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A B S T R A C T

This study addresses the gap between algorithmic performance and manufacturing decision needs in bakery 
quality control by developing a decision-oriented framework for AI-based visual inspection model selection. 
Three YOLO object-detection architectures, namely YOLOv5, YOLOv8 and YOLOv11, were benchmarked on a 
bakery-defect dataset under nominal and controlled synthetic perturbation conditions, with Faster R-CNN 
included as a non-YOLO baseline. Standard detection metrics, including precision, recall, mAP@50 and 
mAP@50–95, together with inference latency, were translated into three managerial indicators: Risk-Weighted 
Total Cost of Quality (TCQ), Throughput Efficiency (TE) and Waste Reduction Index (WRI). These indicators 
enabled model comparison across high-volume commodity, brand-protection and resource-constrained SME 
production scenarios. Results show that model suitability is scenario-dependent rather than determined by 
aggregate detection accuracy alone. YOLOv11 achieved the most favourable profile in high-speed commodity 
production because its lower latency avoided downtime costs. YOLOv8 provided the lowest TCQ in brand- 
protection and SME scenarios, where weighted missed-defect costs were more influential than throughput los
ses. YOLOv5 did not yield the lowest TCQ under the adopted assumptions, but remained relevant as a lower- 
complexity alternative when false-positive control, waste avoidance or legacy deployment are prioritised. 
Faster R-CNN was consistently dominated in the investigated case. The proposed cost-quality-throughput deci
sion matrix supports small and medium-sized enterprises (SMEs) in selecting “good-enough” architectures based 
on constraints and risk appetite rather than technical accuracy alone.

1. Introduction

Industry 4.0 is reshaping food manufacturing, yet quality control still 
relies heavily on manual inspection. Human evaluation remains essen
tial for subtle sensory defects but is limited by subjectivity, inter- 
operator variability and fatigue, particularly on high-speed lines 
(Munoz, 2002). Because key quality variables are often assessed at 
widely spaced intervals, measurements may not represent the entire 
batch and defective products can reach consumers between checks 
(Görgülü, 2025). Ensuring safety, uniformity and sustainability has 
therefore become a competitive requirement, directly affecting pro
duction efficiency, consumer acceptability and brand trust. This is 
driving the adoption of AI-enabled machine vision (MV) as a Quality 4.0 
enabler for real-time quality monitoring and automated inspection. Such 
systems support the transformation of complex food attributes into 

objective, data-driven quality metrics (Agrawal et al., 2025, Olakanmi 
et al., 2023), thereby improving food safety, operational efficiency 
and sustainability outcomes (Ogidi et al., 2025).

Advances in deep learning (DL) and open-source frameworks have 
moved MV from laboratory prototypes towards industrial deployment. 
Convolutional neural networks (CNNs) and the You Only Look Once 
(YOLO) family learn directly from visual data and can detect complex 
defects such as baking non-uniformity or texture irregularities with 
high, task-dependent accuracy in controlled settings (Khan et al., 2020; 
Olakanmi et al., 2023), supporting real-time monitoring of browning, 
geometry and hygiene in bakery products (Abdanan Mehdizadeh, 2022; 
Tantiphanwadi and Malithong, 2022).

Industrial adoption, however, faces a persistent disconnect between 
algorithmic performance and production economics. Technical studies 
emphasise incremental gains in mAP or F1-score (Li et al., 2024) but 
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rarely link detection accuracy to line-level constraints: heavier models 
may detect more defects yet introduce inference delays that create 
bottlenecks when inspection time exceeds the line cycle time. Standard 
metrics also ignore the asymmetric cost of inspection errors in food 
production, where false positives (FP) mainly generate avoidable scrap, 
whereas false negatives (FN) may entail external failure, liability and 
reputational exposure when safety- or compliance-relevant defects are 
involved (Raak et al., 2017). As a result, manufacturers, particularly 
small and medium-sized enterprises (SMEs), lack operationally inter
pretable tools to weigh the cost of latency against the cost of quality risk 
under explicit production constraints.

This study therefore investigates how AI-based MV model selection 
can be aligned with manufacturing and food-quality priorities in an 
industrial bakery inspection case, arguing that architecture choice 
should be driven by process constraints, error costs and product-quality 
requirements rather than by aggregate accuracy alone. The paper ad
dresses three research questions: 

• RQ1: What are the limitations of current technical metrics in guiding 
the adoption of deep learning inspection systems in food 
manufacturing?

• RQ2: How do selected object-detection architectures, including 
YOLO variants and a non-YOLO baseline, trade off detection per
formance and inference speed across nominal and controlled syn
thetic perturbation conditions?

• RQ3: How can these technical performances be translated into 
managerial indicators integrating cost, throughput and waste-related 
implications to support evidence-based investment decisions 

consistent with Quality 4.0 and Zero-Defect Manufacturing (ZDM) 
strategies?

To address them, a targeted literature review is combined with an 
experimental case study inspired by bakery conveyor inspection, in 
which YOLOv5, YOLOv8 and YOLOv11 are benchmarked as represen
tative real-time detectors and Faster R-CNN is included as a non-YOLO 
baseline. Beyond standard metrics, the analysis applies a decision- 
oriented Cost-Quality-Throughput framework integrating Risk- 
Weighted Total Cost of Quality (TCQ), Throughput Efficiency (TE) and 
Waste Reduction Index (WRI), which operationalises asymmetric in
spection risk and the cost of latency to enable context-sensitive com
parison of model profiles. The purpose is not to identify a single best- 
performing architecture across all scenarios, but to provide a recalibr
able decision logic for aligning model selection with product charac
teristics, line constraints and cost-of-quality priorities.

2. Literature review

2.1. Corpus selection

The literature review is based on a PRISMA-guided search and 
screening protocol (see Fig. 1). The resulting final corpus (n = 18) is 
analysed through three complementary lenses: (i) image acquisition and 
pre-processing (Table 1), (ii) algorithmic families and deployment trade- 
offs (Table 2), and (iii) defect typologies and quality attributes (Table 3). 
Therefore, Tables 1–3 refer to the same set of included studies, viewed 
from different perspectives. The predominance of bakery and 

Fig. 1. PRISMA Flow Diagram. This diagram illustrates the study selection process for the literature review.
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confectionery studies reflects both the distribution of the retrieved in
dustrial MV evidence and the relevance of these categories to the 
downstream empirical case.

2.2. Machine vision for quality assurance

In industrial contexts, MV can be understood as the operational 
extension of computer vision to inspection systems embedded in 

production lines (Terven et al., 2023). By combining image acquisition, 
controlled illumination, processing algorithms and, where required, 
sorting or rejection devices, MV enables non-destructive assessment of 
shape, colour, surface texture and contamination, providing a scalable 
complement to manual inspection, which can be labour-intensive, sub
jective and error-prone.

Food processing is an important domain for MV because product 
safety, uniformity and efficiency are increasingly critical competitive 

Table 1 
Image acquisition and pre-processing techniques in food manufacturing quality inspection applications.

Acquisition 
Type

Image 
Resolution 
[pixels]

Experimental Conditions Application Context Algorithm/ 
Processing

Ref.(s)

Digital 
camera

256x256, 
150x150

Camera at 90◦ to object; two D65 
light sources at 45◦. Vertical setup 
at 24 cm with dual flashlights.

Conveyor-belt image 
capture for real-time 
inspection

Machine vision, 
CNN, machine 
learning

(Abdanan Mehdizadeh, 2022; Drogalis et al., 2024; 
Gökmen and Mogol, 2010; Mogol and Gökmen, 2014; 
Rezagholi and Hesarinejad, 2017; Rohan Joel and 
Benjamin, 2024; Tantiphanwadi and Malithong, 2022)

Optical 
camera

1024x768 Natural lighting, no artificial 
source.

Single-image 
geometric feature 
extraction

Support vector 
machine (SVM)

Mannaro et al. (2022)

Overhead 
camera

227x227x3 
2000x2000 
2376x584

Camera at 90◦ to objects under 
controlled illumination.

Conveyor-belt 
acquisition for surface 
analysis

CNN (Kılcı and Koklu, 2025; Li et al., 2024; Tutuncu et al., 
2023)

Blackout 
chamber

1024x512 Vertical camera orientation; LED 
illumination for uniform light field.

Single-image capture 
during baking process

Machine learning Lee et al. (2023)

Table 2 
Overview of traditional machine learning (feature-based) methods, deep learning (CNN-based) models and YOLO-family object detectors, highlighting typical tasks, 
computational load, main advantages and limitations from an industrial deployment perspective.

Category/ 
Model

Technology Task/Application Reported 
computational 
requirement

Advantages Limitations Reference(s)

Deep learning 
(CNN)

VGG16 (Visual 
Geometry Group 
16-layer network)

Transfer learning and fine- 
tuning with image 
augmentation for feature 
extraction and classification.

Training time: 
42.1 min (30 
epochs), single GPU.

- Established and 
reliable architecture. 
- Suitable for 
classification and pre- 
processing tasks.

- High memory and 
training time 
requirements. 
- Increases operational 
and energy costs.

(Tantiphanwadi and 
Malithong, 2022; 
Tutuncu et al., 2023)

Deep learning 
(YOLO object 
detectors)

YOLOv3 Object detection under edge 
computing conditions.

GPU: NVIDIA RTX 
2080 Super, 64 GB 
RAM.

-Real-time detection 
and good inference 
speed. 
-Suitable for embedded 
and low-latency 
applications.

-Limited accuracy for 
small or overlapping 
objects. 
-Degraded performance 
in visually dense 
environments.

Chen et al. (2022)

YOLOv5 Object detection and foreign 
body identification.

NA -Balanced trade-off 
between speed and 
accuracy. 
-Broad community 
support and 
documentation. 
-Compatible with 
mainstream GPU.

-Suboptimal on complex 
datasets. 
-Limited scalability for 
high-variability industrial 
environments.

Rohan Joel and 
Benjamin (2024)

YOLOv7 Object detection and 
aesthetic quality inspection.

10.9 ms per frame; 
73.1 MB model size.

-High GPU efficiency. 
-Improved accuracy. 
-Suitable for automated 
production lines.

-Increased architectural 
complexity 
-Requires dedicated 
hardware and expert 
configuration.

Li et al. (2024)

YOLOv8 Object detection and 
cooking stage recognition 
(browning stage 
classification).

NA -Unified framework for 
detection, 
segmentation, and 
classification. 
-High flexibility and 
user-friendly interface.

-Requires advanced 
hyperparameter tuning. 
-Dependent on well- 
annotated datasets and 
robust validation 
pipelines.

Kılcı and Koklu (2025)

Traditional 
Machine 
Learning

SVM Image segmentation and 
feature-based classification.

Evaluation period: 
Jan 2020–Mar 2021.

-High accuracy on small 
datasets. 
-Effective in binary 
problems.

-Limited scalability. 
-Sensitive to kernel and 
parameter selection. 
-Manual tuning for high- 
dimensional datasets.

Mannaro et al. (2022)

Random Forest 
(RF), k-Nearest 
Neighbors (KNN)

Panel volume, colour 
measurement and statistical 
analysis.

Arduino Uno 
hardware 
integration

-Direct integration with 
industrial machinery. 
-Effective for process 
monitoring.

-Sensitive to 
environment. 
-Requires frequent 
calibration to ensure 
reproducibility.

(Khan et al., 2020; Lee 
et al., 2023)
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levers (Piovano et al., 2026). As consumer awareness of quality and 
sustainability intensifies, manufacturers must guarantee sensory con
sistency and hygienic quality while controlling costs and reducing waste 
(Xiao et al., 2022; Feng et al., 2025). MV systems address this need 
through in-line inspection on conveyors and along thermal-processing 
stages, supporting earlier defect detection, rework reduction and feed
back to process control. Applications range from monitoring surface 
browning during baking, associated with Maillard-driven colour devel
opment and the underlying heat- and mass-transfer processes governing 
crust formation (Purlis, 2010), to detecting foreign bodies and 
hygiene-related non-conformities, to assessing geometric and aesthetic 
conformity of high-volume bakery products (Abdanan Mehdizadeh, 
2022; Li et al., 2024; Srivastava et al., 2014; Tutuncu et al., 2023). 
Representative acquisition and pre-processing configurations are sum
marised in Table 1, which is illustrative rather than exhaustive.

2.3. From traditional machine vision to YOLO

Early MV applications in food relied on handcrafted features and 
traditional classifiers such as Support Vector Machines (SVM), Random 
Forests (RF) or k-Nearest Neighbors (KNN) to perform tasks like colour 
grading, segmentation and basic defect classification in bread, biscuits 
and other baked products. These approaches can perform well on small, 
well-controlled datasets and are compatible with low-cost hardware, but 
they scale poorly to high-variability, real-time industrial environments 
and require substantial parameter tuning (Reichenstein et al., 2022). 
From a Quality 4.0 perspective, such rule-based systems reflect early 
stages of digitalisation, in which quality data remain fragmented and 
only partially integrated with higher-level information systems, limiting 
automated, evidence-based decision-making across the value chain 
(Chiarini & Kumar, 2022).

Deep learning has progressively replaced these pipelines with end-to- 
end architectures. CNNs have been successfully used for classifying 
baking stages and aesthetic quality (Tantiphanwadi and Malithong, 
2022; Tutuncu et al., 2023). However, many industrial food-inspection 
tasks require not only image-level classification, but also real-time 
localisation of multiple defects on moving products, which makes 
end-to-end detection architectures more directly applicable in 
conveyor-based settings.

More recently, the YOLO family of object detectors has become 
prominent in real-time food inspection because it often offers a 
favourable balance between detection capability and inference speed. As 
summarised in Table 2, recent studies frequently report competitive 
performance of YOLO variants in visually complex inspection tasks (J. 

Chen et al., 2022; Kılcı and Koklu, 2025; Li et al., 2024; Rohan Joel 
and Benjamin, 2024). At the same time, the move towards end-to-end 
learning and automated feature extraction is aligned with Quality 4.0's 
emphasis on automatic data collection and vertical/horizontal integra
tion of quality information with enterprise resource planning (ERP), 
manufacturing execution systems (MES) and supervisory control and 
data acquisition (SCADA) systems for real-time, evidence-based quality 
control (Chiarini & Kumar, 2022).

These performance gains come with higher demands in terms of GPU 
availability, dataset quality and specialised skills for training and tun
ing. As summarised in Table 2, the literature portrays a clear trade-off: 
lightweight, traditional algorithms minimise upfront investment but 
offer limited robustness and generalisability, whereas DL approaches, 
and YOLO-based detectors in particular, capture complex visual non- 
conformities more effectively but require greater data, hardware and 
organisational resources. This resonates with Quality 4.0 adoption 
studies, which identify perceived cost and time savings and the avail
ability of enabling infrastructures as key drivers for investing in digital 
quality tools, especially in resource-constrained settings (Sony and Naik, 
2020; Talaie et al., 2024). What remains underexplored is how the 
accuracy-latency trade-off changes when detectors are evaluated under 
explicit resource and deployment constraints relevant to industrial food 
inspection.

2.4. Defect typologies and quality attributes

After considering the main algorithmic families, it is necessary to 
clarify which defects MV systems are expected to detect and how these 
defects relate to economic and quality outcomes. While the review 
covers food MV broadly, this subsection emphasises bakery and con
fectionery because these domains are both highly represented in the 
screened corpus and directly aligned with the empirical case study 
developed in Section 4. In bakery and confectionery applications, 
studies converge on a relatively stable set of defect typologies. Using the 
same screened corpus underlying Tables 1 and 2, Table 3 synthesises 
these recurrent defects, linking them to representative products, algo
rithms and performance metrics. Although the case study discussed in 
Section 4 is drawn from a bakery context, the defect families synthesised 
in Table 3 are not product-specific. Thermal and colour deviations, 
structural or geometric defects, compliance defects, and overall visual 
conformity recur across multiple food categories, including baked 
goods, confectionery, and ready-to-eat foods. Therefore, any trans
ferability of the proposed framework should be considered primarily at 
the level of recurrent defect families, inspection objectives, and risk- 

Table 3 
Mapping recurrent defect types (cooking, hygienic/compliance, geometric and overall aesthetic quality) to representative products, algorithms, computer-vision tasks, 
performance metrics and dataset sources.

Defect Type Description Products 
Analysed

Algorithms 
Used

Vision Task Performance Metrics Dataset Reference(s)

Cooking 
Defects

Assessment of cooking 
stage (undercooked/ 
optimal/overcooked) 
based on thermal and/or 
colour threshold.

Cupcakes, 
biscuits, bread, 
cake, fried 
potatoes

CNN 
(VGG16), ML

Image segmentation, 
transfer learning, 
colour and volume 
measurement

Browning ratio, 
accuracy, precision, 
recall, F1-score, p- 
value, volume

Private 
and 
public

(Gökmen and Mogol, 2010; 
Mogol and Gökmen, 2014; 
Abdanan Mehdizadeh, 2022; 
Tantiphanwadi and 
Malithong, 2022)

Hygienic/ 
Compliance 
Defects

Detection of gluten 
presence and potential 
mould contamination.

Cake, bread MV, CNN 
(YOLOv5)

Crumb and crust 
image processing; 
defect identification 
and classification

L*, a*, b* colour 
parameters, 
precision, recall, F1- 
score

Private 
dataset

(Rezagholi and Hesarinejad, 
2017; Rohan Joel and 
Benjamin, 2024)

Geometric 
Defects

Surface imperfections 
(bubbles, cracks, stains), 
shape irregularities, and 
incorrect ingredient 
distribution.

Candy, 
biscuits, pane 
carasau

CNN 
(YOLOv3/v7/ 
v8), SVM, ML

Segmentation and 
classification; defect 
identification; feature 
extraction

Precision, recall, F1- 
score, mAP@50, 
mAP@50–95, 
confusion matrix

Private 
and 
public 
datasets

(Chen et al., 2022; Mannaro 
et al., 2022; Drogalis et al., 
2024; Li et al., 2024; Kılcı 
and Koklu, 2025)

Overall 
Aesthetic 
Quality

Evaluation of product 
conformity and 
marketability (sellability, 
visual appeal).

Milk powder, 
bread, taralli 
biscuits

MV, ML Global classification 
of defect classes; 
aesthetic scoring

Precision, recall, F1- 
score, mAP@50, 
mAP@50–95, 
confusion matrix

Private 
dataset

(Khan et al., 2020; Tutuncu 
et al., 2023)
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bearing quality categories, rather than assumed at the level of a specific 
product or process context.

Four main clusters can be distinguished: 

1. Cooking defects, referring to undercooked, optimal and overcooked 
products identified through crust and crumb colour and texture. 
These markers are closely associated with Maillard reaction progress 
and heat load, influencing flavour development and textural changes 
in the crust. Therefore, MV-based browning assessment can support 
more consistent baking and thermal processing, reducing rework and 
scrap while supporting process monitoring relevant to acrylamide- 
mitigation strategies (Capuano et al., 2008; Abdanan Mehdizadeh, 
2022; Lee et al., 2023).

2. Hygienic and compliance defects, including visible contamination, 
mould-related anomalies, allergen-related non-conformities and 
other compliance-relevant defects in bread, cakes and dairy, where 
MV may complement laboratory testing by enabling earlier in-line 
screening and rejection (Lee et al., 2023; Tutuncu et al., 2023). 
The non-destructive detection of these defects is vital not only for 
ensuring food safety but also for protecting company reputation, as 
foreign contaminants pose risks to both consumer health and brand 
image (Yin et al., 2021).

3. Geometric defects, such as irregular shapes, bubbles, cracks, stains or 
non-uniform ingredient distribution in biscuits, candies and tradi
tional breads. These attributes directly influence visual appearance, 
which represents the dominant and often primary sensory modality 
in human perception, useful for initial product evaluation 
(Hutmacher, 2019). YOLO-based detectors and SVMs are frequently 
adopted to classify and localise such defects on high-speed conveyors 
(Li et al., 2024; Mannaro et al., 2022).

4. Overall aesthetic quality, defined as global “sellability” or visual 
conformity, typically encoded as multi-class quality labels (e.g. 
acceptable, rework, reject) and directly linked to customer percep
tion and product positioning.

These defect typologies are not merely technical categories; they act 
as proxies for scrap, rework, food-safety risk and brand perception. In 
cost-of-quality terms, cooking and geometric defects are more 
commonly associated with internal failure costs, whereas hygienic or 
compliance-related defects may generate more severe external failure 
consequences, including recalls and reputational damage (Verna et al., 
2022).

Technical performance is usually reported through precision, recall, 
F1-score, confusion matrices and, for object detection, mAP@50 or 
mAP@50–95 (Everingham et al., 2010; Senni et al., 2014). Some studies 
also incorporate physical attributes (e.g. volume, aspect ratio) for baked 
goods. In parallel, economic inspection models connect these error rates 
to inspection, rework and failure costs, and propose composite in
dicators such as the Return on Investment of Inspections (ROII) to 
evaluate inspection strategies and support ZDM goals (Verna et al., 
2022).

2.5. Adoption and the managerial gap

Beyond academic prototyping, MV is increasingly deployed in in
dustrial lines as a Quality 4.0 enabler, yet a persistent gap remains be
tween the technological maturity of algorithms and the frameworks 
guiding their adoption. This study addresses three such gaps: (i) the 
limitations of technical metrics alone for ZDM-oriented decisions and 
the lack of risk- and latency-aware evaluation (Section 2.5.1); (ii) the 
scarcity of comparative, decision-oriented evidence on “good-enough” 
architectures under SME constraints (Section 2.5.2); and (iii) the frag
mented integration of Quality 4.0 principles with concrete inspection 
design choices (Section 2.5.3).

2.5.1. Limits of technical metrics in ZDM
Most computer-vision studies still evaluate models almost exclu

sively through technical indicators. These metrics are necessary for en
gineering validation but are insufficient for ZDM-oriented decision- 
making. ZDM research stresses that defect elimination must be balanced 
against resource consumption and cost-of-quality trade-offs, rather than 
pursued as an abstract “zero defect” ideal (Psarommatis et al., 2020). 
Recent cost-modelling work on inspection reinforces this view by 
explicitly integrating inspection costs, rework and replacement costs, 
and the costs of poor quality due to inspection errors into a single per
formance measure, thus showing that Type I and Type II errors have 
structurally different economic impacts (Verna et al., 2022).

In food inspection, missing a safety- or compliance-relevant defect 
(FN) can generate external failure and reputational losses that greatly 
exceed the cost of scrapping borderline products (FP). In premium or 
brand-sensitive contexts, even major sensory non-conformities may 
carry non-negligible commercial consequences, although typically with 
a different severity profile. Moreover, the emerging Quality 4.0 litera
ture defines flawless, highly automated procedures as a key objective 
(Radziwill, 2020; Talaie et al., 2024), but it rarely quantifies the “Cost of 
Latency”: the economic penalty incurred when a technically accurate 
model is too slow to keep up with line cycle times, forcing buffers, 
rework loops or reduced throughput. Studies on AI-enabled in-process 
inspection in other manufacturing contexts highlight that hardware 
acceleration may be necessary to prevent the inspection system itself 
from becoming a production bottleneck (Villalba-Diez et al., 2019). 
Overall, managers are left without operational tools to translate tech
nical performance (mAP, latency) into risk-weighted cost-of-quality in
dicators that are coherent with ZDM strategies.

2.5.2. Limited comparative evidence on “good-enough” architectures for 
SMEs

A second gap exists in the level of analysis applied to digital quality 
technologies. Existing research tends to be either broadly conceptual 
(focusing on maturity models or systemic enablers) or narrowly tech
nical, optimizing a single algorithm on a proprietary dataset (Sony and 
Naik, 2020; Chiarini & Kumar, 2022). This leaves a methodological 
“missing middle” where concrete, practical decisions between 
competing technologies are seldom examined. For SME food manufac
turers, however, the critical challenges are more specific: deploying 
systems on limited-capacity edge devices, operating in harsh environ
ments, and relying on multi-skilled staff instead of data science spe
cialists. Consequently, the central question for these firms shifts from 
achieving peak benchmark accuracy to identifying a model that provides 
“sufficient” performance within strict constraints of cost, energy use, 
and skill requirements. While economic models (e.g., ROII frameworks) 
exist to rank inspection strategies by cost-of-quality, they are rarely in
tegrated with systematic, operationally interpretable comparisons of 
deep-learning architectures in food-production settings. This disconnect 
leaves an important evidence gap for selecting viable, “good-enough” 
technologies aligned with the capabilities and resource profiles of SMEs.

2.5.3. Fragmented integration of quality 4.0
Finally, while Quality 4.0 research rightly stresses that digital tools 

must align with strategy, culture, and customer objectives to create 
value, a critical disconnect persists. Existing frameworks highlight in
tegrated data flows and automated processes to enable evidence-based 
decisions (Chiarini & Kumar, 2022; Talaie et al., 2024). Yet, few 
studies explicitly bridge these strategic imperatives with the concrete 
technical choices involved in designing an automated inspection system, 
such as selecting an inspection mode (offline, in-line, mixed-reality) or a 
specific model architecture. Evidence indicates that perceived costs, 
infrastructure, and organisational resistance shape investment de
cisions, especially under constraints. However, there is little guidance on 
how different technical configurations (e.g., a lightweight vs. a 
high-accuracy model) support fundamentally different manufacturing 
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strategies, such as high-throughput commodity production versus pre
mium, brand-protective operations. This fragmentation risks preventing 
machine vision from evolving into a coherent strategic capability, rel
egating it instead to the status of an isolated technical project.

2.5.4. Contribution of this study
Addressing these gaps, this study contributes a decision-oriented 

framework for translating AI-based visual inspection performance to 
manufacturing strategy and cost-of-quality implications. Building on 
ZDM-oriented cost modelling and Quality 4.0 frameworks, it combines a 
PRISMA-guided synthesis of food MV evidence with an experimental 
bakery inspection case benchmarking multiple YOLO variants, plus a 
non-YOLO baseline, under nominal and controlled synthetic perturba
tion conditions. The emphasis is placed on translating model perfor
mance into operationally interpretable indicators, rather than on 
proposing a new detection architecture. By jointly evaluating technical 
indicators (precision, recall, mAP, latency) and managerial indicators 
(Risk-Weighted TCQ, TE and WRI), it links asymmetric inspection risk, 
throughput feasibility and waste-related implications within a single 
cost-quality-throughput logic. TCQ, TE and WRI are not introduced as 
new theories, but as adapted decision-support indicators that translate 
model performance into manufacturing relevance under explicit as
sumptions (Fig. 2). The framework supports structured comparison 
among model profiles across production priorities and resource con
straints, while acknowledging that transferability beyond the investi
gated bakery case requires further validation.

3. Methodology

To bridge the gap between algorithmic performance and 
manufacturing strategy, this study adopts a multi-stage research design 
comprising model selection and experimental setup (Sections 3.1-3.2), a 
hierarchical performance evaluation framework (Section 3.3) and an 
economic scenario analysis (Section 3.4).

3.1. Research design

The selection of the YOLO framework is motivated by process 
compatibility with real-time industrial inspection rather than by algo
rithmic novelty. Three YOLO generations were selected to sample the 
accuracy-latency trade-off within a real-time, single-stage detection 
family: YOLOv5, as a mature and widely adopted model; YOLOv8, as a 
more recent anchor-free architecture; and YOLOv11, as a newer itera
tion designed for improved computational efficiency (Cai et al., 2025). 
The full set of technological and organisational criteria that guided 
model inclusion is summarised in Table 4.

The benchmark was centred on these three YOLO variants because 

the objective was to compare alternative real-time profiles under oper
ational constraints, not to exhaustively review the state of the art in 
object detection. However, to avoid limiting the empirical evidence to a 
single detector family, Faster R-CNN was added as a conservative non- 
YOLO baseline (Ren et al., 2017). Its inclusion provides a useful refer
ence point for assessing whether a two-stage detector, typically associ
ated with stronger localisation logic but higher computational burden, 
would offer a competitive cost-quality-throughput profile in the inves
tigated setting. The four models should therefore be interpreted as a 
structured comparison between three real-time YOLO alternatives and 
one established non-YOLO baseline, rather than as an exhaustive 
model-selection study.

3.2. Experimental setup and synthetic perturbation protocol

All experiments were conducted on an NVIDIA T4 GPU. This 
computational setting was selected to provide a constrained and oper
ationally relevant environment, rather than to emulate a specific in
dustrial edge device. The YOLO models were implemented using 
Ultralytics workflow, while Faster R-CNN was included as a non-YOLO 

Fig. 2. Schematic overview of the multi-stage research methodological framework.

Table 4 
Technological and organisational criteria guiding the inclusion of YOLOv5, 
YOLOv8, YOLOv11 and Faster R-CNN in the empirical study, with a focus on 
real-time capability, architectural comparability, and relevance for small and 
medium-sized food manufacturers.

Selection Criterion Description and SME- 
oriented Rationale

Models Included/ 
Excluded

Framework support 
and stability

SMEs require reliable, low- 
maintenance repositories.

Included: YOLOv5, 
YOLOv8, YOLOv11. 
Excluded: poorly 
maintained or obsolete 
YOLO releases.

Representation of 
architectural 
evolution

Multiple YOLO generations 
were included to capture 
changes in the accuracy- 
latency trade-off within a 
comparable real-time 
detection family.

Included: YOLOv5, 
YOLOv8, YOLOv11.

Accuracy–latency 
trade-off

Real-time inspection 
requires detection 
performance to be 
evaluated jointly with 
inference speed, since slow 
models may become 
production bottlenecks.

Included: all YOLO 
variants and Faster R- 
CNN.

Non-YOLO reference 
baseline

A two-stage detector was 
included to provide a 
conservative architectural 
benchmark beyond the 
YOLO family.

Included: Faster R-CNN.
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baseline and evaluated under the same dataset conditions. To reduce the 
dependence of the results on a single random initialisation, each model- 
condition combination was evaluated over three independent runs. The 
main YOLO training settings are reported in Appendix Table A1, while 
the corresponding YOLO training and validation loss curves are pro
vided in Appendix Figure A1 as convergence diagnostics. Faster R-CNN 
was implemented in PyTorch and evaluated under the same dataset 
conditions. Training was aligned with the YOLO experiments in terms of 
epochs and batch size, while inference latency was measured per image 
on the same NVIDIA T4 GPU.

The empirical study uses a publicly available bakery-defect dataset 
composed of cracker images acquired in a conveyor-belt inspection 
setting. The dataset was selected for its relevance to conveyor-based 
visual inspection and its compatibility with object-detection annota
tion. The original release included two labelled classes, Normal and 
Cracked. For the purposes of the present study, all images and annota
tions were manually reviewed, the existing labels were checked, and a 
third class, Over-baked, was manually added to enable a three-class 
defect analysis aligned with the study objectives. In the present work, 
the Over-baked class is treated as a visual proxy for severe thermal- 
processing non-conformities associated with excessive browning and 
potential risk-bearing quality deviations in bakery products (Purlis, 
2010). To compare model behaviour under less ideal visual condi
tions, a controlled synthetic perturbation protocol was implemented 
(Table 5). The protocol applies shear and Gaussian blur to generate a 
synthetically perturbed dataset condition. These perturbations are used 
as a reproducible methodological proxy for selected acquisition degra
dations consistent with augmentation-based evaluation practices in 
applied deep learning (Mumuni and Mumuni, 2022), rather than as a 
physical simulation of specific industrial disturbances.

The two dataset conditions were defined as follows. The Nominal 
condition used standard preprocessing, including auto-orientation and 
resizing to 640 × 640 pixels, and served as the reference condition. The 
Synthetic Perturbation condition used the same base corpus reprocessed 
with a more aggressive augmentation schedule, including horizontal 
flip, shear and blur. This condition was designed to increase visual 
variability and partially reduce class asymmetry. It should therefore be 
interpreted as a controlled comparison between two dataset conditions, 
not as a pure test-time robustness benchmark.

Class imbalance was addressed through manual relabelling, dataset 
restructuring and controlled augmentation, with the aim of increasing 
variability and partially reducing class asymmetry rather than imple
menting advanced reweighting or resampling strategies. Given that an 
independent external validation dataset was not included and that the 
test subsets were relatively modest in size, the findings should be 
interpreted as evidence from a controlled three-class bakery case study. 
The objective is not to provide a general benchmark across food cate
gories, but to examine how technically comparable detectors, com
plemented by a non-YOLO baseline, lead to different managerial 
implications once error type, throughput constraints and scenario- 
specific cost assumptions are considered.

3.3. Performance evaluation framework

The evaluation follows a hierarchical structure designed to link 
technical metrics directly to managerial outcomes.

3.3.1. Technical metrics
Technical performance is characterised by Precision, Recall, 

mAP@50 and mAP@50-95, and end-to-end latency (ms), following 
established computer vision evaluation protocols (Terven et al., 2023; 
Dikici and Robinson, 2024). Consistent with the repeated-run protocol 
described in Section 3.2, all aggregate metrics are reported as mean ±
standard deviation over three independent training runs (Table 7), while 
class-level metrics for each model and condition are provided in Ap
pendix Table A2.

3.3.2. Managerial key performance indicators (KPIs)
To translate technical performance into organisational value, three 

specific KPIs are introduced, building on the approaches of Wuest et al. 
(2016). The three KPIs are presented as complementary 
decision-support indicators addressing three distinct managerial ques
tions: the economic burden of inspection errors (Risk-Weighted TCQ), 

Table 5 
Composition and augmentation characteristics of the two dataset conditions used for the comparative experiments.

Data Property Nominal Set Perturbation Set Rationale

Total images 658 1045 Higher variability for controlled robustness testing and partial reduction of class 
asymmetry.

Split (train/val/ 
test)

537/81/40 924/81/40 Comparable validation/test sets for aligned evaluation across the two dataset 
conditions.

Pre-processing Auto-orient; resize 
640×640

Auto-orient; resize 640×640 Uniform image scale.

Data augmentation Horizontal flip Horizontal flip; shear ±10◦ H/V; blur 
4.3 px

Introduces controlled synthetic distortions and blur compatible with conveyor-based 
inspection scenarios.

Note: Object-level class distributions for each dataset split are reported in Appendix Table A3. Because the task is object detection rather than image-level classification, 
multiple product instances may be present within a single frame.

Table 6 
Stylised operational assumptions and scenario-dependent decision weights used 
in the comparative economic simulation (Commodity, Brand Protection, SME).

Parameter Measurement 
Unit

Scenario A: 
Commodity 
(High 
Volume)

Scenario B: 
Brand 
Protection 
(Quality 
Focus)

Scenario C: 
SME 
(Resource 
Constrained)

Strategic 
Priority

- Speed & 
Throughput

Zero-Defect/ 
Compliance

Cost & Waste 
Reduction

Batch Size Units 100000 50000 20000
Target Line 

Speed
Frames per 
second (FPS)

50 (High 
Speed)

30 (Moderate) 45 (Standard)

Cscrap €/unit 0.01 0.05 0.02
CQ €/unit 0.10 (Low 

Impact)
1.00 (Brand 
Impact)

0.25 (Local 
Reputation)

CS €/unit 1.00 
(Regulated)

5.00 (Critical) 2.00 (High)

Cdowntime €/hour 1000 (Major 
Loss)

500 
(Manageable)

200 (Low)

Operational 
Rationale

- High- 
saturation 
lines where 
latency 
causes direct 
revenue loss 
via Tloss

Premium 
segments 
where safety 
failures NFN,S 

trigger severe 
penalties.

Smaller 
batches where 
hardware 
budget is 
limited and 
waste 
disposal (FP) 
is a key KPI.

Note: Cost parameters are scenario-dependent decision weights. Cdowntime de
notes the marginal opportunity cost of latency-induced production-time loss. 
Their hierarchy Cscrap < CQ < CS follows CoQ/PAF logic, distinguishing in
ternal scrap from aesthetic external failures and safety-related external failures.
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the ability to sustain the required production rate (TE), and the pre
vention of unnecessary waste (WRI). 

(i) Economic Impact: Risk-Weighted Total Cost of Quality (TCQ)

Adapting traditional Cost of Quality (CoQ) models, and specifically 
the Prevention-Appraisal-Failure (PAF) logic that distinguishes internal 
from external failure costs, a Risk-Weighted TCQ is proposed (Farooq 
et al., 2017; Plunkett and Dale, 1987; Porter and Rayner, 1992). This 
model decomposes external failure costs into distinct tiers based on 
defect severity, a critical distinction in food manufacturing, where 
missing a safety hazard has fundamentally different financial conse
quences than missing an aesthetic flaw. The TCQ per batch is calculated 
as: 

TCQ =
(
NFP⋅Cscrap

)
+
(
NFN,Q⋅CQ

)
+
(
NFN,S⋅CS

)
+ (Tloss⋅Cdowntime) (1) 

Where: 

• NFP: Number of compliant items incorrectly rejected (Internal Fail
ure) [units].

• Cscrap: Unit production cost (materials, energy) lost due to scrap 
[€/units].

• NFN,Q (Aesthetic Risk): Number of “Cracked” items missed. These 
represent functional/aesthetic defects affecting consumer satisfac
tion but not safety [units].

• CQ: Cost of non-conformance for aesthetic defects (e.g., customer 
complaints, minor refunds) [€/units].

• NFN,S (Safety Risk): Number of “Over-baked” items missed. These act 
as a proxy for chemical contamination risks (see Section 3.3) [units].

• CS: Cost of non-conformance for safety defects (e.g., recalls, regula
tory penalties, brand damage) [€/units].

• Tloss (Downtime Loss): Production time lost if the model's inference 
speed is slower than the line target [h].

• Cdowntime: Hourly opportunity cost of production stoppage [€/h].

It is worth noting that the “Cost of Latency” (Tloss ⋅Cdowntime) explicitly 
monetizes production losses caused by algorithms slower than the line 
target, a variable often neglected in computer vision literature 
(Hanhirova et al., 2018). In practical terms, TCQ increases when the 
model misses costly defects or generates unnecessary rejects. Lower 
values indicate better risk-cost performance. 

(ii) Operational Impact: Throughput Efficiency (TE)

Adapted from the Overall Equipment Effectiveness (OEE) tradition 
(S.Nakajima, 1988), TE measures the system's ability to maintain the 
target line speed without buffering: 

TE = min
(

1,
FPSmodel

FPStarget

)

(2) 

where FPS indicate frames per second.
A TE < 1 indicates that the inspection system has become the process 

bottleneck (e.g., at 40 FPS with a 50 FPS target, TE = 0.80). 

(iii) Environmental Impact: Waste Reduction Index (WRI)

Aligned with Circular Economy logic, WRI quantifies the relative 
reduction of avoidable scrap associated with FP. 

WRI =
FPbaseline − FPmodel

FPbaseline
(3) 

Where FPbaseline is the number of FP count of the reference configuration 
adopted for comparison, while FPmodel is the number of FP count of the 
evaluated model. This index directly links algorithmic precision to 
tangible sustainability outcomes (Lehn and Schmidt, 2022). Higher 
values indicate better prevention of avoidable waste.

3.4. Economic modelling and scenarios

Cost parameters were specified according to the differing severity of 
inspection errors under alternative production priorities. Accordingly, 
the cost assigned to a missed risk-bearing defect is assumed to reflect not 
only unit product loss, but also potential compliance actions, recall 
exposure and reputational damage, whose economic impact may exceed 
product value by orders of magnitude (Gomez and Marks, 2020).

Within the CoQ and PAF logic, cost parameters are specified as 
scenario-dependent decision weights rather than audited plant-level 
accounting values. Their purpose is to preserve plausible order-of- 
magnitude differences between avoidable scrap, aesthetic external 
failures and risk-bearing external failures, enabling comparative model 
ranking under explicit strategic assumptions rather than exact plant-cost 
estimation (Muffato Reis et al., 2025; Plunkett and Dale, 1987; Psomas 
et al., 2018). The downtime parameter Cdowntime is interpreted as the 
marginal opportunity cost of latency-induced production-time loss, 
consistent with bakery scheduling studies showing that makespan and 
oven idle time materially affect manufacturing costs, and with 
continuous-baking models in which conveyor speed determines pro
duction rate (Babor et al., 2023; Broyart and Trystram, 2002).

Three stylised manufacturing scenarios were defined to compare 
model suitability under different strategic priorities rather than to 
reproduce a specific plant configuration (see Table 6). Scenario A rep
resents high-volume commodity production, where the priority is 
maintaining throughput and avoiding downtime on a 50 FPS line. Sce
nario B represents brand-protection or premium production, where the 
priority is reducing the escape of risk-bearing defects under moderate 
line-speed requirements. Scenario C represents a resource-constrained 
SME setting, where smaller batch size, cost containment and waste 
avoidance become more relevant.

In addition, one-way sensitivity analyses were performed on the 
economic parameters most likely to affect model selection. The hourly 
cost of downtime was varied in Scenario A to test the stability of the 
throughput-driven ranking. The quality-to-scrap cost ratio CQ/Cscrap was 
varied across all three scenarios to examine the relative importance of 
missed Cracked defects compared with unnecessary rejection. Finally, 
the safety-related missed-defect cost CS was varied in Scenarios B and C 

Table 7 
Technical performance benchmarking of YOLOv5, YOLOv8, YOLOv11 and Faster R-CNN under Nominal and Synthetic Perturbation conditions. Values are reported as 
mean ± standard deviation over three independent training and evaluation runs initialized with different random seeds.

Model Scenario Precision (P) Recall (R) mAP@50 mAP@50-95 Total Latency [ms]

YOLOv5 Nominal 0.915 ± 0.015 0.945 ± 0.028 0.971 ± 0.008 0.951 ± 0.004 27.6 ± 0.7
Perturbation 0.909 ± 0.054 0.921 ± 0.027 0.971 ± 0.007 0.947 ± 0.004 27.4 ± 1.0

YOLOv8 Nominal 0.904 ± 0.013 0.913 ± 0.012 0.963 ± 0.012 0.941 ± 0.009 26.2 ± 1.9
Perturbation 0.889 ± 0.036 0.940 ± 0.050 0.971 ± 0.009 0.945 ± 0.007 24.8 ± 0.8

YOLOv11 Nominal 0.896 ± 0.008 0.940 ± 0.024 0.966 ± 0.004 0.945 ± 0.008 18.4 ± 0.6
Perturbation 0.931 ± 0.020 0.915 ± 0.021 0.976 ± 0.002 0.949 ± 0.002 14.6 ± 0.1

Faster R-CNN Nominal 0.820 ± 0.022 0.895 ± 0.036 0.869 ± 0.030 0.747 ± 0.035 28.7 ± 2.4
Perturbation 0.762 ± 0.036 0.922 ± 0.012 0.868 ± 0.014 0.701 ± 0.027 27.6 ± 0.8
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to assess whether the preference for risk-oriented profiles depended on a 
narrow calibration of the safety-risk weight. These analyses are reported 
jointly in Fig. 5.

4. Experimental results

This section presents the empirical findings in two steps. First, it 
compares the technical performance of the four detection models 
(YOLOv5, YOLOv8, YOLOv11 and Faster R-CNN) across the Nominal 
and Synthetic Perturbation dataset conditions. Second, it interprets 
these results through the scenario-based managerial framework, 
focusing on cost exposure, throughput feasibility, and waste-related 
implications under the assumptions defined in Section 3.4.

4.1. Performance and computational efficiency

Table 7 summarises the technical performance of YOLOv5, YOLOv8, 
YOLOv11 and Faster R-CNN under Nominal and Synthetic Perturbation 
conditions. The three YOLO architectures achieved consistently high 
detection performance, with mAP@50 values ranging from 0.963 to 
0.976 and mAP@50-95 values ranging from 0.941 to 0.951 across 
conditions. By contrast, Faster R-CNN exhibited lower aggregate 
detection performance, particularly in terms of mAP@50-95.

The main operational variations among models are therefore driven 
less by marginal differences in aggregate detection scores and more by 
latency and class-dependent error profiles. YOLOv11 provided the most 
favourable latency profile, with total latency decreasing from 18.4 ± 0.6 
ms under Nominal conditions to 14.6 ± 0.1 ms under Perturbation, 
corresponding to approximately 54.3 and 68.5 FPS, respectively. 
YOLOv5 and YOLOv8 showed comparable latency under Perturbation, 
with 27.4 ± 1.0 ms and 24.8 ± 0.8 ms, respectively, whereas Faster R- 
CNN remained the slowest model. Latency results indicate that 
YOLOv11 achieves the lowest end-to-end inference time, consistent with 
a more efficient post-processing stage.

4.2. Diagnostic analysis of classification challenges

The normalised confusion matrices (Fig. 3) reveal distinct FP/FN 
profiles with direct implications for cost-, waste- and risk-sensitive 
model selection.

Across the three YOLO architectures, Cracked defects were detected 
more consistently than Over-baked defects. The Cracked class shows 
high diagonal values, ranging around 0.91, whereas the Over-baked 
class remains more frequently confused with Normal products. In 
particular, the proportion of Over-baked samples predicted as Normal is 
0.29 for YOLOv5 and 0.26 for both YOLOv8 and YOLOv11. This pattern 
suggests that colour- and texture-related deviations associated with 
over-baking are more difficult to separate from acceptable product 
variability than structural defects such as cracking. Table 8 illustrates 

qualitative examples of easy, difficult, and failure cases under Synthetic 
Perturbation conditions.

Although Faster R-CNN correctly identifies most Normal products 
and detects Cracked defects with reasonable consistency, it exhibits a 
weaker diagnostic profile for Over-baked samples, with 0.35 of Over- 
baked instances predicted as Normal and a lower diagonal value of 
0.65 for the Over-baked class. Its Cracked diagonal value is also lower 
than that of the YOLO models, at 0.82.

4.3. Scenario analysis

To translate the technical results into decision-support evidence, the 
four models were evaluated across the three manufacturing scenarios 
defined in Table 6 by integrating Risk-Weighted TCQ, TE and WRI. The 
economic simulation uses the class-level error profiles obtained under 
Synthetic Perturbation conditions and the mean total latency values 
reported in Table 7.

4.3.1. Scenario A: commodity production
In Scenario A, as visualised in Fig. 4 (Panel A), YOLOv11 achieves the 

lowest TCQ, equal to 2698 €/batch, followed by YOLOv8 with 2810 
€/batch, YOLOv5 with 3214 €/batch, and Faster R-CNN 3894 €/batch. 
Although YOLOv8 shows a favourable quality-risk profile, its effective 
speed of approximately 40.3 FPS generates a downtime penalty of about 
133 €/batch. YOLOv11, being the only model with 100% TE, avoids this 
penalty entirely. These results indicate that, in high-throughput com
modity production, marginal differences in risk-weighted defect costs 
can be outweighed by the economic value of maintaining line speed.

4.3.2. Scenario B: Brand Protection
In Scenario B (Fig. 4, Panel B), downtime does not contribute to TCQ 

because all models exceed the target speed. YOLOv8 yields the lowest 
TCQ, equal to 3446 €/batch, followed closely by YOLOv11. YOLOv5 
reaches 3898 €/batch, while Faster R-CNN records the highest TCQ. The 
advantage of YOLOv8 is mainly attributable to its lower quality-risk 
contribution for missed Cracked defects, while maintaining the same 
safety-risk contribution as YOLOv11. The small difference between 
YOLOv8 and YOLOv11 suggests that both architectures are viable, but 
YOLOv8 provides the most favourable risk-weighted profile under the 
specific case study.

4.3.3. Scenario C: SME
In Scenario C (Fig. 4, Panel C), YOLOv8 achieves the lowest TCQ, 

equal to 866 €/batch, but its advantage over YOLOv11 is marginal, with 
YOLOv11 reaching 871 €/batch. YOLOv5 records 977 €/batch, whereas 
Faster R-CNN reaches 1200 €/batch. This limited difference suggests 
that the ranking between YOLOv8 and YOLOv11 should be interpreted 
cautiously, whereas YOLOv5 is not economically preferred in TCQ 
terms. Its relevance lies instead in its lower FP profile and therefore in its 

Fig. 3. Normalised confusion matrices under Synthetic Perturbation conditions for YOLOv5, YOLOv8, YOLOv11 and Faster R-CNN. Values are averaged over three 
independent seeds.
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stronger waste-avoidance behaviour. 4.3.4. Sensitivity analyses of key cost assumptions
Because the managerial ranking depends on scenario-dependent 

decision weights, additional one-way sensitivity analyses were 

Table 8 
Qualitative examples of YOLOv5, YOLOv8 and YOLOv11 predictions under Synthetic Perturbation conditions. The figures show representative “easy”, “difficult” and 
“failure” cases for each model. Differences in FP/FN profiles illustrate how the three architectures trade off.

Case YOLOv5 YOLOv8 YOLOv11

Easy

TP: 4 FP:0 FN:0 TP: 3 FP:1 FN:0 TP:1 FP:0 FN:0
Difficult

TP: 3 FP:0 FN:0 TP: 7 FP: 0 FN:1 TP:2 FP:1 FN:0
Failure

TP:0 FP:1 FN:0 TP: 0 FP: 0 FN:1 TP: 5 FP:1 FN:1

Fig. 4. Panel A shows the high-volume commodity production scenario, Panel B the brand-protection scenario, and Panel C the resource-constrained SME scenario. 
Bars report the TCQ decomposition by cost component for each model under the adopted scenario assumptions.
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performed on the cost parameters most likely to affect model selection. 
Three parameters were examined: the hourly cost of downtime, the 
quality-to-scrap cost ratio, and the unit cost assigned to missed risk- 
bearing defects.

First, the robustness of the Commodity scenario was tested by 
varying the Cdowntime parameter. As shown in Fig. 5 Panel I, YOLOv8 is 

slightly preferable only when the cost of downtime is very low. The 
break-even point between YOLOv8 and YOLOv11 occurs at approxi
mately 130 €/hour.

Second, as reported in Fig. 5 Panel II, a complementary sensitivity 
analysis was performed on the quality-to-scrap cost ratio, defined as 
CQ/Cscrap. This ratio captures the relative economic importance assigned 

Fig. 5. One-way sensitivity analyses on the main economic assumptions of the Risk-Weighted TCQ model. Panel I reports the effect of the hourly cost of downtime in 
the Commodity scenario. Panel II reports the effect of the quality-to-scrap cost ratio CQ/Cscrap. Panel III reports the effect of the safety-related missed-defect cost CS. 
Dashed vertical lines indicate break-even points between YOLOv8 and YOLOv11 where present; dotted vertical lines indicate the baseline values adopted in Table 6.
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to missed aesthetic or quality defects compared with unnecessary 
rejection of compliant products. The resulting break-even points differ 
substantially across the three scenarios. In Scenario A, the break-even 
ratio between YOLOv11 and YOLOv8 is 56.7. This confirms that 
YOLOv11 remains preferable in throughput-dominated production un
less the relative penalty for missed Cracked defects becomes extremely 
high. In Scenario B, the break-even ratio is 6.3; therefore, YOLOv8 is 
robustly preferred in the Brand Protection scenario. In Scenario C, the 
break-even ratio is 8.0, again supporting the slight economic preference 
for YOLOv8 in the SME scenario, although the margin over YOLOv11 
remains limited.

Finally, the sensitivity analysis on the unit cost assigned to missed 
risk-bearing defects, CS, shows no break-even between YOLOv8 and 
YOLOv11 in the explored ranges for Scenarios B and C (Fig. 5 Panel III). 
In both cases, YOLOv8 remains the lowest-cost option, while YOLOv11 
follows closely. Faster R-CNN remains consistently penalised by its 
higher missed-risk profile, while YOLOv5 remains less competitive 
because of its higher safety-risk contribution.

4.3.5. Trade-off analysis
The scenario-based results were further synthesised through a radar 

chart focusing on the most throughput-constrained setting, namely 
Scenario A (Fig. 6). The chart compares the four models along four 
managerial dimensions: TE, TCQ, risk containment, and WRI.

YOLOv11 shows the most balanced profile. It reaches the highest 
score on the TE axis and performs strongly in terms of TCQ, confirming 
that its economic advantage is mainly driven by its ability to sustain the 
required line speed without generating downtime losses.

YOLOv8 presents a different profile. It is less favourable than 
YOLOv11 on TE, but it remains highly competitive on risk containment 
and TCQ performance. This confirms its role as a quality-oriented 
alternative when line-speed constraints are less stringent, as observed 
in Scenarios B and C. YOLOv5 occupies an intermediate position: it does 
not dominate any dimension, but it remains a viable legacy or low- 
complexity option when deployment simplicity and FP control are pri
oritised. Faster R-CNN shows the weakest overall profile, confirming 
that the non-YOLO baseline does not provide a competitive trade-off 
under the adopted assumptions.

5. Discussion

The results confirm that the value of an AI-based inspection model 
cannot be inferred from detection metrics alone. Across the four archi
tectures, the economic ranking changed substantially once latency, 
class-specific errors and production constraints were introduced. This 
indicates that the transferable element of the study is primarily the de
cision logic, rather than the numerical ranking observed in the bakery 
case. The latter depends on defect prevalence, cost weights, line-speed 
requirements and deployment conditions, consistent with recent calls 
to incorporate economic and organisational considerations into the 
evaluation of digital inspection systems (Khan et al., 2020; Olakanmi 
et al., 2023; Perez Colo et al., 2023). This finding aligns with the 
Quality 4.0 view that digital tools create value through 
context-sensitive, data-driven decision-making (Sony and Naik, 2020; 
Talaie et al., 2024), and operationalises the bottom-up framework pro
posed by Piovano et al. (2026) by translating shop-floor constraints into 
an explicit model-selection rationale.

5.1. Latency as a cost-of-quality component

The Commodity scenario highlights that latency is not a secondary 
computational attribute, but a cost-of-quality component when inspec
tion speed affects line continuity. Under the 50 FPS requirement, 
YOLOv11 achieved the lowest TCQ because it was the only model able to 
exceed the target throughput with sufficient margin. This extends the 
economic logic discussed by Verna et al. (2022), showing that in In
dustry 4.0 settings the return on inspection systems must account for the 
temporal cost of the algorithm itself. If inference time forces buffering, 
re-routing or line slowdown, the inspection system becomes a source of 
quality cost rather than a neutral monitoring layer.

5.2. Risk weighting and the role of class-specific errors

The interpretation changes when throughput is no longer the 
dominant constraint. In the Brand Protection scenario, all models exceed 
the target line speed, and the ranking is driven mainly by the weighted 
consequences of missed defects. Under these assumptions, YOLOv8 
provides the lowest TCQ, although YOLOv11 remains close. As high
lighted by Piovano et al. (2026), food safety is a non-negotiable stake
holder requirement that must drive the adoption of Industry 4.0 
technologies. This result illustrates why class-level diagnostics are 
necessary in food inspection. In premium segments, visual consistency is 
a direct quality indicator and a primary driver of consumer rejection 
(Kumar and Thankachan, 2025); model selection is therefore deter
mined by the tolerance for specific defect categories rather than by 
aggregate accuracy.

5.3. SME settings and the limits of a “best model” interpretation

Scenario C (SME) provides a more nuanced result. YOLOv8 achieves 
the lowest TCQ, but its advantage over YOLOv11 is small. In this case, 
the lower batch size and lower downtime cost reduce the economic 
importance of latency, while the weighted error profile remains rele
vant. YOLOv11 therefore loses part of the advantage observed in the 
high-volume scenario, but still offers a stronger throughput margin. 
YOLOv5 relevance is associated with cases where FP minimisation, 
deployment familiarity or compatibility with legacy hardware are pri
oritised over the best overall economic score. This is particularly 
important for SMEs, where the selection of an AI model may be con
strained by available computing infrastructure, staff expertise and 
maintenance requirements.

5.4. Implications for quality 4.0 model selection

The three scenarios show that model-selection criteria shift with 

Fig. 6. Strategic trade-off analysis for Scenario A. The radar chart compares 
YOLOv5, YOLOv8, YOLOv11 and Faster R-CNN across four normalised mana
gerial dimensions. Higher values indicate more favourable performance.
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production priorities: latency costs dominate in high-throughput com
modity production, class-level error costs dominate in risk-sensitive 
premium settings, and resource constraints become binding in SME 
contexts. The value of automated inspection thus depends not only on 
defect detection capability, but on the actionability of inspection out
puts within the production decision loop (Khan et al., 2025).

Table 9 summarises this interpretation by linking production con
texts to model-selection priorities. The matrix should therefore not be 
read as a universal ranking of architectures, but as a decision aid for 
aligning inspection technology with manufacturing strategy. In other 
bakery lines or food categories, the same logic would require recali
bration of defect severities, takt-time constraints, hardware assumptions 
and cost-of-quality parameters.

6. Conclusion

This study proposes and applies a decision-oriented framework for 
selecting AI-based visual inspection models in food manufacturing. The 
framework combines conventional detection metrics with Risk- 
Weighted TCQ, TE and WRI in order to evaluate whether a model is 
suitable for a given production context. The empirical bakery case shows 
that higher aggregate detection performance does not automatically 
translate into higher industrial value. Once latency and asymmetric 
error costs are considered, the preferred model changes according to the 
operating scenario.

The comparison reveals that model suitability is scenario-dependent 
rather than determined by aggregate accuracy. YOLOv11 offers the 
strongest profile in throughput-constrained commodity production; 
YOLOv8 is preferable when class-level missed-defect costs outweigh 
latency penalties; and YOLOv5 remains viable when false-positive con
trol or legacy compatibility are prioritised. Faster R-CNN, included as a 
non-YOLO baseline, was consistently dominated in the investigated 
case, showing that the same cost-quality-throughput logic can also be 
applied to architectures outside the YOLO family without changing the 
managerial interpretation of the trade-offs.

6.1. Theoretical contributions

The study contributes to the Quality 4.0 and cost-of-quality literature 
in three respects. First, it extends the CoQ-PAF framework (Verna et al., 
2022; Plunkett and Dale, 1987) by quantifying the cost of latency as a 
distinct internal failure component. Second, it operationalises 
severity-differentiated FN classification within the ZDM cost-modelling 
tradition (Psarommatis et al., 2020), moving beyond binary TP/FP 
evaluation. Third, it provides an empirically grounded comparison 
protocol for food MV model selection under explicit production con
straints, contributing a replicable evidence base for Quality 4.0 adoption 
decisions in food manufacturing.

6.2. Managerial implications

For practitioners, the main implication is that AI adoption in food 
inspection should start from the production constraint rather than from 
an aggregate benchmark ranking. A plant operating close to its line- 
speed limit should prioritise latency and throughput margin. A pre
mium or risk-sensitive producer should place greater emphasis on the 
class-specific distribution of false negatives. A resource-constrained SME 
should evaluate not only TCQ, but also deployment complexity, hard
ware availability and the cost of unnecessary scrap.

The proposed framework can support this decision process by mak
ing the trade-offs explicit. It provides a shared evaluation protocol for 
quality engineers, food technologists and data scientists to compare 
inspection architectures in terms of cost exposure, throughput feasibility 
and waste implications, dimensions that are particularly binding in SME 
contexts where infrastructure, staff expertise and deployment 
complexity constrain technology adoption.

6.3. Limitations and future work

The study has some limitations that should be considered when 
interpreting the results. First, the economic parameters were defined as 
scenario-dependent decision weights rather than as audited plant-level 
accounting values. The TCQ values should therefore be interpreted as 
comparative indicators for model selection, not as direct estimates of the 
actual cost structure of a specific bakery plant. Second, the stress con
dition was generated through controlled synthetic perturbations. This 
provides a reproducible way to compare model behaviour under 
degraded visual conditions, but it does not fully reproduce the 
complexity of real production environments, where illumination drift, 
product overlap, belt contamination, camera vibration and seasonal 
process variability may jointly affect acquisition quality, model stability 
and rejection decisions. Third, the empirical evidence is limited to one 
bakery-defect dataset and to a three-class inspection problem. The Over- 
baked class was used as a visual proxy for severe thermal-processing 
non-conformities and should not be interpreted as a direct measure
ment of food safety risk.

Future work should validate the framework on plant-level data and 
real in-line acquisition systems, including longer production runs, 
externally collected datasets and shadow-mode testing in which model 
predictions are compared with existing inspection decisions before 
closed-loop rejection is activated. Further research should also extend 
the comparison to other detector families and to additional food prod
ucts with different defect structures and cost asymmetries. Finally, the 
proposed framework could be integrated with digital twins, MES- 
connected adaptive thresholds and human-in-the-loop inspection stra
tegies, so that model selection and inspection policies can be updated as 
process conditions and business priorities change.

Table 9 
Cost-Quality-Throughput decision matrix for aligning AI model selection with manufacturing priorities.

Production Context Model-selection priority Most suitable profile in the 
present case

Dominant constraint Quality 4.0 interpretation

Efficiency-driven mass 
production, e.g. standard 
biscuits or high-volume 
crackers

Maintain line continuity 
and avoid latency-induced 
downtime

YOLOv11 Takt-time compatibility 
and throughput margin

Inspection must not become the bottleneck; 
latency is part of the cost-of-quality structure.

Risk-sensitive premium 
production, e.g. export bakery 
or brand-protected products

Reduce weighted 
consequences of missed 
defects

YOLOv8 External failure exposure 
and class-specific false 
negatives

Model selection is driven by risk containment 
rather than by aggregate accuracy alone.

Resource-constrained SME 
production, e.g. small batches 
or limited hardware 
availability

Balance TCQ, deployment 
simplicity and waste 
avoidance

YOLOv8 or YOLOv11 depending 
on constraint; YOLOv5 as low- 
complexity alternative

Limited hardware, staff 
expertise and tolerance 
for scrap

The preferred model is context-dependent; 
“good-enough” deployment may be more 
relevant than peak benchmark performance.
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Appendix 

Table A1 
Main hyperparameters used for training the YOLO models

Hyper-parameter Value Description Reference

Learning Rate 0.01 Default YOLO learning rate Li et al. (2024)
Optimizer Adam Adaptive weight optimization (Ultralytics)
Batch size 8 Tuned to GPU capacity (Ultralytics)
Epochs 100 Ensures convergence without underfitting Drogalis et al. (2024)
Weight Decay 0.0005 Regularization term Li et al. (2024)
IoU threshold 0.5 Bounding-box overlap criterion Li et al. (2024)

Fig. A1. Training and validation loss curves under synthetic perturbation training scenario.
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Table A2 
Class-level performance metrics for Normal, Cracked and Over-baked classes. Precision, recall, mAP@50 and mAP@50–95 are reported for each defect class, model 
and dataset condition, using the first reference run (seed 101) for diagnostic comparison. The table highlights the relative difficulty of correctly detecting Over-baked 
products compared with Normal and Cracked classes.

Model Scenario Class Precision Recall mAP@50 mAP50-95

YOLOv5 Nominal Normal 0.923 0.991 0.986 0.956
Cracked 0.884 0.978 0.992 0.990
Over baked 0.903 0.934 0.948 0.928

Perturbation Normal 0.934 0.973 0.987 0.965
Cracked 0.956 0.938 0.987 0.981
Over baked 0.867 0.9 0.942 0.912

YOLOv8 Nominal Normal 0.908 0.969 0.985 0.969
Cracked 0.894 0.978 0.990 0.982
Over baked 0.841 0.880 0.936 0.909

Perturbation Normal 0.960 0.943 0.988 0.970
Cracked 0.939 1.000 0.992 0.976
Over baked 0.885 0.862 0.966 0.940

YOLOv11 Nominal Normal 0.927 0.973 0.988 0.969
Cracked 0.978 0.957 0.987 0.985
Over baked 0.825 0.933 0.938 0.922

Perturbation Normal 0.954 0.947 0.989 0.967
Cracked 0.986 0.957 0.99 0.989
Over baked 0.896 0.901 0.955 0.926

Faster R-CNN Nominal Normal 0.889 0.945 0.938 0.786
Cracked 0.710 0.846 0.863 0.788
Over baked 0.750 0.833 0.801 0.704

Perturbation Normal 0.815 0.937 0.946 0.770
Cracked 0.600 0.923 0.928 0.724
Over baked 0.619 0.722 0.773 0.643

Table A3 
Object-level class distribution across dataset conditions.

Dataset condition Split Images Normal instances Cracked instances Over-baked instances

Nominal Train 537 1657 361 233
Perturbation Train 924 2805 618 396

Data availability

Data will be made available on request.
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