical segments could no longer be
served by a single compromise architecture. Independent multi-domain evidence that
newer versions do not uniformly dominate their predecessors once training protocols are
equalized [41,44] reinforces this interpretation—once a lineage spans divergent objectives,
recency ceases to imply superiority for any particular deployment.

5.2. How: Five Recurrent Design Strategies

Although the lineage spans fourteen generations and dozens of named modules, the
mechanisms through which these bottlenecks were addressed can, in our analysis, be
broadly grouped into five recurring design strategies.

First, improved representational capacity per unit of computational cost. The
backbone progression—residual connections (YOLOv3 [20,48]), cross-stage partial par-
titioning (YOLOv4 [21,50]), extended and generalized layer aggregation (YOLOv7 [26],
YOLOv9 [29]), partial self-attention (YOLO11 [31], YOLOv12 [28]), and hypergraph corre-
lation (YOLOv13 [15])—raised expressiveness per FLOP rather than raw capacity. This is
why parameter counts across nano-scale variants remained nearly flat (1.9 M–3.2 M) while
COCO mAP@[0.5:0.95] rose from 28.0 to 41.6 over the same period (see Section 7.2).

Second, information-flow engineering. The neck evolution from FPN [49] through
PANet [52] to GELAN cross-stage aggregation [29] and FullPAD tri-tunnel distribution [15],
together with Programmable Gradient Information [29], treats the network not as a stack
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of layers but as a routing problem for features and gradients—an explicit response to the
information-bottleneck failure mode of deep detectors.

Third, alignment of assignment and objective with the evaluation target. Label
assignment progressed from hand-tuned and k-means anchor priors [19] through dy-
namic schemes (SimOTA [23], Task Alignment Learning [25]) to consistent one-to-one
assignment [16,30] with small-target-aware extensions (STAL [16]); losses progressed
from MSE [8] through the IoU family [54,81,82] and DFL [22] to curriculum-style
ProgLoss [16]. Each step narrowed the gap between what training optimizes and what
deployment measures.

Fourth—and in our assessment one of the lineage’s most distinctive methodolog-
ical characteristics to detector design at large—the systematic separation of train-time
complexity from inference-time simplicity. Structural reparameterization (YOLOv6 [25],
YOLOv7 [26], via RepVGG-style fusion [56]), auxiliary supervision branches removed
at inference (YOLOv9 [29]), dual one-to-many/one-to-one heads in which only the sim-
ple branch survives deployment (YOLOv10 [30], YOLO26 [16]), and trainable bag-of-
freebies [26] all purchase accuracy with training-time computation while leaving the de-
ployed graph untouched. These strategies can improve the observed accuracy–latency
trade-off under a specified protocol by allocating additional computation to training rather
than inference.

Fifth, hardware-aware architectural and deployment co-design. Quantization-aware
operator selection in explicitly documented quantization studies, architecture search under
target-specific latency objectives such as YOLO-NAS [75], I/O-aware attention implementa-
tions such as FlashAttention [76,77], and export-driven removal of graph-hostile stages such
as DFL and NMS in YOLO26 [16] treat the compiler, accelerator, and export format as first-
class constraints. YOLOv10 [30] contributes efficiency-oriented operators and NMS-free
inference, but its primary report should not be cited as controlled quantization evidence.

5.3. What: Generation-Level Design DNA

Table 1 and Figure 16 already catalog the component-level attributes of every gen-
eration; rather than repeating them, Table 3 compresses each generation to its dominant
design principle and marks which of seven component families (backbone, neck, head,
loss, label assignment, training methodology, post-processing) it substantially redesigned.
This compact representation makes the lineage’s design DNA directly comparable across
generations and provides the raw material for the locational analysis in Section 5.4.

5.4. Where: The Concentration of Redesign Effort

Aggregating the final column of Table 3 highlights the architectural components that
have received the greatest redesign attention across the fourteen canonical generations: the
backbone was substantially redesigned in eleven generations, the neck in nine, the head in
eight, training methodology in seven, label assignment in five, the loss formulation in five,
and post-processing in only two.

Frequency alone, however, does not necessarily reflect impact. Backbone redesigns
were frequent but predominantly incremental, driven by efficiency—each wave raising
mAP-per-FLOP rather than shifting the detection paradigm. By contrast, the most substan-
tial conceptual transitions appear to be concentrated in the head, assignment, and post-
processing: the anchor-free transition (YOLOv8 [22]), NMS-free decoding (YOLOv10 [30]),
and end-to-end dual-head training (YOLO26 [16]). Post-processing was redesigned in two
generations in the coding used for Table 3. These NMS-free paths remove a data-dependent
post-processing stage, but any reduction in end-to-end latency variance or export failures
requires direct measurement [16,30].
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Table 3. Dominant design principle and substantially redesigned component families per canonical
generation. Component codes: B = backbone, N = neck, H = head, L = loss, A = label assignment,
T = training methodology, P = post-processing. Assignments reflect the authors’ synthesis of the
primary release papers cited in Sections 3 and 4.

Version (Year) Dominant Design Principle Redesigned Components

YOLOv1 (2016) [8] Detection as unified single-pass
regression B, H, L

YOLOv2 (2017) [19] Statistical priors replace
unconstrained regression B, H, A, T

YOLOv3 (2018) [20] Scale as a first-class design
dimension B, N, H, L

YOLOv4 (2020) [21] Modular efficiency plus
train-time freebies B, N, L, T

YOLOv5 (2020) [27] Productization and scaling
discipline T

YOLOv6 (2022) [25] Inference-first structural rewrite B, N, H, A, T

YOLOv7 (2022) [26] Gradient-path density at zero
inference cost B, N, T

YOLOv8 (2023) [22] Anchor-free multi-task platform B, N, H, L, A

YOLOv9 (2024) [29] Information preservation in
depth B, N, T

YOLOv10 (2024) [30] End-to-end decoding H, A, P

YOLO11 (2024) [31] Pragmatic hybrid attention B, N

YOLOv12 (2025) [28] Attention as core, not accessory B, N, H

YOLOv13 (2025) [15] High-order correlation
modeling B, N

YOLO26 (2025) [16] Deployment-first reduction H, L, A, T, P

The location of a redesign can be related to measurable outcomes only within a
matched evaluation. Neck and assignment modifications are commonly assessed through
scale-stratified metrics such as APS; for example, the controlled YOLO26 STAL ablation
increases APS from 29.0 to 29.6 while improving overall AP from 46.6 to 46.8 [16]. Head and
assignment redesigns are motivated by crowded-scene performance, and post-processing
removal simplifies the deployed graph, although its effect on end-to-end latency variability
remains platform-dependent [16,30]. Thus, the redesigned component often reflects the
primary bottleneck targeted by the corresponding modification, whereas the magnitude
of the improvement must be established by a source-specific ablation rather than a cross-
generation numerical sequence.

5.5. Why These Components: The Bottlenecks Behind the Loci of Innovation

The concentration pattern described in Section 5.4 may not be coincidental; it follows
from which component dominates each fundamental trade-off axis. Detection accuracy
at a fixed budget is governed primarily by the representational efficiency of the back-
bone and neck, which is why every accuracy wave began there. The returns, however,
diminished over time: marginal gains shrank from double digits in the early era [19,20]
to 1–3 points in the attention and hypergraph era [15,31], pushing later accuracy efforts
toward correlation modeling rather than raw capacity. Localization precision depends
on both regression supervision and label assignment. DFL-based regression predicts 4 K
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logits for four coordinates with K bins per coordinate, whereas direct regression predicts
four coordinates. This difference does not establish a universal 3–4× head-computation
or latency overhead. The YOLO26 report evaluates DFL-free regression together with L1
supervision and training-time changes under its own protocol [16,22].

Computational complexity concentrates in the backbone, which dominates the FLOPs
budget across the lineage and was therefore the first target of every efficiency wave (CSP
partitioning [50], depthwise-separable blocks [15]). Latency contributions concentrate in the
head and post-processing, where NMS runtime varies with prediction density [16,30]. Mem-
ory pressure concentrates in the neck and attention modules, motivating bandwidth-aware
designs (cascaded SPPF [31], FlashAttention [76,77], regional attention partitioning [28]).
Robustness under occlusion and clutter is governed by context-modeling capacity, which
explains why attention and hypergraph mechanisms—rather than deeper convolution—
are motivated by these conditions; because the surveyed primary sources do not share a
common corruption protocol, such motivations are treated as design hypotheses requiring
controlled stress testing rather than measured robustness rankings (Section 7.3) [15,28,31].
Deployment efficiency, finally, is governed by the operator set of the head and loss: compo-
nents whose operations map poorly onto accelerator kernels or export formats (softmax-
over-bins in DFL, data-dependent control flow in NMS) were ultimately eliminated regard-
less of their accuracy merits [16].

Taken together, a broader interpretation emerges. The components most persistently
redesigned are those that either sit at the interface between the learned representation
and the task definition (head, label assignment, post-processing) or dominate a hard
resource budget (backbone for computation, neck for memory). Interface components
encode non-differentiable heuristics—anchor matching, confidence thresholding, duplicate
suppression—that gradient-based training cannot repair from within, so progress there
required discrete paradigm shifts; budget-dominating components, by contrast, admit-
ted continuous refinement. From this perspective, the evolution of the YOLO lineage
may be viewed as a gradual transition from manually engineered heuristics toward in-
creasingly learned and differentiable optimization mechanisms, executed under a strict
real-time budget.

5.6. Summary

The five analytical questions introduced at the beginning of this section can be summa-
rized as follows. Why: architectural evolution has generally been driven by concrete
bottlenecks identified in preceding generations, with the aggregate trajectory follow-
ing a complexification–simplification pendulum that bifurcated into parallel branches
in 2025. How: through five recurring strategies—representational enrichment per FLOP,
information-flow engineering, assignment–objective alignment, train-time/inference-time
separation, and hardware co-design. What: each generation can be characterized by a
dominant design principle (Table 3). Where: redesign effort concentrated in the backbone
by frequency but in the head, assignment, and post-processing by paradigm impact. Why
these components: because they either govern a dominant resource budget or encode the
non-differentiable task interface. These principles organize the domain-level analysis in Sec-
tion 6 and the quantitative synthesis in Section 7, generating hypotheses about architectural
suitability that require validation on target data and hardware.

6. Application Domains of YOLO Frameworks
The practical significance of the YOLO family is most clearly demonstrated in real-

world deployment environments, where operational constraints are diverse and often
demanding. Real-time perception systems in safety-critical vehicles demand determinism
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and extremely low latency, factory inspection lines require high recall for fine defects under
uniform backgrounds, and agricultural environments confront nonstationary illumination
and occlusion. Hospitals and laboratories impose strict requirements on sensitivity, ex-
plainability, and data governance; embodied agents and surveillance networks operate
under power, thermal, and bandwidth constraints; and consumer multimedia or AR/VR
workloads force tight, user-perceived latency budgets on diverse hardware. Across these ap-
plication contexts, YOLO variants have been adopted not as interchangeable detectors but
as distinct design solutions tailored to domain-specific requirements. This section analyzes
those mappings, emphasizing how requirements translate into architectural and algorith-
mic choices and, ultimately, into deployment practices that meet operational requirements.

6.1. Autonomous Driving and Intelligent Transportation

In autonomous-driving environments, perception systems are evaluated as end-to-end
pipelines in which even modest increases in latency may significantly influence down-
stream decision-making and operational safety. Detection systems in autonomous driving
are typically evaluated along two primary dimensions: detecting small, distant, and often
occluded instances (e.g., pedestrians and traffic signage), and doing so with consistent
latency under variable environmental conditions. Recent YOLO variants report substantial
gains on the canonical benchmarks KITTI [89], nuScenes [90], Waymo Open [91], and
BDD100K. Rep-YOLOv5 [92] achieves 96.1% mAP at 202 FPS through structural reparame-
terization; YOLO-APD [93] reaches 77.7% mAP@[0.5:0.95] with >96% pedestrian recall in
cluttered road geometries; YOLO-SPD [94] attains 97.85% precision on KITTI via Coordinate
Attention; and PV-YOLO [95] compresses YOLOv8 for embedded automotive ECUs.

Traffic sign detection presents distinct challenges—signs typically <32 × 32 pixels,
severe class imbalance, partial occlusion—addressed by YOLO-PPA [96] (93.2% mAP@0.5
on GTSDB), TSD-YOLO [97] (Space-to-Depth for TT100K/CCTSDB), YOLOv8-CE [98]
(occlusion-robust Coordinate Attention), and YOLO-ADual [99] (mobile-optimized). For ad-
verse conditions, multispectral RGB-thermal fusion with middle-fusion YOLOv4 achieves
the optimal accuracy-latency trade-off on KAIST and FLIR ADAS datasets [100]. Signal
detection pipelines are deployed on automotive-grade SoCs such as NVIDIA Drive Orin
and Qualcomm Snapdragon Ride [3,10].

Across the surveyed studies, several recurring architectural preferences can be ob-
served: decoupled and anchor-free heads for flexible localization [22,26,29]; YOLOX [23]
under aspect-ratio diversity; NMS-free paths, as in YOLOv10 [30] and YOLO26 [16], for a
simpler end-to-end deployment graph; and attention-augmented backbones, as in YOLO11
and YOLOv12 [28,31], for richer contextual representation. The 2025 releases offer com-
plementary directions: YOLOv13 [15] is motivated by high-order correlation modeling in
dense pedestrian clusters and heavy occlusion, whereas YOLO26 [16] emphasizes DFL-free
regression, NMS-free inference, multi-backend export, and up to 43% faster source-reported
CPU inference. These characteristics identify candidates for automotive evaluation but do
not substitute for target-platform measurements of worst-case latency, thermal behavior,
failure rates, and redundancy requirements.

Evaluation extends beyond aggregate AP to distance-aware recall, occlusion-conditioned
breakdowns, and latency under load. Joint detection-tracking benchmarks such as
MOT17 and MOT20 provide system-level metrics, and vehicle classification and track-
ing pipelines [101] exemplify this coupling in intelligent transportation. Despite substantial
progress, challenges related to rare-event coverage, geographic and weather-related distri-
bution shift, and vulnerability to physical or digital perturbations remain unresolved [102].
The magnitude of each degradation varies with the dataset, corruption protocol, sen-
sor, model, and region; therefore, no universal 15–25% geographic penalty or 20–40%
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long-tail penalty is inferred from the cited evidence. Evaluation should report subgroup-
and condition-specific AP, recall, calibration, and failure rates, together with domain-
randomization or adaptation results under a documented protocol.

6.2. Industrial and Manufacturing Inspection

Industrial inspection environments impose requirements that differ substantially from
those of conventional consumer-vision applications: inspection lines seek near-zero miss
rates for narrowly defined defect classes at high line speed, tolerating high-resolution (often
4 K+) inputs while respecting deterministic control constraints. PCB defect detection—
where defects (missing holes, mouse bites, open circuits, shorts) appear as sub-32-pixel
features—has advanced through PCB-YOLO [103] (Coordinate Attention with Weighted-
IoU on HRIPCB), YOLO-RLC [104] (97.3% mAP@0.5 at 76.7 FPS, +4.1% over YOLOv5-S),
MS-YOLO [105] (YOLOv10-based PCB defect detection with multiscale edge strengthen-
ing and improved SPDConv), and lightweight GhostNet-based variants for edge cam-
eras [106]. Steel surface inspection on NEU-DET spans six defect categories: SS-YOLO [107]
achieves 97% mAP@0.5 while cutting FLOPs 79.3%; YOLO-SDS [108], ELS-YOLO [109],
and SSA-YOLO [110] add StarNet backbones, SCSA attention, and shared convolutional
detection, respectively.

Welding defect detection is safety-critical in the automotive and shipbuilding indus-
tries: X-ray-based porosity/crack detection [111] and a Slim-Neck lightweight architecture
achieving 98.8% precision and 99.2% recall on cup-rupture detection [112] enable closed-
loop process control. Fabric inspection requires near-perfect recall under high intra-class
variability—systematically reviewed across YOLO v1–v11 [113], with DCFE-YOLO [114]
adding Dynamic Snake Convolution for elongated defects. Food-packaging inspection
addresses rare defects at high production rates [115], while pharmaceutical-packaging
studies report YOLO-based blister and fill-level inspection [116]. When such systems
create, modify, retain, or transmit regulated electronic records, compliance considerations
should be assessed separately under FDA 21 CFR Part 11 [117] and EU GMP Annex 11 for
computerized systems [118].

Contemporary deployment candidates include PP-YOLOE [24] as an industrial base-
line, P6/P7 variants [27,71] for high-resolution inspection, YOLOv10 [30] for NMS-free
inference, and YOLO-NAS [75] where a quantization-aware architecture matches the target
hardware. YOLO26 [16] adds a DFL-free head, NMS-free inference, multi-backend export,
and improved source-reported CPU latency; however, its Progressive Loss and STAL results
were established on COCO rather than on 100:1 industrial defect imbalance or micro-defect
benchmarks. YOLOv13 [15] provides a candidate architecture for studying high-order
relationships among distributed defect patterns. All of these choices require validation on
the actual line camera, PLC timing budget, defect distribution, and export runtime.

One of the most persistent challenges is severe class imbalance with scarce positive
samples; mitigation strategies include CAD-derived synthetic data, illumination-controlled
acquisition, generative augmentation, and augmented negatives. Adapting models across
production lines remains challenging, and self-supervised pretraining and few-shot learn-
ing are promising approaches.

6.3. Agriculture and Precision Farming

Agricultural perception systems operate under highly variable field conditions: illu-
mination varies across hours and seasons, plant geometry produces pervasive occlusion,
and computation must often run onboard drones or rovers with tight power budgets. Fruit
detection has emerged as one of the most extensively studied agricultural applications
of YOLO-based detectors: YOLOv5-RACF [119] integrated with ROS, LiDAR mapping,
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and robotic grasping achieves 98.7% mAP@0.5 with ±2 mm diameter accuracy in 0.13 s;
S-YOLO [120] optimizes greenhouse tomato detection; STRAW-YOLO [121] localizes straw-
berry picking-points via keypoint regression; and YOLO-Tomato [122] remains a foun-
dational reference. A systematic review across YOLOv3–v9 [123] documents YOLOv9′s
GELAN/PGI reducing parameters 15% versus YOLOv8x while improving AP 1.7%. Sap-
kota et al. demonstrated the use of YOLOv8 with shape-fitting techniques to detect and size
immature green apples [124]. In a separate study, an improved YOLOv12 model trained on
LLM-generated synthetic data outperformed YOLO11 and YOLOv10 in precision, recall,
and mAP@0.5 [60].

Weed detection enables 70–90% herbicide reduction through selective spraying
(YOLOWeeds [125], CottonWeeds [126], zero-shot UAV generalization across species [127]).
Disease and pest monitoring increasingly leverages UAV imagery: YOLO v5/v8/NAS
variants achieve 73.7% mAP on challenging leaf-disease benchmarks [128]; lightweight
variants enable smartphone diagnosis across coriander, citrus, tea, rice, and coffee [129];
and the PDT dataset with YOLO-DP targets dense tree-crop pests [130]. Livestock moni-
toring spans YOLOv2–v10 with mAP above 90% for pigs and cattle [131]: swine behavior
detection with Mixed ELAN [132], individual cattle identification at 99.79% mAP [133],
YOLO-BoT behavior tracking at 93.6% accuracy and 31.2 FPS [134], YOLOv8m/v10m
feeding-behavior comparison [135], PBR-YOLO piglet tracking [136], and 400+ poultry
studies covering welfare and disease early warning [137]. UAV-based cereal multi-disease
detection identifies YOLOv5 as the most efficient real-time architecture [138].

For hardware-constrained platforms, NAS-generated or compact architectures can be
shortlisted when their operators are supported by the target runtime [75]. YOLOv12-N
provides an attention-centric candidate [28], while YOLOv13 and YOLO26 offer different
source-reported design priorities [15,16]. YOLO26 provides a simplified DFL-free and NMS-
free graph, but the primary report does not benchmark low-cost smartphones or agricultural
diagnostic workloads. Smartphone deployment should therefore be treated as a candidate
use case requiring direct measurement of accuracy, end-to-end latency, energy, memory,
and thermal stability on the selected device. Evaluation should also include application-
specific economic measures such as herbicide reduction, yield improvement, and labor
savings where relevant. Domain shift across cultivars, growth stages, environmental
conditions, and acquisition platforms continues to limit model generalization; controlled
synthetic augmentation, diffusion-based generation [60], and on-site calibration should be
evaluated under documented protocols, with continual learning considered when field
conditions evolve.

6.4. Healthcare and Biomedical Imaging

In clinical imaging, detection performance must be evaluated not only in terms of
accuracy but also with respect to sensitivity, specificity, traceability, and clinical relia-
bility: datasets are smaller, class imbalance is severe, and missed polyps or lesions can
have consequences that extend well beyond benchmark performance. Colorectal polyp
detection—where early removal directly reduces mortality—has been studied extensively.
Representative methods include semantic feature-enhanced YOLOv5 with Coordinate
Attention on Kvasir-SEG, CVC-ClinicDB, ETIS, and CVC-ColonDB [139], the latter vali-
dated through WM-DOVA localization maps [140]; YOLO-V8m reaching 95.6% precision,
91.7% recall, and 92.4% F1 across five public datasets [141]; LightAttn-YOLO-V8 [142]; and
YOLO11n with LOF preprocessing [143], increasingly paired with YOLOv8-Seg [22] for
polyp size measurement in adenoma surveillance.

Pulmonary lesion detection targets small (3–10 mm) nodules with subtle contrast and
is evaluated predominantly on ChestX-ray8 (108,948 images, 8 disease categories) [144].
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Representative methods include Fast-YOLO for pneumonia [145], NSEC-YOLO with
adaptive noise suppression [146], YOLOv12-DSV at 73.5% mAP50 [147], PSO-optimized
YOLOv6 [148], and ELCT-YOLO for CT lung tumors [149], with hepatic benchmarks such
as LiTS [150] providing complementary abdominal evaluation; meta-analyses support
YOLO-based radiograph analysis as an effective clinical second reader [151]. Brain tumor
detection in MRI spans YOLO-NeuroBoost with Inner-GIoU and CBAM [80,152], improved
YOLO11 [153], automated segmentation-classification [154], a 2020–2024 systematic re-
view [155], and BGF-YOLO achieving state-of-the-art on Br35H [156]. Skin lesion analysis
builds on YOLOv3 + GrabCut on the ISIC archive [157,158], hyperspectral conversion
across YOLOv5–v11 [159], and smartphone-based Health-of-Things melanoma screen-
ing [160]. Mammographic mass detection benefits from Transformer-augmented YOLOv5
under limited training data [161]; cell-level applications include bone marrow differential
counts [162] and TW-YOLO blood-cell detection using multi-scale feature fusion [163];
retinal screening addresses sub-50-pixel microaneurysms via YOLO on OCT [164] and
YOLOv8/YOLOv9 segmentation of diabetic-retinopathy features in fundus images [165].

Architectural selection is often influenced by modality-specific requirements and
clinical workflow constraints: YOLO11′s attention modules [31] may motivate application-
specific evaluation in medical imaging, but their clinical sensitivity and false-positive
rates require modality-specific evidence; YOLOv10′s NMS-free graphs [30] suit radiology
PACS environments; YOLOv13 [15] holds promise for histopathology where hypergraph
correlation captures relationships among adjacent cells; and YOLO26 [16] is a candidate
for device-oriented deployment because its primary report documents DFL-free regres-
sion, an NMS-free inference path, multi-backend export, and source-reported CPU/T4
latency—although medical-grade FPGAs, INT8 accuracy retention, and intraoperative
latency variance are not evaluated in that report and must be established in application-
specific studies. Metrics extend to AUC, sensitivity at fixed false-positive operating points,
and reader studies against clinician baselines [166]. Regulatory requirements related to
privacy, security, and auditability often favor deployment strategies that provide greater
control over data governance; open challenges include cross-institutional domain shift,
label noise, regulatory compliance (FDA 510(k), CE-MDR, HIPAA), and subgroup fair-
ness. Federated learning [167], differential privacy [168], and uncertainty calibration are
being investigated to address privacy and reliability challenges; clinical suitability requires
application-specific validation.

6.5. Robotics, Drones, and Surveillance

Robotics and surveillance applications emphasize ultra-low-latency perception, stable
detection under egomotion, and tight coupling with trackers, SLAM systems, or planners.
UAV-based small-object detection—with VisDrone serving as a canonical benchmark and
objects often < 32 × 32 pixels—has advanced through SOD-YOLO’s P2-level detection
head [169], LRDS-YOLO with SegNext Attention [170], on-drone EdGS-YOLOv8 [171],
SOD-YOLOv8 for aerial and traffic scenes [172], and the lightweight EL-YOLO [173].
Wildlife monitoring combines ecology with conservation: the WAID dataset with SE-
YOLO [174], BuckTales multi-UAV antelope tracking [175], DEAL-YOLO achieving 93.3%
mAP@0.5 on WAID with sub-1 M parameters [176], YOLO adaptations for endangered
species (e.g., WilDect-YOLO) [177], and FDM-YOLO thermal-RGB fusion for varying
illumination [178].

Fire and disaster detection addresses wildfire prevention amid climate change:
optimized YOLOv5 smoke detection [179], Fire-PPYOLOE with large kernels [180],
YOLOv7x/YOLOv8s at 80.4% mAP across ground and aerial imagery [181], YOLOGX for-
est fire detection [182], and ForestGuard integrating YOLO with Federated Learning [167]
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across distributed drone fleets [183]. Underwater robotics contends with color distortion
and camouflage: UCOEA clustering [184], an attention-enhanced YOLOv7 for under-
water object detection [185], aquaculture YOLOv7 at 77% precision/recall [186], DLFE-
YOLO at 84.4% mAP@0.5 on URPC2020 [187], and YOLO-Starfish for ocean ranches [188].
Surveillance and SAR complete the picture: dual-stream RGB/IR YOLO11n distinguish-
ing drones from birds at 0.989/0.988 mAP@0.5 on the VIP Cup 2025 validation data
and supporting payload identification [189], YOLOv9-based intrusion alerts [190], and
YOLO-FEDER FusionNet gaining +62.8 percentage points mAP@0.5 in camouflaged SAR
scenes [191]. Manipulation and grasping run lightweight variants (YOLOv5-n/s [27],
YOLOv8-n [22]) on Raspberry Pi and Jetson platforms, with YOLOX + ByteTrack for
smooth tracklets [23], keypoint-based orientation-aware grasping [121], and ORB-SLAM
semantic landmarks [192].

Edge robotics is a relevant target for YOLO26, but the primary report should be
represented by the hardware it actually evaluates. YOLO26-N reports 40.9 AP for the
standard head and 40.1 AP for the E2E head, alongside released-model times of 38.9 ms for
CPU ONNX and 1.7 ms for T4 TensorRT at 640 × 640 [16]; the same report does not provide
simultaneous-stream results or frame-time variance measurements. YOLOv13-N reports
41.6 AP at 1.97 ms T4 TensorRT FP16 in its own evaluation, and its hypergraph correlation is
motivated by occlusion and clutter, although a controlled cross-model occlusion benchmark
is not available [15]. Because software versions and measurement procedures differ, these
values should be treated as source-specific operating points rather than a direct device
ranking. A hybrid configuration that runs YOLO26 continuously with periodic YOLOv13
verification is a prospective system design requiring experimental validation. Proper
evaluation reports HOTA, MOTA, and IDF1 alongside mAP where tracking is involved,
together with latency under load, energy, and thermal behavior under the application’s
actual occlusion and motion conditions. Open-set conditions—unknown classes, weather
and time-of-day shifts—continue to challenge closed-world detectors, with on-device
distillation and continual adaptation as emerging responses.

6.6. Multimedia, AR/VR, and Smart Devices

Consumer-facing and immersive applications introduce a unique set of requirements
related to latency, computational efficiency, and user experience: detection must share
compute with rendering pipelines, integrate with platform runtimes (CoreML on iOS,
NNAPI on Android), and satisfy latency budgets often below 16 ms to match display refresh
rates. Mobile deployment depends on export and runtime support. YOLOv5 provides
export options for multiple deployment formats [27], while the Ultralytics ExecuTorch
integration supports mobile deployment of YOLO26 [193]. Mobile-device performance
depends strongly on the export graph, delegate, numerical precision, and thermal state; a
follow-up overview reports real-time smartphone operation for compact variants only at a
qualitative level [46], and neither it nor the primary report provides controlled benchmarks
for specific smartphone SoCs or NPU accelerators, so device-specific latency figures should
be reported only after direct measurement with the exported model and a documented
runtime configuration.

AR/VR systems require tight integration between perception and rendering pipelines
operating at 60–120 Hz to maintain a responsive and stable user experience. Hand track-
ing predominantly pairs YOLO-based detection with 21-point landmark extraction: re-
viewed across AI-driven gesture systems [194], simplified by YOLO11′s integrated pose
estimation [31], demonstrated in multi-user VR gaming combining YOLOv8 with Medi-
aPipe [195], and extended to XR across Oculus Quest, Apple Vision Pro, and HoloLens
2 [196]. The NMS-free inference paths of YOLOv10 [30] and YOLO26 [16] remove a data-
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dependent post-processing stage from the deployed graph; however, the primary reports
do not provide frame-to-frame variance measurements, so XR suitability should be veri-
fied using end-to-end frame time, jitter percentiles, and missed-frame rate on the target
headset. Smart-camera and IoT applications often use nano-scale detectors, including
YOLOv5n [27], YOLOv8n [22], YOLOv10-N [30], and YOLO26-N [16], to support on-device
inference where privacy, bandwidth, and latency are important. The cited sources do not
establish a deployment count across millions of consumer devices; therefore, adoption
scale should not be quantified without a dedicated market or deployment source. Retail
analytics spans YOLO-based foot-traffic analysis [197], vision-based queue-length esti-
mation [198], automated retail checkout with deep tracking [199], and unmanned-store
customer identification using YOLOv4 together with a Siamese network [200], executed
on in-store edge processors. These systems illustrate distinct retail tasks and should be
evaluated using task-specific measures such as counting error, identification accuracy,
checkout error rate, and end-to-end latency on the in-store processor. Sports analytics inte-
grates YOLOv5/v8 with multi-object tracking for player tracking and tactical analysis [201],
and open-vocabulary extensions such as YOLO-World [202] enable zero-shot detection of
natural-language categories for content tagging.

For flagship hardware with dedicated NPUs, YOLO11 [31], YOLOv12 [28], and
YOLOv13 [15] are the accuracy-oriented candidates; for mass-market deployment across
price tiers, YOLO26 [16] is a strong candidate because its primary report documents a DFL-
free head, NMS-free inference, ExecuTorch/TFLite/CoreML export paths, and up to 43%
faster CPU ONNX inference than YOLO11-N on the tested platform—although no universal
INT8 accuracy-retention or deterministic-latency guarantee is inferred, and device selection
should rest on measured accuracy after export, latency distributions, energy, memory, and
thermal stability on each target. Open challenges include sub-100 mW always-on detec-
tion, privacy-preserving on-device learning, and integration with multimodal foundation
models for richer scene interpretation.

6.7. Cross-Domain Synthesis and Best Practices

Figure 17 summarizes the type of evidence available for representative model families
across the application domains reviewed in Sections 6.1–6.6. The matrix distinguishes
documented evaluations, including task-specific derivatives (D), inferred architectural
relevance (A), and cells without a selected evidence mapping (NR); these categories do
not rank models or identify a primary recommendation. Recent models such as YOLOv13
and YOLO26 have limited accumulated deployment evidence, so their positions should be
treated as hypotheses for controlled evaluation rather than as validated domain leadership.

Four recurring challenges emerge consistently across the application domains sur-
veyed in this review. Small-target detection appears in distant-pedestrian [93], defect-
inspection [105], agricultural [125], medical [164], and aerial [169] settings. Reported
strategies include P2-level heads [169], Space-to-Depth modules [97,105], and Small-Target-
Aware Label Assignment. In the YOLO26 source ablation, STAL increases APS from
29.0 to 29.6, a gain of 0.6 AP points [16]. Occlusion occurs in crowded intersections [93],
fruit clusters [120,121], dense cells [162], and vegetation-hidden targets [174]. Context-
enhancement mechanisms such as HyperACE [15], C2PSA [31], Area Attention [28], and
CBAM [80] are relevant candidates, but their benefits must be established through con-
trolled domain-specific tests. Class imbalance affects manufacturing [115], rare pathologies,
and minority weed species [125,126]; focal loss [32], controlled sampling, and carefully
validated synthetic generation [60] are possible responses. Distribution shift across ge-
ographies, institutions, cultivars, and production lines should be reported for each dataset
and protocol rather than summarized as a universal 15–25% degradation. Mitigation may
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include external-domain evaluation, adaptation, domain randomization, and federated
learning where appropriate [167,183].

Figure 17. Application-domain evidence map for ten representative YOLO families. D denotes
a reported evaluation of a model family or a task-specific derivative; A denotes author-inferred
architectural relevance; NR denotes no selected mapping in this figure. Colors distinguish evidence
categories rather than suitability rankings. D does not imply operational deployment, independent
replication, or superiority. The final row groups distinct evaluation settings: COCO-to-Pascal-VOC
transfer evaluation for YOLOv8–YOLOv13 [15], open-vocabulary evaluation of the YOLOE-26 exten-
sion [16], and developer-reported fine-tuning on Roboflow-100 for YOLO-NAS [75]. These settings
are not directly comparable. The map is illustrative rather than exhaustive, and model selection
requires target-specific validation. Sources by row: autonomous driving [92,95]; industrial inspec-
tion [104,105,107,108]; precision agriculture [60,119,124]; biomedical imaging [139,141,147,153,165];
robotics, drones, and surveillance [16,119,171,185,189,190]; multimedia and AR/VR [197]; transfer
and open-vocabulary [15,16,75]. Cells marked A refer to the architecture sources [15,16,27,28,30,31,75].

Hardware-aware selection should begin with model scale, operator support, export
compatibility, and direct measurement on the target platform. Nano and small variants
can be shortlisted for mobile or edge evaluation, while larger variants may be appropriate
for server-class GPUs. The YOLO26 report provides CPU ONNX and T4 TensorRT mea-
surements [16] but does not report controlled benchmarks on low-cost smartphones, Jetson
devices, or serverless-cloud environments. YOLO-NAS [75] provides an architecture-search
approach for target-specific constraints without establishing a universal efficiency advan-
tage. Multi-task frameworks, including YOLOv8 [22], YOLO11 [31], and YOLO26 [16],
can reduce duplicated feature extraction when several tasks share a backbone, but the
end-to-end system benefit remains workload-dependent and must be measured.

Looking ahead, the ecosystem appears likely to evolve along two complementary
trajectories: continued refinement of inference-time efficiency for large-scale production AI
(YOLO26 [16]) and increasingly sophisticated contextual reasoning for accuracy-critical ap-
plications (YOLOv13 [15]) —both increasingly integrated with foundation models (YOLO-
World [202]), generative synthetic data [60], and federated continual learning [167,183].
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For practitioners, the central takeaway is that successful deployment depends on aligning
architectural choice, training strategy, evaluation methodology, and operational constraints
within a unified decision-making framework.

7. Unified Evaluation of YOLO: Accuracy, Robustness, and
Deployment Efficiency

Meaningful empirical comparison requires careful consideration of the experimental
conditions under which individual results were reported. Following the methodological
conventions of comparable surveys [9–11], the tables and figures in this section com-
pile results from primary release papers, official documentation, and selected follow-up
evaluations [15,16,46] rather than reporting new experiments. Hardware, runtime, batch
size, precision, and input resolution are retained wherever available. Because substantial
differences exist across datasets, hardware platforms, runtimes, and evaluation settings,
the resulting analysis should be interpreted as a cross-source synthesis rather than a
hardware-normalized benchmark. Figures 18 and 19 therefore present source-reported
operating points as scatter plots and should not be interpreted as a global Pareto frontier or
a controlled head-to-head ranking.

Figure 18. Source-reported COCO val2017 AP versus inference time for representative YOLO models.
Colors and markers identify model families; the inset lists their source protocols. YOLOv5 values
are from the legacy anchor-based checkpoints in the official repository [27], using V100 batch-1
measurements that exclude NMS. YOLOv7 times are derived as 1000 divided by the reported batch-1
FPS on V100 without TensorRT [26]. YOLOv8–YOLOv13 points retain the main COCO comparison
in [15]. YOLO26 points use the E2E AP values of the main COCO results table in [16]. Input size
is 640 except for YOLOv7-E6E at 1280. The plot does not define a hardware-normalized global
Pareto frontier.
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Figure 19. Source-reported COCO val2017 AP versus nominal FLOPs on a logarithmic horizontal
axis. Colors and markers identify model families. Operation counts retain the conventions of their
sources [15,16,26,27]. YOLOv7-E6E uses 1280 input and is shown with an open marker; the other
points use 640 input. YOLO26 values use E2E AP. YOLO-NAS is retained in an explanatory note but
has no plotted coordinate because a matching FLOP value was not verified in [75]. FLOPs do not
measure latency or energy, and no global efficiency ranking is asserted.

7.1. Evaluation Protocol Conventions

The compiled benchmarks follow the COCO evaluation framework [39]; however,
dataset splits, input resolutions, timing procedures, and runtime environments remain
source-dependent. In Table 4, source C reports test-dev AP, whereas the other source
groups report val2017 AP; nominal input size is 640 except for YOLOv7-E6E at 1280.
Hardware and runtime details are specified in the source notes, and unspecified settings
are not assumed to be shared. The tabulated metrics are AP at IoU 0.5, AP averaged
over IoU thresholds 0.5–0.95, inference time, FPS, parameter count, nominal GFLOPs and
estimated FP32 parameter storage. For image-quality-sensitive deployments (medical
imaging preprocessing, autonomous-driving visibility assessment), additional metrics,
including the Structural Similarity Index (SSIM) [203], complement detection-specific scores
by quantifying visual fidelity under compression or low-light conditions. Reproducibility
considerations—random seed protocols, framework versions, dataset checksums, and
hyperparameter configurations—follow the conventions documented in Detectron2 [204],
MMDetection [205], and the Ultralytics framework [22].
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Table 4. Source-reported performance and model size for representative YOLO-family detectors.
Letters A–H identify the sources and evaluation conditions in the notes. AP is expressed on a
0–100 scale; YOLO26 entries distinguish standard-head and E2E AP. An asterisk marks a calculated
conversion between inference time and FPS. Estimated FP32 parameter storage is calculated from
the reported parameter count and peak memory is not measured. Differences in dataset split, input
handling and timing protocol preclude a hardware-normalized ranking across all rows.

Model AP50
AP50:95

Standard/E2E 1
Inference

Time (ms) 2 FPS 2 Parameters
(M)

FLOPs
(G)

Estimated FP32
Parameter

Storage (MB) 3
Source

YOLOv5n 45.7 28.0 6.3 159 * 1.9 4.5 7.6 A [27]

YOLOv5s 56.8 37.4 6.4 156 * 7.2 16.5 28.8 A [27]

YOLOv5m 64.1 45.4 8.2 122 * 21.2 49.0 84.8 A [27]

YOLOv5l 67.3 49.0 10.1 99 * 46.5 109.1 186.0 A [27]

YOLOv5x 68.9 50.7 12.1 83 * 86.7 205.7 346.8 A [27]

YOLOX-S - 40.5 9.8 102 * 9.0 26.8 36.0 B [23]

YOLOX-M - 46.9 12.3 81 * 25.3 73.8 101.2 B [23]

YOLOX-L - 49.7 14.5 69 * 54.2 155.6 216.8 B [23]

YOLOv7-Tiny-SiLU 56.7 38.7 3.50 * 286 6.2 13.8 24.8 C [26]

YOLOv7 69.7 51.4 6.21 * 161 36.9 104.7 147.6 C [26]

YOLOv7-E6E 74.4 56.8 27.78 * 36 151.7 843.2 606.8 C [26]

YOLOv8n 52.6 37.4 1.77 565 * 3.2 8.7 12.8 D [15]

YOLOv8s 61.8 45.0 2.33 429 * 11.2 28.6 44.8 D [15]

YOLOv8m 67.2 50.3 5.09 196 * 25.9 78.9 103.6 E [28]

YOLOv8l 69.8 53.0 8.13 123 * 43.7 165.2 174.8 D [15]

PP-YOLOE-S 60.5 43.1 4.81 * 208 7.9 17.4 31.6 C [26]

PP-YOLOE-M 66.5 48.9 8.13 * 123 23.4 49.9 93.6 C [26]

PP-YOLOE-X 69.9 52.2 22.22 * 45 98.4 206.6 393.6 C [26]

YOLOv9-C 70.2 53.0 6.64 151 * 25.3 102.1 101.2 D [15]

YOLOv9-E 72.8 55.6 - - 57.3 189.0 229.2 F [29]

YOLOv10-N 53.8 38.5 1.84 543 * 2.3 6.7 9.2 E [28]

YOLOv10-S 63.0 46.3 2.49 402 * 7.2 21.6 28.8 E [28]

YOLOv10-M 68.1 51.1 4.74 211 * 15.4 59.1 61.6 E [28]

YOLO-NAS-S - 47.5 3.21 312 * - - - G [75]

YOLO-NAS-M - 51.55 5.85 171 * - - - G [75]

YOLO-NAS-L - 52.22 7.87 127 * - - - G [75]

YOLO11-N 54.2 38.6 1.53 654 * 2.6 6.5 10.4 D [15]

YOLO11-S 62.6 45.8 2.56 391 * 9.4 21.5 37.6 D [15]

YOLO11-M 68.5 51.5 4.7 213 * 20.1 68.0 80.4 E [28]

YOLOv12-N 56.0 40.1 1.83 546 * 2.6 6.5 10.4 D [15]

YOLOv12-S 64.2 47.1 2.82 355 * 9.3 21.4 37.2 D [15]

YOLOv12-M 69.6 52.5 4.86 206 * 20.2 67.5 80.8 E [28]

YOLOv13-N [15] 57.8 41.6 1.97 508 * 2.5 6.4 10.0 D [15]

YOLOv13-S 65.2 48.0 2.98 336 * 9.0 20.8 36.0 D [15]

YOLOv13-L 70.9 53.4 8.63 116 * 27.6 88.4 110.4 D [15]

YOLOv13-X 72.0 54.8 14.67 68 * 64.0 199.2 256.0 D [15]
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Table 4. Cont.

Model AP50
AP50:95

Standard/E2E 1
Inference

Time (ms) 2 FPS 2 Parameters
(M)

FLOPs
(G)

Estimated FP32
Parameter

Storage (MB) 3
Source

YOLO26-N [16] - 40.9/40.1 1.7 588 * 2.4 5.4 9.6 H [16]

YOLO26-S - 48.6/47.8 2.5 400 * 9.5 20.7 38.0 H [16]

YOLO26-M - 53.1/52.5 4.7 213 * 20.4 68.2 81.6 H [16]

YOLO26-L - 55.0/54.4 6.2 161 * 24.8 86.4 99.2 H [16]

YOLO26-X - 57.5/56.9 11.8 85 * 55.7 193.9 222.8 H [16]

Notes: 1. AP50 denotes AP at IoU 0.5; AP50:95 averages AP over IoU thresholds 0.5–0.95. In the
five YOLO26 rows, the AP50:95 entry is standard/E2E (one-to-many with NMS/one-to-one without
NMS). All other rows contain one AP value under the source conditions below. 2. * Calculated value.
For source C, the source reports FPS, and time is calculated as 1000/FPS, rounded to two decimals.
For the other timed rows, FPS is calculated as 1000/reported milliseconds, rounded to the nearest
integer. These reciprocals are not independently measured throughput. Conversions use the original
reported number, not a previously rounded conversion. 3. Estimated FP32 parameter storage (MB) = 4
× reported parameters (M), with decimal MB (106 bytes), rounded to one decimal. This is an estimate
from the rounded parameter count and excludes activations, workspaces, input/output tensors and
runtime overhead. FLOPs are source-reported nominal operation counts, not measurements of a
particular GPU or precision. - indicates that the selected source does not provide the metric. YOLOX
AP50, YOLOv9-E timing/FPS and YOLO-NAS AP50/parameters/FLOPs/storage are omitted for
this reason. No metric is imputed. The main COCO results table of the YOLO26 technical report [16]
provides one released-model timing column alongside two AP columns; the present table does not in-
fer a separate latency for each head. A [27]—Ultralytics YOLOv5 official repository, legacy Pretrained
Checkpoints. COCO val2017; P5 checkpoints, nominal 640 input; V100, batch 1; NMS excluded. The
source does not specify a precision/runtime version for this table. B [23]—YOLOX official repository,
Benchmark, Standard Models. COCO val2017 AP; 640 input; V100 latency. Runtime, precision, batch
size and timing boundaries are not specified beside the selected repository table; no additional condi-
tions are assumed. C [26]—YOLOv7 paper (main comparison table), V100 comparison block. COCO
test-dev AP and AP50; V100, batch 1, without TensorRT. Nominal size 640, except YOLOv7-E6E at
1280. The paper notes letterbox resizing for timing. PP-YOLOE rows retain the values reported in this
comparison table; per-model runtime and precision are not standardized here. D [15]—YOLOv13
paper (main COCO comparison table and Section IV-A). COCO val2017; 640 input; T4, TensorRT
FP16. The comparison reproduces YOLO11 and YOLOv12 v1.0 under the authors’ settings. Runtime
version, batch size and identical post-processing boundaries are not specified in the selected table.
E [28]—YOLOv12 paper (main results table and experimental settings). COCO val2017; 640 input; T4,
TensorRT FP16. All retained cells come from the same comparison row. YOLOv12-M is the original
v1.0 model, not the later Turbo model. Runtime version, batch size and identical timing boundaries
are not specified in the selected table. F [29]—YOLOv9 official repository, Performance table. COCO
val2017; 640 input. AP50, AP, parameters and FLOPs are provided; inference time and FPS are not.
No latency is inferred from parameter count or another model. G [75]—SuperGradients official
YOLONAS.md, model table. COCO val2017; 640 input; NVIDIA T4. Non-INT8 rows are used. The
selected source does not identify their runtime version, precision, batch size or timing boundaries,
and does not tabulate AP50, parameter count or FLOPs. H [16]—YOLO26 paper (main COCO results
table and the timing description of its first figure). COCO val2017; 640 input; T4, TensorRT10; the
paper describes T4 timing as FP16. AP is shown as standard/E2E. The source table provides one
released-model speed column, not two separately measured timings for the two heads; batch size is
not specified there.

The surveyed studies differ considerably with respect to dataset selection, training
configuration, runtime environment, hardware platform, and performance-measurement
methodology. Missing protocol details are stated explicitly in the source notes; they are not
filled using settings from another model or study. Normalization conventions also differ
across detection frameworks. Batch normalization is common in convolutional detector
components, while transformer components and other detection frameworks may use layer
normalization [66] or group normalization [206]. Group normalization reduces sensitivity
to the training batch size [206]. Table 4 retains identified rows from official repositories
and published comparison tables, without averaging or selecting the highest value across
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sources. A dash denotes a metric not reported in the selected source, and an asterisk
identifies an arithmetic conversion between inference time and FPS. Independent multi-
domain reproduction studies reinforce the need for this discipline: when YOLO versions
are retrained and evaluated under a single uniform protocol, newer versions do not always
outperform their predecessors, and version rankings can deviate substantially from those
implied by primary-release reports [41,44]. Consequently, all reported values should be
interpreted within the context of their original evaluation protocols.

7.2. Accuracy-Speed-Size Trade-Offs

Table 4 compiles 41 representative YOLO-family model variants, including YOLOX [23],
PP-YOLOE [24] and YOLO-NAS [75]. The letter beside each model identifies the source and
evaluation conditions in the table notes. Values for the YOLOv8, YOLOv9-C, YOLOv10,
YOLO11, YOLOv12 and YOLOv13 rows follow the identified comparison tables in [15,28];
other rows use the sources specified in notes A–C and F–H. Scaled-YOLOv4 [71] is discussed
elsewhere in this review but is not tabulated here. AP50 is retained only where the selected
source reports it. YOLO26 AP is presented separately for the standard and end-to-end
heads, alongside the released-model timing reported in [16]. The reported results should
not be interpreted as a unified ranking across heterogeneous evaluation protocols.

Within the YOLOv13 primary report, YOLOv13-N reaches 57.8 AP_50 and 41.6 AP
with 2.5 M parameters and 1.97 ms T4 TensorRT FP16 latency, while YOLOv13-X reaches
54.8 AP with 64.0 M parameters [15]. These values describe the operating points reported
by that study. Comparisons with YOLO11 and YOLOv12 should remain tied to the protocol
used in the YOLOv13 paper and should not be interpreted as a hardware-normalized
Pareto shift across all sources.

Figure 18 plots source-reported COCO AP against inference time for representative
model variants. Its points follow the sources and validation settings identified in the
figure caption, rather than reproducing every row of Table 4. In particular, Figure 18 uses
validation AP for YOLOv7 and E2E AP for YOLO26, whereas Table 4 identifies the YOLOv7
test-dev results and displays both YOLO26 head-specific AP values. Runtime versions
and timing boundaries also differ across sources. Accordingly, the visualization should
be interpreted as a descriptive comparison of reported operating points rather than as a
hardware-normalized global Pareto frontier.

Figure 19 plots source-reported COCO AP against nominal FLOPs on a logarithmic
horizontal axis. Its points retain the source-specific validation results identified in the
caption; they are not a plot of every row in Table 4. For YOLO26, the figure uses E2E
AP, which is explicitly distinguished from standard-head AP in Table 4. FLOPs indicate
arithmetic complexity but do not measure latency, memory traffic, energy or accelerator
utilization. The plot therefore shows the range of reported compute scales rather than a
hardware-normalized efficiency ranking.

7.3. Robustness and Generalization

Real-world deployment frequently exposes detectors to conditions that differ substan-
tially from those represented in benchmark datasets. Common sources of performance
degradation include illumination variation, motion blur, sensor noise, compression artifacts,
partial occlusion, crowding, and distribution shift [10,11]. However, the surveyed studies
use different datasets, corruption severities, preprocessing pipelines, training regimes, and
metrics. A model-by-model retention ranking cannot therefore be reconstructed reliably
from these cross-source results.

Table 5 summarizes the mechanisms by which each stress condition affects a detector
and the measurements needed for defensible evaluation. This evidence-bounded format
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avoids assigning numerical robustness scores to models that were not tested under an
identical protocol. Architectural mechanisms such as attention, hypergraph correlation, or
NMS-free decoding may motivate hypotheses about robustness, but those hypotheses re-
quire controlled corruption benchmarks before they can be treated as comparative evidence.

Table 5. Evidence-bounded framework for robustness evaluation. This conceptual synthesis
does not rank models or report retention percentages because the surveyed studies use hetero-
geneous protocols.

Stress Condition Typical Failure Mechanism Defensible Evaluation Relevant Mitigation

Low illumination
Reduced signal-to-noise
ratio, color shift, loss of local
contrast

Clean vs. low-light AP at
fixed illumination/severity;
calibration and object-scale
breakdown

Exposure-aware
augmentation, low-light
preprocessing, sensor fusion

Motion blur
Boundary smearing and
feature displacement,
especially for small objects

AP by blur kernel/trajectory
and object speed; temporal
consistency for video

Motion-aware augmentation,
shorter exposure, temporal
modeling

Sensor noise False texture and unstable
confidence under low SNR

AP and calibration by noise
type and severity using the
same checkpoint

Noise augmentation,
denoising, sensor-specific
calibration

Occlusion/crowding
Missing evidence,
overlapping instances,
assignment ambiguity

AP by visible fraction, APS,
missed detections,
crowd-specific datasets

Context modeling,
scale-aware assignment,
targeted sampling

JPEG/compression Blocking and ringing
artifacts, confidence drift

AP and calibration by codec
and quality setting;
bandwidth-accuracy curve

Compression-aware training,
bitrate-adaptive
preprocessing

Domain shift
Changes in geography,
sensor, weather, or
institutional acquisition

External-domain AP,
calibration, subgroup
analysis, drift monitoring

Domain adaptation,
continual evaluation,
federated or
privacy-preserving updates

Robust evaluation practices should include both clean-condition and corruption-
sensitive performance metrics using the same trained checkpoint, dataset split, corruption
implementation, and severity schedule. Results should include absolute AP, relative
retention, confidence calibration, and subgroup or object-scale breakdowns. For video
applications, temporal stability and tracking metrics should be added. Under these require-
ments, robustness becomes a reproducible property of a model–data–runtime configuration
rather than an intrinsic ranking inferred from architecture labels.

7.4. Small Objects, Rare Classes, and Crowded Scenes

Applications such as intelligent transportation [92–94] and aerial surveillance [169,170,174]
are dominated by small or distant targets where standard detection metrics conceal sub-
stantial performance heterogeneity across object scales. Following the COCO evaluation
protocol, AP breakdowns by object scale (APS for small objects with area < 322, APM for
medium 322–962, APL for large >962) reveal architectural sensitivities to scale and density
that aggregate mAP cannot expose. Table 6 compiles these breakdowns from primary
sources. Anchor-free prediction and decoupled heads are relevant design choices, but
their effects on small-object AP and crowded-scene performance depend on the model,
assignment strategy, dataset, and evaluation protocol. Table 6 should therefore be read as a
source-specific scale breakdown rather than proof of a universal architectural advantage.
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Table 6. S-scale COCO val2017 AP values reproduced as tabulated in the YOLO26 technical report [16];
YOLO26 values correspond to the standard (one-to-many) head. This source-reported comparison
is not an independent uniform re-benchmark by the present authors; APS, APM, and APL denote
scale-specific AP rather than recall or miss rates.

Model AP APSmall APMedium APLarge

YOLOv9-S 46.8 25.7 49.9 61.0

YOLOv10-S 46.3 26.8 51.0 63.8

YOLO11-S 47.0 29.0 51.7 64.4

YOLOv12-S 48.0 29.8 53.2 65.6

YOLO26-S 48.6 29.5 53.2 65.8

Aggregate AP can conceal substantial differences among small, medium, and large
objects. Table 6 reproduces the S-scale comparison as tabulated in the YOLO26 technical
report [16]. The table provides a traceable reporting source, but it should not be inter-
preted as independent retraining of all baseline models; the values retain the evaluation
provenance assembled by [16].

The comparison shows that small-object performance does not improve monotonically
with release year. APS rises from 25.7 for YOLOv9-S and 26.8 for YOLOv10-S to 29.0 for
YOLO11-S and 29.8 for YOLOv12-S, whereas YOLO26-S reports 29.5 despite achieving the
highest overall AP among the listed YOLO variants. These observations further support
the broader conclusion that architectural progress is inherently multi-objective: a newer
detector may improve overall accuracy or deployment simplicity without dominating every
object scale. Crowd-specific performance is not inferred here because the reporting source
does not provide a common crowd metric for these rows. APS measures precision–recall
performance across IoU thresholds rather than a missed-object proportion. Quantitative
precision and recall complements, including a small-target Ships/Vessels comparison, are
reported separately in Section 7.7; those dataset-level values are not COCO-area-filtered
miss rates.

7.5. Resource Efficiency and Deployment Friendliness

Beyond detection accuracy, deployment decisions are increasingly influenced by
energy efficiency, thermal behavior, memory utilization, and quantization robustness.
Quantization may improve deployment efficiency, but its effects depend on calibration
data, operator coverage, runtime, hardware, and the accuracy metric. The YOLO26 primary
report does not provide a controlled INT8 detection table, and the follow-up overview [46]
discusses quantization robustness only qualitatively; consequently, this review does not
impute INT8 accuracy deltas or latencies for specific models. Table 7 instead defines
the minimum evidence needed for a reproducible deployment comparison: quantized
results should be included only when the FP32/FP16 and INT8 engines are generated
from the same checkpoint, evaluated on the same dataset, and accompanied by a complete
calibration and runtime manifest.

CPU and GPU performance characteristics should be evaluated independently because
they reflect different deployment objectives. The YOLO26 primary report gives 38.9 ms
CPU ONNX latency for YOLO26-N and reports up to 43% higher CPU throughput than
YOLO11-N under its Intel Xeon protocol [16]. YOLOv13 reports 39.97 ms CPU ONNX
latency for YOLOv13-N on an Intel Xeon Platinum 8352V [15]. Because the processors,
runtimes, and measurement procedures are not identical, these values should be presented
as source-specific operating points. Neither primary detection report provides a controlled
Jetson benchmark, frame-time variance, or a universal edge-platform speedup.
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Table 7. Minimum evidence required for reporting quantized YOLO deployment results. This table
is a reporting checklist, not a model-performance ranking.

Evidence Item Required Reporting Fields Reason

Model identity Checkpoint hash, model scale, task
head, input size

Prevents comparison of
non-equivalent graphs

Accuracy baseline Dataset/split, metric, FP32 or FP16 AP,
confidence/NMS settings

Defines the reference from
which quantization loss is
computed

Quantization
PTQ or QAT, bit width,
per-channel/per-tensor scheme,
excluded operators

Quantization methods are not
interchangeable

Calibration Dataset, image count, sampling
strategy, preprocessing

Calibration distribution can
materially affect INT8
accuracy

Runtime Backend, version, precision, batch size,
warm-up, repetitions

Latency depends on software
configuration

Hardware Device, power mode, clocks, thermal
state, memory

Enables reproducibility and
energy interpretation

Statistics Median and tail latency, variance,
throughput, energy, thermal behavior

Mean FPS alone can conceal
unstable deployment behavior

YOLOv13 and YOLO26 represent different design priorities, but the available primary
evidence does not support a shared dense-scene, occlusion, Jetson, or quantization bench-
mark. Table 8 therefore separates reported facts from untested deployment hypotheses.
YOLOv13 introduces HyperACE and FullPAD for high-order correlation modeling [15],
whereas YOLO26 removes DFL, provides native NMS-free inference, and changes branch
supervision and small-target assignment during training [16]. Their source-reported la-
tency and AP values can be listed as operating points, but a definitive application ranking
requires evaluation under the same model scale, runtime, hardware, dataset, and corrup-
tion protocol.

Table 8 supports an evidence-bounded shortlist rather than a categorical recommenda-
tion. YOLOv13 can be evaluated when high-order contextual modeling is relevant, whereas
YOLO26 can be evaluated when a DFL-free and NMS-free deployment graph is desirable.
The final choice must be made through controlled evaluation using the same dataset, model
scale, input size, runtime, precision, and hardware. A hybrid system combining both
families is a prospective research design and should not be presented as a practical solution
until it is experimentally validated.

7.6. Ablation Studies and Module Contributions

Table 9 summarizes representative source-specific ablation studies reported for
YOLOv13 and YOLO26 [15,16]. For YOLOv13-S, the complete HyperACE–FullPAD con-
figuration reaches 48.0 AP compared with 47.1 AP when hypergraph-enhanced distribu-
tion is disabled, while single-path FullPAD configurations reach 47.6–47.8 AP [15]. For
YOLO26, the table reports controlled results for DFL removal, Progressive Loss, STAL,
and MuSGD [16]. These effects should not be interpreted as cumulative across distinct
model families or experimental configurations and should not be generalized to unrelated
architectures, datasets, or training schedules.
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Table 8. Evidence-bounded comparison of YOLOv13 and YOLO26. NR indicates that the primary
detection report does not provide the specified evaluation.

Dimension YOLOv13 [15] YOLO26 [16] Interpretation

Primary design goal
High-order correlation
through HyperACE and
FullPAD

DFL-free, NMS-free,
multi-task
deployment-oriented
design

Different architectural
objectives

Nano COCO operating
point

41.6 AP; 2.5 M; 6.4 G;
1.97 ms T4 FP16

40.9 AP (standard
one-to-many); 40.1 AP (E2E
one-to-one); 2.4 M
parameters; 5.4 GFLOPs;
source-reported T4 TRT10
latency: 1.7 ms

Source-specific; not a
controlled head-to-head
test

CPU ONNX nano latency 39.97 ms on Intel Xeon
Platinum 8352V

38.9 ms under the CPU
ONNX protocol reported
in [16]

Source-specific CPU values;
processor and runtime
details differ, so no direct
speed ranking is inferred

Controlled
dense/occlusion
benchmark

NR NR No cross-model robustness
ranking is supported

Controlled INT8 detection
table NR NR Do not infer quantization

loss from architecture alone

Selection rule
Candidate when
high-order contextual
modeling is relevant

Candidate when DFL-free
and NMS-free deployment
is relevant

Final choice requires
target-specific
measurement

Table 9. Source-specific ablation findings for YOLOv13 and YOLO26. Each delta is computed only
within the model scale, dataset, and training protocol of the cited source; rows are not cumulative
across model families.

Model and Ablation Baseline Modified Result Reported Effect

YOLOv13-S: complete
HyperACE–FullPAD
configuration [15]

47.1 AP 48.0 AP +0.9 AP points

YOLOv13-S: single versus
complete FullPAD
routing [15]

47.6–47.8 AP 48.0 AP +0.2–0.4 AP points

YOLOv13-N:
depthwise-separable
blocks [15]

41.6 AP; 3.1 M parameters;
7.9 GFLOPs

41.6 AP; 2.5 M parameters;
6.4 GFLOPs

AP retained; parameters
and FLOPs reduced

YOLO26-S: DFL removal at
640 pixels [16] 46.0 AP 46.3 AP +0.3 AP points

YOLO26: Progressive
Loss [16] 46.4 E2E AP 46.7 E2E AP +0.3 AP points

YOLO26: STAL [16] 46.6 AP; 29.0 APS 46.8 AP; 29.6 APS +0.2 AP and +0.6 APS

YOLO26: MuSGD [16] 47.0 AP after 600 epochs 47.4 AP after 500 epochs +0.4 AP points; 16.7%
fewer epochs

These results identify source-specific component effects but do not constitute a unified
cross-generation ablation, because architectures and training protocols differ between the
YOLOv13 and YOLO26 studies.
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7.7. Error Analysis and Failure Modes

Systematic error analysis distinguishes false positives, missed detections, and localiza-
tion errors [9–11]. Table 10 separates two within-study comparisons rather than pooling
heterogeneous datasets. Panel A retains the six-model TSL hand-gesture benchmark [41];
Panel B adds the lightweight models from the Ships/Vessels evaluation in [10], a single-
class task in which the target objects are relatively small. Model names follow the respective
sources; matching scale labels does not imply equal parameter counts.

Table 10. Source-reported detection metrics and calculated precision and recall complements. (A) TSL
hand-gesture benchmark [41], reported as means ± standard deviations over three random seeds.
(B) Ships/Vessels benchmark [10], using the nano- and tiny-scale rows of the Ships/Vessels results
figure in [10]. The panels are separate comparisons, and their values must not be pooled.

Model Precision P Recall R mAP@[0.5:0.95] 100(1 − P) (%) 100(1 − R) (%)

Panel A. TSL hand-gesture benchmark [41]

YOLOv8-N 0.961 ± 0.007 0.956 ± 0.016 0.829 ± 0.011 3.9 ± 0.7 4.4 ± 1.6

YOLOv9-T 0.975 ± 0.002 0.966 ± 0.004 0.876 ± 0.003 2.5 ± 0.2 3.4 ± 0.4

YOLOv10-N 0.965 ± 0.003 0.965 ± 0.010 0.859 ± 0.006 3.5 ± 0.3 3.5 ± 1.0

YOLO11-N 0.965 ± 0.002 0.958 ± 0.007 0.844 ± 0.003 3.5 ± 0.2 4.2 ± 0.7

YOLOv12-N 0.974 ± 0.007 0.960 ± 0.004 0.857 ± 0.003 2.6 ± 0.7 4.0 ± 0.4

YOLOv13-N 0.964 ± 0.008 0.953 ± 0.005 0.861 ± 0.005 3.6 ± 0.8 4.7 ± 0.5

Panel B. Ships/Vessels benchmark [10] (single class; small targets)

YOLOv5un 0.635 0.532 — 36.5 46.8

YOLOv8n 0.655 0.533 — 34.5 46.7

YOLOv9t 0.647 0.516 — 35.3 48.4

YOLOv10n 0.584 0.487 — 41.6 51.3

YOLO11n 0.574 0.510 — 42.6 49.0

YOLOv12n 0.571 0.505 — 42.9 49.5

Notes: P, R, and mAP@[0.5:0.95] use a 0–1 scale. Complement columns are calculated percentages,
not additional experiments. In Panel A, the standard deviations are multiplied by 100 under the
linear transformation. Panel B values are calculated from the source’s rounded P and R; uncertainty
estimates are not reported for these rows. Panel B describes missed detections on a small-target
dataset, not a COCO-area-filtered small-object miss rate. Neither panel supports extrapolation
to untested versions such as YOLO26. In Panel B, “—” indicates that mAP is omitted from this
comparison, not that it is unavailable in the source.

To quantify error-related trends, we calculate the complements of the published
precision and recall values: EP = 100(1 − P) and ER = 100(1 − R). For count-based metrics,
P = TP/(TP + FP) and R = TP/(TP + FN), so these complements represent the percentage
of predictions that are false positives and the percentage of ground-truth objects that are
missed, respectively. For class-averaged metrics, the complements retain the source’s
averaging convention and are not reconstructed pooled counts. EP is not the background-
normalized false-positive rate FP/(FP + TN), and EP and ER do not share a denominator;
they must not be summed into an error-category distribution. The comparisons retain the
sources’ evaluation operating points; a common numerical confidence threshold across all
models is not established here.

In Panel A, the precision complement decreases from 3.9% for YOLOv8-N to 2.5%
for YOLOv9-T but subsequently varies between 2.6% and 3.6%. The recall complement
is lowest for YOLOv9-T (3.4%) and highest for YOLOv13-N (4.7%). Neither complement
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decreases monotonically with version number, and these descriptive differences do not
establish statistical significance.

In Panel B, the precision complement ranges from 34.5% (YOLOv8n) to 42.9%
(YOLOv12n), and the recall complement ranges from 46.7% (YOLOv8n) to 51.3%
(YOLOv10n). From YOLOv8n to YOLOv12n, the two complements increase by 8.4 and
2.8 percentage points, respectively, and the recall complement changes non-monotonically
(46.7%, 48.4%, 51.3%, 49.0%, and 49.5%). For the six lightweight models listed in Panel B,
the recall complement ranges from 46.7% to 51.3% under the source’s evaluation protocol
and does not decrease monotonically with version number. These are task-specific trends
under the source protocol, not evidence that newer architectures inherently cause more
errors; because the source does not report recall for a fixed object-area threshold, the results
should not be generalized to all COCO-defined small objects.

The separate error-category analysis in [41] reports 3.4 ± 0.7% missed detections,
2.6 ± 0.5% false positives, and 11.2 ± 1.3% localization errors for YOLOv9-T only. These
diagnostic rates are retained as reported and are presented separately from the calculated
complements in Table 10 because their equivalence in definition and aggregation has not
been established. Table 6 provides complementary COCO scale-specific AP evidence;
APS is not recall and cannot be converted into a miss rate as 100—APS. Together, these
results quantify error-related trends and size-specific accuracy while making explicit that
a common size-conditioned error decomposition across all versions is not yet available.
Future benchmarking should release such a decomposition for every checkpoint under a
shared protocol.

7.8. Reproducibility, Safety, and Governance

Reproducible evaluation requires versioned datasets, environment hashes, pub-
lished seeds, and accessible training/evaluation scripts. Where models operate in safety-
critical contexts (autonomous driving [92,93], medical imaging [139,145,152]), governance
artifacts—dataset documentation [207], model cards [208], bias and robustness audits,
rollback and monitoring procedures—are not optional. Quantization and graph transfor-
mations must be validated with golden test suites so that numerical drift does not escape
into production. The principles articulated here, combined with the compiled benchmarks
reproduced from primary sources, are intended to support rigorous evaluation practice
rather than to replace original experimental verification on the practitioner’s specific de-
ployment hardware, target domain, and operational requirements. Practitioners deploying
any YOLO variant in production should validate primary-source benchmarks against their
own hardware and data, particularly given the documented sensitivity of detection perfor-
mance to hardware-specific operator implementations, library versions, and quantization
toolchain choices.

7.9. Synthesis and Practical Guidance

The compiled results in Figures 18 and 19 provide a source-reported shortlist rather
than a universal ranking. NMS-free families such as YOLOv10 [30] and YOLO26 [16]
are candidates when post-processing simplicity is important; attention-augmented and
hypergraph-based families are candidates when contextual representation is a central
design concern [15,28,31]. These architectural motivations should not be converted into
claims of robustness per millisecond or domain superiority without a controlled evaluation.
Final selection should compare candidate checkpoints on the target data and hardware
using accuracy, scale-specific AP, latency distributions under load, energy, memory, thermal
behavior, calibration, and application-specific failure metrics.
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7.10. Critical Discussion

Trade-offs and open caveats. Architectural evolution should not be interpreted as
evidence of monotonic performance improvement. Anchor-free and one-to-one assignment
strategies alter supervision and decoding, but their effects depend on the dataset, class
imbalance, model scale, and training configuration. C2PSA, Area Attention, and HyperACE
provide different mechanisms for contextual representation; however, controlled cross-
model robustness comparisons under common occlusion, low-light, blur, or corruption
protocols remain limited. NMS-free decoding removes a data-dependent post-processing
stage but does not by itself establish lower frame-time variance or deterministic end-to-end
latency. Evidence for the recent releases comprises primary reports [15,16], secondary
analyses [43,45,46], independent domain-specific evaluations [41,42], and broader multi-
version context [44]. A peer-reviewed uniform-protocol benchmark spanning YOLOv8n
through YOLOv13n found that YOLOv9t, rather than the newest release, achieved the
strongest overall accuracy on a gesture-detection task [41]. An independent document-
domain evaluation found that YOLO11 outperformed the evaluated YOLO26 variants
on form-element detection and that the larger YOLO26 variant showed a pronounced
precision-recall imbalance [42]. Broader multi-version evidence likewise indicates that
newer releases do not necessarily outperform earlier generations under all evaluation
conditions [44]. Results for YOLOv13 and YOLO26 should therefore be interpreted as
source-reported operating points rather than settled domain-general conclusions.

8. Future Directions and Open Challenges
The YOLO family has evolved from a streamlined convolutional detector into a

modular ecosystem spanning gradient-aware aggregation, anchor-free decoupled heads,
attention-augmented backbones, and—most recently—hypergraph-based correlation
modeling [15] alongside deployment-centric architectural simplification [16]. Neverthe-
less, several important challenges and opportunities remain. Real-world deployments
increasingly demand temporal reasoning, multimodal fusion, end-to-end training without
hand-tuned post-processing, and principled methods for measuring robustness, uncer-
tainty, fairness, and environmental impact. This section distills a research agenda that goes
beyond incremental accuracy gains to emphasize capability, calibration, and governance
under realistic constraints.

8.1. Convergence with Transformers and Foundation Models

Contemporary object-detection architectures are increasingly influenced by advances
in transformer-based vision models [209]. Related backbone research includes ConvNeXt,
which revisits convolutional design [210], MobileViT, which combines convolutional and
transformer representations for mobile vision [211], and convolutional stems that improve
the optimization of vision transformers [212]. These studies provide architectural con-
text rather than evidence of direct adoption by a particular YOLO release. DETR [213]
introduced end-to-end set prediction with bipartite matching, while later work used de-
formable attention [214] and other training refinements to improve optimization. RT-
DETR [215] shows that Transformer-based detection can be designed for real-time con-
straints. Within the YOLO family, YOLOv12 uses region-partitioned Area Attention [28],
YOLOv13 introduces hypergraph-based high-order correlation modeling [15], and YOLO26
combines a dual-head detector with DFL-free regression and deployment-oriented training
components [16]. Hierarchical attention in Swin Transformer [216], token-based represen-
tation in ViT [217], and vision-language-action modeling [218] provide broader research
context, but the cited sources do not establish direct causal lineage from these methods
to a specific YOLO release. The architectural directions represented by YOLOv13 and
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YOLO26 may provide useful foundations for future research in temporal, multimodal, and
three-dimensional perception, but those extensions remain research directions rather than
demonstrated model capabilities. MuSGD combines Muon-style orthogonalized updates
with SGD and should not be described as an adaptive-learning-rate method [16].

8.2. Beyond Images: Video, Temporal Memory, and Multimodal/3D Perception

Many safety-critical deployment scenarios involve continuous video streams rather
than isolated images. These scenarios also require handling re-identification, occlusion, and
motion blur. Future YOLO architectures may increasingly incorporate temporal information
as a central design consideration: lightweight temporal memory (recurrent keys/values,
sliding-window attention), motion-aware label assignment, and end-to-end training that
couples detection with association (joint detect-track) to reduce reliance on separately
engineered integration code. Similar opportunities are likely to emerge in multimodal
perception systems: Camera-LiDAR/radar fusion via bird’s-eye-view (BEV) transformation
can leverage cross-attention at the neck, trained under multi-view consistency. Extending
detectors into 3D (or 2.5D BEV) should preserve YOLO’s strengths: vectorized decod-
ing, minimal post-processing, and on-device feasibility. Evaluation of these approaches
should extend beyond mAP to ID switch rates, long-range AP, and degraded-condition
performance across night/weather and compression [174,178,191].

8.3. End-to-End Decoding and Training Efficiency

NMS-free set-prediction approaches include Sparse R-CNN [219], while YOLOv10 [30]
and YOLO26 [16] provide NMS-free YOLO-style inference paths. These designs remove a
data-dependent post-processing stage and simplify deployment graphs, but the primary
reports do not establish production validation or frame-to-frame latency stability across
devices. YOLO26 jointly trains one-to-many and one-to-one branches and progressively
increases emphasis on the inference-time branch [16]. Extending these strategies to related
tasks such as instance segmentation, panoptic segmentation, and multi-object tracking
remains an important area for future investigation requiring task-specific validation. Effi-
ciency should continue to be investigated at the algorithmic level, through lighter attention
and dynamic computation; at the architectural level, through hardware-aware search with
latency or energy objectives [75,220]; and at the numerical level, through mixed precision,
quantization, sparsity, and low-rank adaptation. Compiler and accelerator co-design should
be evaluated for each target runtime. Removing NMS or DFL, favoring kernel-supported
operators, and exposing static shape or range information may simplify execution, but their
latency and accuracy effects must be measured. Future work may explore differentiable
mechanisms for duplicate prediction control while maintaining deployment efficiency
and reporting end-to-end median and tail latency, jitter, throughput under load, and
export accuracy.

8.4. Data-Centric Learning: Self-Supervision, Semi-Supervision, and Synthetic Data

Architectural advances alone are unlikely to sustain long-term progress without corre-
sponding improvements in data quality and diversity. Self-supervised pretraining (masked
image modeling, teacher-student distillation) delivers stronger features for downstream
detection at modest fine-tuning cost. Semi-supervised learning (confidence-aware pseudo-
labels with strong/weak augmentation) offers linear data scaling when annotation is scarce.
An increasingly important research direction involves simulation-based and generative
data synthesis: rendering pipelines and diffusion models can generate rare or safety-critical
scenarios (adverse weather, corner-case poses) with explicit control over pose, lighting,
and occlusion. Recent work by Sapkota et al. [60] demonstrates LLM-generated synthetic
data for agricultural detection achieving superior precision and recall over real-data-only
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baselines. A rigorous program pairs synthesis with domain randomization and domain
adaptation, evaluated under stress tests (ImageNet-C/COCO-C-style corruptions) to avoid
overfitting to visually plausible synthetic images that do not adequately represent real-
world conditions. Within the YOLO ecosystem, Mosaic and CutMix remain widely adopted
augmentation strategies; one promising direction involves more sophisticated curriculum-
based approaches to data governance and sample selection—sampling strategies that
expose tails, balance scales, and correct label noise on the fly.

8.5. Robustness, Uncertainty, Fairness, and Privacy

Detection accuracy alone is insufficient to guarantee trustworthy deployment. Robust-
ness should be systematically evaluated under corruption, occlusion, and distribution-shift
conditions, with detectors instrumented to surface uncertainty—through energy-based
OOD detection [221,222], Bayesian approximation [223], or deep ensembles [224]—that
downstream planners can use. Conformal risk control and post hoc calibration can turn
scores into operational guarantees. Open-set and OOD detection—recognizing unknown
categories or out-of-scope environments—is central for long-lived systems; energy-based
and contrastive methods offer practical baselines. Fairness assessment should extend be-
yond classification tasks and encompass detection-specific failure modes (as demonstrated
by Gender Shades [225]) into detection contexts, where errors correlate with skin tone,
clothing, sensor placement, and geographic representation [102]. Privacy considerations
further motivate federated learning [167,183] with differential privacy [168] in regulated
domains such as medical and financial applications, as well as on-device inference where
feasible [16]. These constraints should be incorporated from the outset rather than ad-
dressed retrospectively.

Published evaluations document fault cases for the newest YOLO variants in the
form of task-, domain-, and object-scale-specific performance limitations, showing that
a newer release or a higher aggregate AP does not by itself guarantee robust behavior.
(i) In an independent document-domain benchmark, YOLO11 outperformed the evaluated
YOLO26 variants on form-element detection, and the larger YOLO26 variant showed a
pronounced precision–recall imbalance [42]. (ii) Under a single uniform retraining protocol
spanning YOLOv8-N through YOLOv13-N, YOLOv9-T rather than the newest release
achieved the strongest overall accuracy on a gesture-detection task, and even this best-
performing model retained measurable missed-detection, false-positive, and localization
errors (Table 10, Panel A, for detection metrics; Section 7.7 for the separate error-category
analysis) [41]. (iii) Across 33 datasets from 11 domains, the ODverse33 benchmark showed
that later releases from YOLOv5 to YOLO11 do not uniformly outperform earlier ones,
with YOLOv9 rather than a later version attaining the highest small-object accuracy [44].
(iv) In the YOLO26 technical report itself, YOLO26-S records a lower small-object AP
than YOLOv12-S despite the highest overall AP among the listed S-scale YOLO variants
(Section 7.4, Table 6) [16]. These findings motivate targeted robustness evaluation but do
not, by themselves, establish performance under controlled image corruptions.

Several measurement practices can also make the robustness of the newest vari-
ants appear more adequate than the evidence supports. First, neither the YOLOv13 nor
the YOLO26 primary report provides a controlled dense-scene or occlusion benchmark
(Table 8), and no standardized corruption or adversarial benchmark results for these vari-
ants were identified in the reviewed literature; in the absence of such evidence, clean COCO
accuracy alone should not be treated as evidence of robustness under these conditions. Sec-
ond, robustness is sometimes attributed to architectural labels such as attention, hypergraph
correlation, or NMS-free decoding without a controlled test; as discussed in Section 7.3,
such mechanisms motivate hypotheses rather than evidence. Third, cross-source retention
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comparisons that mix different checkpoints, corruption implementations, severity sched-
ules, and metrics can produce unfair rankings (Section 7.3, Table 5). Fourth, aggregate
summaries such as detection counts or mean confidence can conceal instance-level failures,
because a missed object may be offset by an additional box that has no counterpart in
the reference result, and the removal of low-confidence detections can leave the mean
confidence of the remaining boxes unchanged or even higher.

Figure 20 illustrates these issues with a self-simulated example. The official YOLO26n
checkpoint [16] was applied at a confidence threshold of 0.25 to a single street scene pho-
tographed by the authors, and four deterministic degradations corresponding to the stress
conditions in Table 5 (low illumination, motion blur, sensor noise, and partial occlusion)
were applied to the same image. The degradations comprised gamma-based darkening ap-
plied to normalized pixel intensities (γ = 2.8, gain = 0.45), a normalized 21-pixel horizontal
motion-blur kernel, zero-mean additive Gaussian noise (σ = 32 on the 0–255 intensity scale;
NumPy random seed = 0), and a uniform gray patch with intensity 114, centered at (0.50 W,
0.46 H) and spanning 32% of the original image width W and height H. Degradations were
applied before inference. BGR images were passed to the Ultralytics YOLO prediction inter-
face using the supplied yolo26n.pt checkpoint, which is configured for end-to-end detection.
Apart from this threshold, the script used the prediction interface’s default preprocessing
and inference settings. Each degraded result was matched one-to-one to the clean-input
detections by greedy class-aware IoU matching (IoU ≥ 0.5, highest overlap first). Low
illumination and occlusion each caused the same small background object to be missed; low
illumination, motion blur, and sensor noise each introduced a detection absent from the
clean input; and motion blur and sensor noise reduced the mean confidence from 0.84 to
0.67 even though no clean-input detection was lost. Under low illumination, the detection
count remained unchanged because the missed object was offset by a new box, and under
partial occlusion, the mean confidence of the three remaining detections rounded to the
same value as that of the clean input (0.84) despite one unmatched clean-input detection.
Because the occlusion patch fully covers the small background object, panel (e) illustrates
the effect of removing visual evidence rather than a failure to detect a still-visible target.
This single-image simulation is a qualitative illustration rather than a controlled benchmark;
it motivates, but does not replace, the per-instance, severity-controlled evaluation protocol
outlined in Table 5.

8.6. Benchmarking, Reproducibility, and Sustainability

Sustainable scientific progress depends on transparent methodologies and compara-
ble evaluation procedures. The field would benefit from standardized evaluation proto-
cols specifically designed for YOLO-family detectors that fix resolution, precision, post-
processing, and evaluation scripts across versions and variants—a need highlighted by
the data-accuracy challenges documented in cross-source benchmark synthesis (Section 7).
Reproducibility artifacts—dataset hashes, seeds, environment manifests, ablation matrices—
should accompany any reported gain. Given the scale of modern training runs, sustain-
ability considerations are becoming increasingly important as training and deployment
costs continue to grow: report energy consumption and estimated emissions alongside
mAP [226–228], and prefer Green AI recipes [229] that reduce wall-clock and hardware
wattage without compromising robustness. In practice, the most impactful advances
are likely to be those that improve accuracy and efficiency while reducing energy and
deployment costs.
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Figure 20. Illustrative self-simulated robustness fault cases of the official YOLO26n checkpoint [16]
(confidence threshold 0.25) on a single street scene photographed by the authors: (a) clean input;
(b) low illumination; (c) motion blur; (d) additive sensor noise; (e) partial occlusion. Each degraded
result is matched to the clean-input detections by class-aware IoU matching (IoU ≥ 0.5): solid orange
boxes denote detections, dashed blue boxes denote clean-input detections that are missed, and
solid purple boxes denote detections absent from the clean input. Panel titles report the number
of detections, their mean confidence, and the missed and new counts. The figure is a qualitative
illustration of the failure modes and measurement pitfalls discussed in Section 8.5, not a controlled
benchmark (see Table 5). Here, “missed” and “new” denote unmatched predictions relative to
the clean-input reference, not ground-truth false negatives or false positives. Mean confidence is
computed over all detections retained at the confidence threshold in each panel and is reported to
two decimal places.

8.7. Outlook

A decade of YOLO research suggests that real-time performance and strong detection
accuracy can often be jointly optimized under appropriate design and deployment condi-
tions, although the achieved trade-off remains dependent on the evaluation protocol and
deployment environment. Future progress is likely to depend on the careful integration of
contextual modeling, end-to-end optimization, data-centric learning, robustness evaluation,
governance, and energy-aware design. Under these conditions, the YOLO family is well
positioned to remain an influential framework for real-time visual perception across a
broad range of application domains rather than a universal default for every application.

9. Conclusions and Practical Recommendations
This review has examined the evolution of the YOLO family from a compact single-

shot detector into a diverse ecosystem of real-time object-detection architectures spanning
fourteen major generations (YOLOv1 through YOLO26) and numerous derivative vari-
ants. We traced the architectural evolution of the lineage (Section 3), synthesized its key
innovations—including hypergraph-based correlation modeling [15] and deployment-
centric simplification [16] (Section 4)—and distilled its evolutionary design principles
through a why–how–what–where analysis (Section 5). We then surveyed domain-specific
deployments across seven application areas with over one hundred concrete case studies
spanning autonomous driving, manufacturing, agriculture, healthcare, robotics, multi-
media, and cross-domain practice (Section 6), and compiled benchmark evidence from
primary sources [9–11,15,16,46] with explicit attention to data accuracy and source prove-
nance (Section 7). Building on the forward-looking agenda in Section 8, this concluding
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section distills the core takeaways and offers concrete guidance for researchers and practi-
tioners facing real deployment constraints.

9.1. Integrated Perspective

Across fourteen major generations introduced between 2016 and 2025, with formal
literature coverage extending through the 2026 YOLO26 report, the YOLO ecosystem
repeatedly revisited information routing, multi-scale fusion, assignment, decoding, and
optimization. CSP, ELAN-family aggregation, attention, and hypergraph mechanisms
represent different approaches to feature reuse and contextual modeling. Anchor-free and
decoupled heads simplify several aspects of prediction, but their accuracy and convergence
effects remain protocol-dependent.

The 2025 releases illustrate increasingly divergent design priorities within the YOLO
ecosystem. YOLOv13 reports a 3.0-AP-point increase over YOLO11-N under its source
comparison and introduces HyperACE and FullPAD [15]. YOLO26 reports up to 43% higher
CPU throughput than YOLO11 under its source protocol and combines NMS-free inference
with DFL-free regression, Progressive Loss, STAL, and MuSGD [16]. Although these
operating points are promising, their broader practical significance will require continued
independent validation across diverse datasets and deployment environments; they should
not be interpreted as a globally Pareto-optimal family or as universal domain winners.

9.2. What the Evidence Supports in Practice

One of the clearest insights emerging from the surveyed literature is that detector
performance depends on the interaction of architecture, optimization strategy, training
data, assignment mechanisms, and deployment conditions rather than on any single archi-
tectural component. Source-specific ablations show benefits from combinations such as
HyperACE with FullPAD in YOLOv13 [15] and L1 supervision, STAL, Progressive Loss,
and MuSGD in YOLO26 [16]; these effects should remain attached to their original baselines
and protocols rather than being generalized as universal percentage gains. From a de-
ployment perspective, NMS-free architectures simplify inference pipelines, although their
benefits remain dependent on runtime, hardware, and application context. Attention and
hypergraph mechanisms provide explicit ways to model broader context, yet robustness
under occlusion, low illumination, or corruption must be demonstrated through controlled
stress tests. Likewise, NAS and quantization-aware design can target hardware constraints,
but their benefit should be reported using paired accuracy, latency, energy, and calibration
evidence on the selected platform. The practical recommendation is therefore procedural:
practitioners should shortlist models by architectural fit, reproduce them under a common
evaluation protocol, and make final decisions based on application-specific error costs and
resource limits.

9.3. Deployment Playbook by Constraint

Because no single detector is optimal for all deployment scenarios, we summarize
guidance as narrative recommendations rather than rigid prescriptions, reflecting the cross-
domain patterns observed in Section 6 (Figure 17) and the quantitative trade-offs compiled
in Section 7 (Figures 18 and 19). Each recommendation below identifies a starting shortlist
rather than a final answer: as emphasized in Sections 7.8 and 7.9, deployment decisions
should be finalized only after validating candidate models on the target hardware and data
of the specific application.

Edge and mobile environments with stringent latency, power, or memory con-
straints: Shortlist compact models with deployment-oriented graphs, including YOLOv10
and YOLO26, together with NAS-generated or lightweight alternatives where appropri-
ate [16,30,75]. Do not assume INT8 readiness from the family name alone: export each
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candidate, calibrate it with representative data, and evaluate accuracy, median and tail
latency, energy, memory, and thermal stability on the target device. Keep input at 480–640
where feasible; apply dynamic resolution and event-driven sampling under thermal pres-
sure, and validate with latency-under-load tests rather than isolated FPS. Smart cameras,
IoT vision, and mobile applications consistently benefit from this profile [193,230].

Cluttered scenes and small or distant targets: shortlist models whose architecture
and source evidence are relevant to contextual and multi-scale representation, including
YOLO11 [31], YOLOv12 [28], and YOLOv13 [15]. Use scale-aware sampling and augmenta-
tion only after validating them on the target data. Report APS, recall by object size, and
crowd- or occlusion-specific metrics rather than relying only on aggregate AP. UAV-based
wildlife monitoring [174,176], dense urban surveillance, and crowded traffic [92,93] exem-
plify settings in which these measurements are relevant. The final model should be selected
through controlled evaluation rather than architectural expectation alone.

High-resolution inspection and defect-analysis applications: Prefer P6/P7 config-
urations or scaled variants with deeper PAN/SPP necks; tile at inference to preserve
spatial detail. Evaluate miss rate and PPV/NPV at native resolution. Industrial de-
fect detection [103,107], medical imaging [141,152], and high-resolution medical image
analysis [162,165] follow this pattern.

Safety-critical and regulated deployment environments: Optimize for calibration and
traceability as much as raw accuracy: report sensitivity at a fixed false-positive rate, provide
model cards and audit logs, fix the exported graphs and their operator-set versions and
numerical precision, and run reference tests after quantization or graph fusion. Favor
on-premises or on-device inference where privacy dictates (medical [139,151], autonomous
driving [92,102], financial). FDA 510(k) and CE-MDR compliance pathways apply for
medical contexts.

Latest-generation selection (2025 models): YOLOv13 and YOLO26 represent different
source-reported design priorities rather than universally dominant application choices.
YOLOv13 introduces HyperACE and FullPAD for high-order correlation modeling and is a
candidate where dense, occluded, or multi-scale scenes are central—urban autonomous
driving [93], crowded surveillance, dense robotics, complex agricultural detection [60]—at
the cost of moderate reported latency (roughly 8–15 ms on T4 for the larger scales) [15].
YOLO26 emphasizes DFL-free regression, NMS-free inference, branch-focused training,
streamlined export (ONNX, TensorRT, CoreML, TFLite, OpenVINO), and up to 43% faster
source-reported CPU inference, making it a candidate for production systems prioritizing
deployment reliability—mobile robotics, IoT cameras, industrial inspection, automotive
ECUs, CPU-only deployment [16]. Use these properties to define a shortlist, then se-
lect a scale and inference path through controlled application-specific evaluation; hybrid
operation involving both families should be described as a prospective design unless
experimentally validated.

9.4. Limits, Risks, and How to Mitigate Them

Despite substantial progress, several challenges continue to affect real-world deploy-
ment across application domains. Distribution shift arising from differences in geography,
weather, sensors, institutions [151], cultivars, and production lines remains a persistent
challenge; its magnitude varies by dataset and protocol and should not be summarized as
a universal percentage. Mitigation strategies include explicit external-domain evaluation,
adaptation, continual monitoring, federated learning where appropriate [167,183], and
controlled corruption testing. Open-set and out-of-distribution scenarios continue to chal-
lenge most closed-world object-detection frameworks; detectors should expose uncertainty
or abstention signals and may be paired with energy-based [221,222] or contrastive OOD
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screening. Data quality issues—including label noise, class imbalance, and annotation
inconsistency—should be addressed through documented curation, active learning, self-
or semi-supervision, and carefully validated synthetic data [60]. Physical adversarial
perturbations remain a separate deployment risk [102]. Without standardized protocols
and energy or thermal measurements, apparent gains may conceal reproducibility and
deployment regressions.

This review has several limitations. First, the comparative tables synthesize values
from primary reports and follow-up studies without independently retraining all models on
standardized hardware; differences in software, precision, batch size, and measurement pro-
cedure remain. Second, the core structured literature search covered publications through
September 2025 and was supplemented by targeted updates completed in August 2026,
including the formal YOLO26 report [16], independent domain-specific evaluations [41,42],
secondary analysis [43], and broader multi-version benchmarking [44]. Third, the analysis
prioritizes English-language publications. Fourth, the domain-evidence matrix in Figure 17
is an author-curated qualitative synthesis rather than a controlled comparative experi-
ment. Consequently, all model-selection guidance requires revalidation on the target data,
hardware, and operational setting.

9.5. Research Outlook and Actionable Next Steps

Several promising research directions emerge from the synthesis presented in this
review. Hybrid CNN-attention architectures with tokenized pyramids and localized atten-
tion may support longer-range reasoning, but their accuracy and latency must be evaluated
under a common protocol [15,28,31]. End-to-end decoding with one-to-one assignment
is exemplified by YOLO26 [16], but production validation across devices and domains
remains an open requirement. Future data-centric research should address rare-event
coverage through self- and semi-supervision, simulation, diffusion-based synthesis [60],
and curriculum-based sampling. Trustworthiness research should prioritize calibrated
uncertainty, out-of-distribution handling, fairness audits [225], and privacy-preserving
or federated learning where appropriate [167,183]. Open-vocabulary detection [202] and
vision-language-action modeling [218] offer directions beyond fixed-class recognition. Fu-
ture benchmark studies should report energy consumption and environmental impact in a
more systematic and transparent manner [226–228].

9.6. Reproducibility and Resource Release

To facilitate reproducibility and independent verification, we recommend the release
of the following artifacts: (i) training and evaluation scripts with fixed seeds; (ii) versioned
dataset manifests and checksums; (iii) export graphs (ONNX/TensorRT/CoreML/TFLite)
with op-set versions and precision flags; (iv) measurement harnesses for latency-under-
load, energy per 1 k frames, and thermal rise; and (v) ablation matrices that isolate module
contributions. Collectively, these resources can improve transparency, reproducibility, and
cumulative progress within the object-detection community, accelerating both academic
and industrial progress. The data-accuracy discipline applied in Section 7—reporting
primary-source values with explicit citations and acknowledging cross-source synthesis
limitations—offers a template for survey authors aiming to support rigorous downstream
evaluation rather than perpetuate unverifiable performance claims. The comparison tables
in this review retain citations to the underlying publications and official implementations.

9.7. Closing Remarks

The evolution of the YOLO family over the past decade demonstrates that real-time ob-
ject detection can continue to advance in capability while maintaining practical deployment
efficiency. The continued relevance of YOLO stems from its ability to continuously refine
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feature representation, optimization strategies, inference mechanisms, and deployment-
oriented design. The emergence of YOLOv13 and YOLO26 highlights two complemen-
tary directions—high-order contextual modeling and deployment-oriented architectural
simplification—whose relative value remains application- and protocol-dependent. As
evaluation standards continue to evolve toward greater reproducibility, robustness, trans-
parency, sustainability, and hardware awareness, the YOLO family is well positioned to
remain a foundational framework for real-time visual perception research and deployment
across the application domains surveyed in this review.
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Abbreviations
The following abbreviations are used in this manuscript:

ADAS Advanced Driver-Assistance System
AP Average Precision
AR/VR/MR Augmented/Virtual/Mixed Reality
BN Batch Normalization
C2f Cross-Stage Partial Bottleneck with Two Convolutions (Faster)
C2PSA C2 module with Partial Self-Attention
CBAM Convolution Block Attention Module
CIB Compact Inverted Block
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CIoU Complete Intersection over Union
CNN Convolutional Neural Network
CPU Central Processing Unit
CSP Cross-Stage Partial (network)
CT Computed Tomography
DETR Detection Transformer
DFL Distribution Focal Loss
DIoU Distance Intersection over Union
DS-Conv Depthwise-Separable Convolution
ECU Electronic Control Unit
E-ELAN Extended Efficient Layer Aggregation Network
EIoU Efficient Intersection over Union
FDA U.S. Food and Drug Administration
FLOPs Floating-Point Operations
FP16/FP32 16-bit/32-bit Floating-Point Precision
FPN Feature Pyramid Network
FPS Frames Per Second
FullPAD Full-Pipeline Aggregation-and-Distribution
GAN Generative Adversarial Network
GELAN Generalized Efficient Layer Aggregation Network
GIoU Generalized Intersection over Union
GPU Graphics Processing Unit
HIPAA Health Insurance Portability and Accountability Act
HOTA Higher-Order Tracking Accuracy
HyperACE Hypergraph-based Adaptive Correlation Enhancement
IDF1 Identification F1 Score
INT8 8-bit Integer Quantization
IoT Internet of Things
IoU Intersection over Union
LiDAR Light Detection and Ranging
LLM Large Language Model
LWIR Long-Wave Infrared
mAP mean Average Precision
MOT Multi-Object Tracking
MOTA Multiple Object Tracking Accuracy
MRI Magnetic Resonance Imaging
MuSGD Muon-Stochastic Gradient Descent (hybrid optimizer)
NAS Neural Architecture Search
NMS Non-Maximum Suppression
NPU Neural Processing Unit
OBB Oriented Bounding Box
OCT Optical Coherence Tomography
ONNX Open Neural Network Exchange
OOD Out-of-Distribution
PANet Path Aggregation Network
PCB Printed Circuit Board
PGI Programmable Gradient Information
PLC Programmable Logic Controller
PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses
ProgLoss Progressive Loss Balancing
PTQ Post-Training Quantization
QAT Quantization-Aware Training
R-CNN Region-based Convolutional Neural Network
R-ELAN Residual Efficient Layer Aggregation Network
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ROI Region-Of-Interest
ROS Robot Operating System
RPN Region Proposal Network
SAR Search and Rescue
SE Squeeze-and-Excitation
SGD Stochastic Gradient Descent
SimOTA Simplified Optimal Transport Assignment
SLAM Simultaneous Localization and Mapping
SoC System on Chip
SPP/SPPF Spatial Pyramid Pooling (Fast)
SSD Single Shot MultiBox Detector
STAL Small-Target-Aware Label Assignment
TAL Task Alignment Learning
UAV Unmanned Aerial Vehicle
ViT Vision Transformer
VLM Vision-Language Model
YOLO You Only Look Once
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