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Abstract

Inspection systems for high speed assembly lines need precision, low latency, robustness to sparse defect
examples and traceability at the production-event level. Current state of the art in industrial vision only
addresses one layer of this problem, i.e. imaging, detector accuracy, anomaly modeling or embedded
inference. This paper presents an integrated autonomous visual-inspection system combining triggered
picture acquisition and photometric standardization with an RT-DETR detection core, synthetic
minority-defect augmentation, confidence-aware accept/reject logic and a permanent quality-trace layer.
We contextualize the contribution through a research-trace analysis over rule-based machine vision, one-
stage CNN detectors, industrial anomaly detection, DETR-family end-to-end detection and modern line-
scan deep-learning systems. We establish a design model that relates conveyor speed, sampling density,
end-to-end latency, false-accept risk and computing cost . Experimental measurements at the project
scale are not yet available, so the paper does not claim any fabricated performance but defines a
reproducible evaluation protocol and analytically benchmarks the design choices against published
evidence such as RT-DETR, DeepPCB, MVTec-based anomaly methods, TinyML quality inspection
and line-scan inspection studies. The resulting design is a technically testable architecture for high-speed
electronics and discrete-part production, where detection, rejection, logging and model monitoring are
performed as one closed loop.
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Introduction

Quality control in manufacturing is shifting from rule-based machine vision and human-interpreted images to data-driven inspection
systems that must operate at production speed. Classical machine vision still has its merits, such as deterministic optical control and
predictable computation, but becomes fragile when defect geometry, product variances, reflectance or operating conditions change [1].
Cyber-physical manufacturing systems reinforce the expectation that inspection should not be a stand-alone camera task, inspection events
should be coupled to production control, analytics and feedback [2]. Recent surveys show that industrial defect detection is rather a mixed
problem of visual representation, data scarcity, generalization and deployment than a single classification problem [3], [4].

The architecture proposed in this paper is for autonomous fault detection in a high-speed assembly line. The sequence of operations in the
system includes product movement, positioning, image acquisition, preprocessing, Al based flaw detection, pass/fail categorization,
dashboard presentation and database storage. RT-DETR is selected as the main detection backbone and augmentation with GAN or
diffusion is investigated for rare defect samples. These two themes are choices in modern study. First, Kim et al. demonstrated a high spatial
resolution under continuous motion with line-scan and high-speed optical systems in a deep learning line scan inspection system for PCB
related flaws [5]. Secondly, RT-DETR, an end-to-end transformer detector, removes the non-maximum suppression (NMS) from the
inference path, while achieving real-time throughput [29].

But a conference quality contribution is more than the sum of existing parts. Then the research topic is formulated at the system level: how
to co-design acquisition, detection, decision and traceability such that the inspection loop meets speed and quality limitations while
remaining trainable under defect scarcity? This is contrasted to detector only research where a very accurate model may still fail in operation
due to unstable picture creation, latency higher than line takt time, confidence thresholds not calibrated properly, or decisions not being
logged for downstream quality assessments.

The paper makes four contributions: Firstly, it introduces a closed-loop architecture that combines triggered acquisition, photometric
standardization, RT-DETR inference, confidence-aware acceptance logic, actuation and production-event traceability. Second, it gives a
formal system model that relates acquisition density, latency, throughput, detection risk and computing cost. Third, it reviews the research
path from traditional machine vision to current supervised and anomaly-detection paradigms and the extent to which each meets the
requirements for high-speed assembly inspection. Fourth, it provides a reproducible experimental and ablation technique that could be
applied to validate the framework without making claims on measurements not yet acquired. This discipline of evidence is important: we
use published benchmark statistics as contextual evidence, not as results of the proposed system.

Related Work And Research Trace

From Rule-Based Vision to Learning-Based Inspection

Historically industrial machine vision has been a combination of controlled lighting, optics, triggering, geometric measurement,
thresholding, template matching and designed features [1]. These systems work well when the distribution of appearance is limited, but
they need to be re-trained when the types of defects or the production conditions change. Examples of the trend of the learnt representations
are semantic-segmentation based optical inspection [6] and multiscale feature learning systems for carbon-fibre inspection [7]. Quality
inspection with TinyML has also shown that meaningful visual inference can be pushed to the edge for constrained hardware, but model
capacity, memory, and sensor variability become significant design constraints [8].

This technique is especially well-suited to the inspection of printed-circuit and electronics because defects can be small compared to the
total field of view and conductive or soldered surfaces are highly reflective . Liu and Qu used machine vision to identify the defects of PCB
online [9]. DeepPCB is a dataset proposed by Tang et al. It contains 1,500 aligned pairs of images and six common classes of defects. They
reported a detector that achieved 98.6% mAP at 62 FPS on their dataset [10]. Kim et al. added a movable side-view line-scan camera,
preprocessing, a deep-learning engine and a management platform and claimed 99.5% accuracy for seven fault categories in their
experimental environment [5]. These experiments validate the imaging system architecture and highlight that the claimed accuracy depends
on the acquisition geometry, dataset and defect taxonomy.

2007 2019 2023-2024
Rule-hased Industrial anomaly TinyML, RT-DETR,
machine vision benchmarks / DeepPCB line-scan DL
- o o o ¢ )
One-stage DETR + self/ Closed-loop autonomous
real-time detectors semi-supervision inspection framework
2016 2020-2022 Proposed

Fig. 1. Research trace motivating the proposed closed-loop inspection framework.
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Supervised Detection, Transformers, and Anomaly Methods

The YOLO family [17]-[20]] demonstrated the practical value of one-stage detection for real-time application. For example, Faster R-CNN
[21] and SSD [22] are two-stage and single-shot reference points, whereas focal loss deals with the foreground-background imbalance in
dense detection [23]. DETR reformulated object detection as set prediction thru bipartite matching [24]. Additional improvements in
convergence and multiscale efficiency were achieved thru deformable attention [25], conditional queries [26], denoising [27], and improved
anchor-box denoising [28]. RT-DETR is designed mainly to overcome the speed barrier of transformer detection: Zhao et al. get 53.1 AP
and 108 FPS with RT-DETR-R50 on a T4 GPU in the COCO test, with end-to-end inference without NMS [29].

While these COCO numbers are not directly comparable to industrial datasets, the architectural property of NMS-free set prediction with
variable-depth decoder is relevant for latency-bounded inspection.

Typically , industrial defect data breaks the premise that all defect modes can be labeled at scale . MVTec AD [11] proposed a well-known
benchmark for learning from nominal data and MVTec LOCO AD [12] extended the topic to structural and logical anomalies. CutPaste
[40], DRAEM [39], PaDiM [41], PatchCore [38] claim that anomaly detection can expose unobserved deviations from normal data or
synthetic abnormalities. Their study obtains 96.6 AUC with transfer of ImageNet [40]. For image-level MVTec AD [38], PatchCore
achieves 99.6% AUROC. These metrics are not directly comparable to supervised mAP, but the methodologies show a useful design
principle: a production system should not be reliant solely on a closed set of defect labels. A future direction could be to merge RT-DETR
for known flaws with an anomaly branch for unknown or unusual deviations.

Lack of data also motivates augmentation and semi-supervised learning. In a controlled industrial case (Tabernik et al. [13]) surface defect
segmentation can be trained with relatively few defective examples. Jin and Chen talk over small-labeled-data approaches, including
augmentation, transfer learning, semi-supervision, and unsupervised techniques [14]. Goodfellow et al. [31] proposed GANs and diffusion
probabilistic models provide a stable alternative for generation [32]. General data augmentation can increase invariance [33] and tools such
as Albumentations enable reproducible pipelines of transformations [34]. [15] Budhewar et al.: Ensemble and multi-feature deep-learning
for robustness across application areas. Their work on semi-supervised decentralized learning further proves the ability to exploit the
partially labeled data in the case of unavailability of the full annotation [16]. In this work we use these references specifically to justify
robust representation and label-efficiency tactics, not as direct evidence of industrial defect-detection ability.

Table 1. Representative Research Evidence and Its Implication for The Proposed Design

AUROC

anomaly detection

Study Inspection / benchmark | Reported evidence Strength Unresolved system
issue
Tang et al. [10] DeepPCB, 6 PCB classes | 98.6% mAP; 62 FPS | PCB-specific real- | Aligned-pair  dataset;
time detection limited deployment
loop
Bergmann et al. | MVTec AD 15 industrial | Normal-only No direct actuation /
[11] categories anomaly benchmark | takt constraint
Roth et al. [38] MVTec AD Up to 99.6% image | Strong cold-start | AUROC not equivalent

to detector mAP

Zhao et al. [29] COCO RT-DETR-R50: NMS-free real-time | Generic benchmark, not
53.1 AP; 108 FPS detection industrial imaging

Kim et al. [5] Line-scan PCB inspection | 99.5% accuracy; 7 | Integrated imaging + | Limited defect set;
defect types Al + monitoring hardware-specific

Albanese et al. [8]

Product quality / TinyML

Edge-oriented
inspection study

Resource-aware
deployment

Capacity and
robustness limits

sensor

Table I is intentionally heterogeneous: accuracy, mAP, AP, and AUROC are task-specific and must not be ranked as if they were the same

statistic. The table is used to trace design capabilities and gaps, not to manufacture a leaderboard.

Research Gap and System-Level Requirements

Literature shows constant dissociation between sensing, recognition and production control. Detector papers usually assume the input image
is available and well-exposed. Optical-inspection papers investigate image formation, but can take advantage of a limited defect taxonomy.
Anomaly-detection papers handle cold-start learning, but usually do not model deterministic actuation. Embedded-Al papers focus on
resource budgets, but do not necessarily address quality-risk asymmetry. The proposed study looks at the intersection of these issues. Its
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originality is thus architectural and methodological: the defect decision is considered the result of a calibrated chain, both the upstream
image construction and the downstream actuation of which are observable.

In a high-speed assembly environment, five criteria are non-negotiable. R1 is spatial observability: the minimal flaw of interest must be
visible to enough sensor samples after optics and motion are accounted for. R2 is about temporal feasibility. The end-to-end decision shall
be made before the physical reject point or before the queue becomes unstable. R3 is defect-data efficiency: the training procedure should
still be useful when there are few labeled examples of unusual failure scenarios. R4 is risk-aware decision making: thresholds have to be
selected according to false-accept and false-reject cost, not a single global confidence value. RS is traceability: every final decision can be
traced back to the image, model version, threshold configuration, time stamp and actuation consequence.

Table 2. Research-Gap Mapping To Proposed Design Responses

Gap observed in literature

Operational consequence

Proposed response

Validation evidence

Imaging and  detector
treated independently

Blur/illumination variation
enters the model as
uncontrolled noise

Encoder-triggered
acquisition + versioned
preprocessing

Resolution,  blur  and

illumination stress tests

Rare labelled defects

Minority classes dominate
miss risk

Conventional + synthetic
minority augmentation

Per-class AP/recall; real-
only test set

Detector FPS  reported

without plant timing

Reject signal may arrive
too late

End-to-end latency budget
including
communication/actuator

Median, P95 and worst-
case T E2E

Single global threshold

Unequal  defect costs

ignored

Class-specific confidence
and process rules

False-accept / false-reject
curves

Prediction not linked to
production record

Difficult audit and drift
diagnosis

Event ID, model version
and quality database

Trace completeness and
replay audit

Problem Formulation and Design Requirements

Inspection Timing and Image Formation
Let a product move at conveyor velocity v (mm/s). For a line-scan camera, let the encoder generate f t trigger lines per second. The along-
motion sampling pitch s (mmy/line) is approximately

v

§=4 (1)

and should not exceed the spatial sampling required to resolve the smallest defect of interest. If a minimum defect dimension d_min must
cover at least k samples after optical projection, a conservative acquisition constraint is s <= d_min/k. This makes camera triggering part
of the detection design rather than a separate hardware setting. For area-scan acquisition, an analogous condition constrains exposure time
so that motion blur remains below a specified fraction of the projected defect width.

End-to-End Latency and Throughput
The usable inspection latency includes image transfer, preprocessing, neural inference, decision logic, communication, and actuator
response. Denoting these terms by T acq, T pre, T inf, T dec, T com, and T_act, respectively, the end-to-end latency is

TEZE = Tacq + Tpre + Tinf + Tdec + Tcom + Tact (2)

For a product pitch p (mm) and line speed v, the available takt interval is T takt = p/v. A stable one-product-at-a-time pipeline requires
T E2E <=T takt unless acquisition and inference are explicitly pipelined. If a queue is used, the sustainable service rate must exceed the
arrival rate. This distinction is critical because a detector can report high FPS while the physical rejection path still misses its timing
window.

Decision Risk
For quality control, false acceptance is typically more costly than false rejection. Let C_FA and C_FR denote their application-specific
costs and let P_FA and P_FR denote observed rates. A simple decision-risk term is

Ry = CpaPrs + CrrPrg 3)

which allows confidence thresholds to be tuned against manufacturing risk rather than detector accuracy alone. The final design objective
can be written as a multi-objective scalarisation
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] = /11(1 - mAP) + /12TE2E + /13Rq + /L;CCOTnp (4)
where C_comp represents computational cost or energy and A_i encode deployment priorities. The objective does not imply that all terms
share a natural scale; normalisation on validation data is required before optimisation.

Proposed Methodology

Overall Autonomous Inspection Architecture

Figure 2 presents the proposed architecture. The inspection plane moves and creates images deterministically, then perception and
production are learnt. The dataset, model lifespan and quality records, and operator analytics are hosted in a parallel learning-and-
information plane. This separation mitigates a common failure mode in project prototypes: tightly combining camera control, model code
and dashboard logic such that changes in one component destabilize the whole system.

INSPECTION PLANE

Real-time inline quality inspection

Conveyor & Triggered image Photometric RT-DETR Confidence-aware Accept / reject
positioning acquisition preprocessing inference decision actuation

* Product transport * Sensor trigger * Normalization * Real-time detection * Thresholdin, * Pneumatic actuator
¥ 28! g

« Encoder feedback « High-resolution capture « Denoising « Defect localization « Multi-class rules « Divert / pusher

* Precise positioning * Illumination control * Contrast enhancement * Classification * Confidence calibration * Reject bin / chute

« Trigger zone sync « Image timestamping * Geometric correction « Confidence scoring « Decision logging « Status feedback

’ \
7 '
........................................................................................................... R R O o e (e P e P e S R
'
,

LEARNING AND INFORMATION PLAN # \

o S 3 / '
Continuous improvement & traceability i v

: K
0 Dataset + annotation e Training / validation Database, dashboard
synthetic defects

model optimisation traceability

Real defect collection Train / validation split * Inspection results storage
Expert annotation Hyperparameter tuning Defect image archive
Cross-validation Search & traceability

KPI dashboards & trends
Audit & compliance

Synthetic defect generation Model pruning / quantization

Data augmentation .
.
.

Class balance improvement Performance evaluation

| — Solid arrows: real-time data flow

=== Dashed arrows: model / decision data flow

Fig. 2. Proposed autonomous high-speed defect-inspection architecture.
Image Acquisition and Photometric Preprocessing

The acquisition subsystem supports either a line-scan camera for continuous motion or a high-frame-rate area-scan camera where full-
frame exposure is preferable. A trigger/encoder signal assigns each product or scan segment to a deterministic spatial position. Mechanical
fixturing, working distance, lens selection, and illumination geometry are treated as fixed calibration variables. For reflective solder,
metallic leads, and polished surfaces, diffuse or multi-directional illumination should be considered so that defect contrast is not dominated
by specular hotspots. Preprocessing is limited to operations that preserve defect evidence: geometric orientation correction, photometric
normalisation, denoising were justified by sensor noise, and region-of-interest extraction. Aggressive smoothing is avoided because
scratches, cracks, lifted leads, and solder bridges may occupy only a few pixels. Every preprocessing transform is versioned with the model
so that the same pipeline is applied during training and inference. Standard calibration and image-formation principles remain applicable
[42], while OpenCV provides a suitable implementation layer for deterministic image operations [37].

Trigger / encoder
synchronisation

-

Line/area-scan
image formation

*

Geometric
standardisation

*

INumination and
contrast normalisation

*

ROI extraction +
resize / denoise

Fig. 3. Acquisition and preprocessing sequence.
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Dataset Construction and Synthetic Minority-Defect Augmentation

The dataset schema stores product identifier, acquisition configuration, image or scan identifier, defect class, bounding box, pass/fail status,
annotator, and timestamp. A product-aware split is required: images of the same physical unit, lot, or near-duplicate view must not leak
across training and test partitions. Where multiple viewing angles are captured, the split should be performed by product instance before
views are generated. This protects the evaluation from inflated performance due to correlated samples.

Conventional augmentation includes bounded changes in brightness, contrast, translation, scale, blur, and noise only when they reproduce
plausible production variation [33], [34]. For rare defects, synthetic augmentation can be introduced in two stages. First, defect-aware copy-
paste or procedural perturbations provide a transparent baseline. Second, GAN or diffusion generation [31], [32] may be used to increase
appearance diversity. Synthetic images are retained with provenance labels and are never allowed to dominate the held-out test set. The test
set remains real-only so that improvements reflect transfer to actual defects rather than fidelity to the generator.

Table 3. Initial Defect Taxonomy And Annotation Intent

Defect family Typical visual cue Preferred label Process concern

Missing component / ball Expected object absent Box + class or logical rule | Electrical/open-circuit
failure

Bridge / short Connected solder or | Box; optional mask Short circuit

conductive region

Double / excess material Abnormal duplicate or excess | Box + class Assembly/solder quality
deposit

Foreign material Unexpected local | Box; anomaly  score | Contamination
object/texture backup

Placement / polarity error Object shifted, rotated or | Box + geometric rule Functional assembly error
reversed

Damage / crack / scratch

Local discontinuity or surface

Small box; mask if feasible

Mechanical/reliability risk

break
Lifted / extra ball or lead Vertical/side-view separation | Box + multi-view | Poor connection
cue association

The taxonomy is deliberately process-oriented rather than model-oriented. Some categories are naturally localised by bounding boxes,
whereas placement and missing-object errors can also require geometric or logical constraints. If a class cannot be reliably represented by
a box, the annotation schema should be extended instead of forcing the detector to learn an ambiguous target.

RT-DETR Detection Core

@ Preprocessed inspection image

* Normalized + Denoised + Contrast enhanced

* Geometrically corrected

/\

,

CNN backbone Efficient hybrid encoder ]

multi-scale features scale interaction & fusion

+ Feature Pyramid (FPN / PAN) * Lightweight attention

+ Multi-scale feature maps * Feature fusion (add + concat)
\ R J

!

Transformer decoder
object queries

e A "
Uncertainty-minimal .
query selection

* Estimate query uncertainty
« Select informative queries
¢ Reduce redundant queries

* Self-attention
* Cross-attention

R * Learn object representations
+ Improve efficiency
\ - J  — J

\ /

Class + bounding box + confidence
(no NMS in end-to-end inference)

* Bounding box (x, y, w, h)
+ Confidence score
* End-to-end prediction (no NMS)

Fig. 4. RT-DETR-oriented detection module used in the proposed framework.
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RT-DETR is selected because it provides end-to-end set prediction and removes NMS from the real-time path [29]. The backbone extracts
multiscale feature maps and may use residual feature extraction principles [30]; an efficient hybrid encoder performs intra-scale interaction
and cross-scale fusion; uncertainty-minimal query selection seeds high-quality object queries; and the decoder predicts class probabilities
and bounding boxes. This design is particularly attractive where the inference budget is strict because decoder depth can be adjusted to
trade accuracy for speed without rebuilding the acquisition and control layers.

For an image with ground-truth set G and prediction set P, training follows DETR-style bipartite matching [24]. A simplified detection loss
is

L=oalLls+BL1+yL;loU (5)

where L _cls is the classification term, L L1 is the box-coordinate loss, and L_GloU penalises poor overlap. Class weighting or focal-style
modulation [23] can be considered when defect prevalence is highly imbalanced. The exact loss formulation should follow the selected
RT-DETR implementation to preserve reproducibility.

Training, Calibration, and Model Selection

Training begins from an officially released pretrained checkpoint rather than from random initialisation unless the dataset is unusually
large. Candidate input resolutions are selected from the smallest-defect pixel footprint and GPU memory. The optimiser, learning-rate
schedule, weight decay, warm-up policy, gradient clipping, number of epochs, early-stopping rule, random seed, and mixed-precision
setting are recorded in a run manifest. At least three independent seeds are recommended for the final comparison so that a single favourable
initialisation does not determine the reported result. Hyperparameters are selected on the validation set only.

Model selection uses a constrained criterion rather than maximum mAP alone. A candidate is eligible only if its P95 end-to-end latency fits
the target takt budget; among eligible models, the validation objective in (4) is minimised. This rule prevents a slow high-accuracy model
from being selected for a line on which it cannot physically act. Confidence calibration is performed after the detector weights are fixed.
Class-specific thresholds are estimated from precision-recall curves and the quality cost matrix, with final thresholds frozen before test
evaluation.

Algorithm 1. Deployment-oriented training and selection procedure

: Split data by physical product/IOT into train, validation, and real-only test partitions.

: Fit deterministic preprocessing on training conditions, freeze its configuration.

: Train baseline detector with conventional augmentation, record all run metadata.

. Add synthetic minority-defect samples only to the training partition and retrain.

: Profile candidate models at batch size 1 on target hardware; reject those violating P95 latency.
: Select the eligible model minimising validation objective J in (4).

: Calibrate class-specific confidence thresholds using validation precision-recall and cost curves.
: Lock weights, thresholds, preprocessing, and software versions; evaluate once on the test set.

: Report per-class metrics, latency distribution, resource use, and representative failure cases.

O o NN AW N~

Confidence-Aware Decision and Automatic Rejection

Only after these class-specific confidence thresholds are applied does the detector output convert to a manufacturing decision. If any of the
mandatory-reject classes exceed their thresholds, or if a configurable rule based on count, location or severity is satisfied, the product is
marked defective. This decouples perception from process policy: a model update does not implicitly change acceptance criteria. When the
decision message is to carry a product/event identifier to the PLC/microcontroller which schedules the reject actuator at the downstream
location, the physical prototype should be available. If the health checks on the camera, inference, or comms fail, then the watchdog logic
must revert to a safe state.

Edge Deployment and Traceability

The deployment target is an industrial PC or an edge device and is selected after profiling the final model. Model compression may include
pruning and quantization following the standard compression principles [35], [36], but only if the accuracy and calibration are revalidated.
The database stores image references, predictions, thresholds, decision outcomes, latency, and model version. This allows a later quality
audit to reconstruct why a product was rejected and supports drift analysis across lots, shifts, or illumination changes.
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Fig. 5. Closed-loop decision, actuation, and quality-trace layer.
Evaluation Methodology

Detection and Classification Metrics
Evaluation is performed on a real-only held-out test partition. For a fixed IoU threshold, precision, recall, and F1 score are

Precision = TP/(TP + FP) (6)
Recall = TP/(TP + FN) 7

Fl=2. Precision-Recall (8)

Precision+Recall
Bounding-box overlap is measured by

|BpnBg|
|BpUBg|

loU = )

and detection quality is reported using AP per class, nAP@0.5, and mAP@0.5:0.95. Because missing a true defect can have higher business
cost than rejecting a good unit, confusion statistics are also converted into false-accept and false-reject rates at the product level. Confidence
calibration should be inspected using reliability plots or expected calibration error if decisions are threshold-sensitive.

Real-Time and Resource Metrics

Runtime reporting must name the CPU/GPU or accelerator, input resolution, batch size, numerical precision, software stack, and whether
data-transfer time is included. Average network inference alone is less informative than the median, 95th-percentile and worst-case T E2E.
Throughput under the current acquisition plan is reported as products per second For comparison, we report deployment and memory
footprint, model parameters and approximate FLOPs or MACs.

Baselines and Ablation Plan

The main supervised baselines should be a current YOLO configuration and the suggested RT-DETR configuration trained on the same
split, resolution, augmentation policy and compute budget. A two-stage detector such as Faster R-CNN [21] can provide an accuracy-
oriented reference when feasible. For scarce-label conditions, an anomaly detector such as PatchCore [38] may be evaluated as a
complementary baseline, but its AUROC must not be merged with mAP. The planned ablations isolate: (i) raw images versus photometric
preprocessing; (ii) no augmentation versus conventional augmentation versus synthetic minority-defect augmentation; (iii) standard versus
reduced decoder depth; (iv) multiple input resolutions; and (v) global versus class-specific confidence thresholds.

Table 4. Fair-Comparison Matrix For Model Families

Model family Primary role Post-processing Expected advantage | Fair-comparison
condition
YOLO-class one- | Known-defect baseline Typically, NMS Mature real-time | Same data, resolution
stage ecosystem and augmentation
Faster R-CNN Accuracy-oriented Proposal/NMS Strong two-stage | Same backbone scale
baseline pipeline reference where feasible




Additive Manufacturing and 3D Printing Applications in Modern Mechanical Engineering

RT-DETR Proposed known-defect | End-to-end; no NMS | Flexible decoder- | Same hardware and
core depth speed tuning batch=1 timing

PatchCore / anomaly | Unknown/rare anomaly | Anomaly threshold Can learn from | Report AUROC
complement nominal data separately from mAP

Statistical Validity and Failure Analysis

The final study should report uncertainty rather than only a single best checkpoint. For seed-based repeats, mean and standard deviation of
validation and test metrics are reported, while latency is summarised with empirical quantiles. Bootstrap confidence intervals can be used
for product-level false-accept and false-reject rates when the number of defective products is limited. If two detectors are evaluated on the
same test products, paired comparisons are preferred because the samples are not independent across models. Statistical testing should be
secondary to effect size and engineering relevance; a small change in mAP may be unimportant if it materially worsens tail latency or false
acceptance.

Failure analysis is mandatory for safety-relevant quality control. False negatives are grouped by defect size, class, illumination condition,
location, and product variant. False positives are grouped by reflectance, benign texture, fixture occlusion, and annotation ambiguity. At
least one representative image from each major failure mode should be shown in the final experimental paper. This analysis determines
whether the next research step should change the model, optics, annotation policy, or process threshold.

Table 5. Minimum Reproducibility Checklist For The Experimental Phase

Category Required disclosure Reason

Data Class counts; product-aware train/val/test split; annotation | Prevents leakage and enables
protocol replication

Imaging Camera type, lens, illumination, exposure/line rate, | Links performance to image formation

working distance

Training Model variant, resolution, epochs, optimiser, learning rate, | Separates algorithm effects from
seed, augmentations tuning

Runtime Hardware, precision, batch=1 latency, end-to-end latency | Tests takt-time feasibility
distribution

Decision IoU and confidence thresholds; reject policy; cost | Connects ML metrics to
assumptions manufacturing risk

Reporting Per-class AP/recall, false accept/reject, failure cases Exposes minority-class weaknesses

Analytical Validation And Research-Trace Discussion

Why the Framework Is More Than a Detector Swap

The research trace in Section II shows that each generation solves a different part of the inspection problem. Traditional machine vision
provides deterministic image formation but is sensitive to appearance change [1]. Real-time detectors based on CNN alleviate the
complexity of feature engineering [17]-[20] but are vulnerable to NMS and class imbalance. DETR family detectors simplify end-to-end
prediction [24]-[29]. Industrial anomaly approaches minimize the dependence on fault labeling [38]-[41]. Line-scan systems meet the
spatial sampling requirements of continuous motion [5]. The suggested design purposefully composes these lessons at their right abstraction
levels : optics and triggering stabilize data, RT-DETR deals with known-object localization, augmentation deals with unusual classes, and
traceability ends the production cycle.

Evidence-Based Performance Expectations

Feasibility is supported by published evidence, but not performance on the requested data set. In the experimental setting of DeepPCB,
PCB fault localization is shown at >60 FPS [10]. RT-DETR shows that end-to-end transformer detection may achieve real-time performance
on a T4 GPU at generic-object scale [29]. Kim et al. demonstrate the integration of line-scan acquisition, deep learning and monitoring in
an industrially focused PCB inspection platform [5]. High anomaly-detection performance enables training with only nominal data, as
shown in PatchCore and other anomaly algorithms [38] —[41]. The results justify the architectural decisions but the suggested system needs
to be evaluated under its own optics, defect distribution, product speed and hardware.

Accuracy—Latency—Risk Trade-Off
The main design trade-off isn't only precision vs FPS. Higher input resolution improves visibility of small errors but also increases T inf
and memory. The larger the augmentation, the stronger, but also more unrealistic, the textures.
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Lowering the confidence levels will increase the recall and possibly the false reject rate. RT-DETR achieves faster inference speed. But the
detection quality may be decreased by using smaller number of decoder layers. Therefore, Equation (4) provides a rigorous way to select
an operating point: parameters are tuned on validation data and the final test set is used only once for unbiased reporting.

Known and Unknown Defects

Closed-set detectors are most effective when the kinds of fault are operationally defined and relevant instances are widely available.
Manufacturing, however, regularly confronts new combinations of contamination, mechanical damage, placement error, and process drift.
Thus, an anomaly branch is a plausible future extension. MVTec LOCO AD precisely distinguishes structural anomalies, e.g., dents or
pollution, from logical anomalies, e.g., missing or misplaced items [12]. This distinction maps readily to assembly inspection.

A hybrid system can route high-confidence known defects thru RT-DETR with an anomaly score serving as a secondary safeguard for
unmodelled events. Such a branch should be examined independently to avoid mixing supervised and unsupervised metrics

Traceability as a Research Variable

Traceability is generally seen as a feature of software, but it modifies what can be learned from deployment. The system builds a longitudinal
dataset to detect drift and recurrent process errors by storing product ID, lot, acquisition parameters, model version, thresholds, prediction
set, decision, actuation acknowledgment, and operator override. The trace can for example show if an increase in false rejects is related to
a certain lighting setup, shift, supplier lot or model release.This converts inspection from a binary endpoint into a measurement instrument
for manufacturing improvement.

The trace layer also enables post-deployment evaluation of calibration. Predictions can be stratified by confidence decile and compared
with later audit outcomes. A model whose 0.9-confidence detections are correct only 70% of the time should not be treated as trustworthy
simply because its aggregate mAP is high. Accordingly, the proposed framework treats model monitoring and trace completeness as
acceptance criteria alongside vision performance.

Research Questions and Acceptance Criteria

The framework can be converted into testable research questions rather than evaluated as a demonstration. RQ1 asks whether controlled
preprocessing improves minority-defect recall without a disproportionate increase in false positives. RQ2 asks whether RT-DETR provides
a more favourable end-to-end accuracy-latency operating point than a matched modern one-stage baseline when both are trained under the
same data and compute conditions. RQ3 asks whether synthetic minority-defect augmentation improves real-only test performance for
scarce classes. RQ4 asks whether class-specific, cost-aware thresholds reduce product-level false acceptance at an acceptable false-reject
penalty. RQ5 asks whether the complete pipeline, including image transfer and actuation communication, satisfies the production takt
requirement with adequate tail-latency margin.

Each research problem has an a priori criterion for acceptance . For RQ1 and RQ3 the improvement should be on the unchanged and
consistent real test set, not on augmented validation data. For RQ2, we consider a detector deployment-competitive if it satisfies the P95
end-to-end latency budget. We do not think that breaking the takt time, which increases accuracy, is a successful consequence. When
answering RQ4, the selected operating point should be proportional to the cost of false acceptance and false rejection in particular. RQS5 -
the delay is measured over long enough production-like sequences to capture jitter from scheduling, memory transfer and communication.

The question-based method also avoids a common methodological trap: picking a story based on the data. Log hypotheses, splits, metrics
and main comparisons in project experiment log before final test evaluation Exploratory analyzes are still useful but are presented as
exploratory and are not included in the confirmatory comparison. Thus, the final paper can make a limited but defensible claim e.g. that
synthetic augmentation improved rare-class recall under a fixed latency budget rather than a broad claim that the whole system is uniformly
better.

Industrial Implementation, Limitations, And Future Work

Implementation Path

A phased adoption is recommended. Stage 1 adjusts the imaging geometry and collects representative normal and faulty products. Stage 2:
Build the product-aware dataset and create a replicable baseline. Stage 3 combines RT-DETR inference with the decision service on an
industrial PC. Stage 4 links event identifiers to the actuator and database. In Stage 5, once the base system is stable, we introduce model
monitoring, synthetic augmentation, and optional anomaly detection. This sequence avoids disguising hardware or annotation issues with
progressively sophisticated models.

Operational Acceptance Test Plan

An operational acceptance sequence should be followed before an autonomous reject mechanism is enabled. The first phase is the metrology
validation. A calibration target or known geometry is scanned over the usable field to evaluate the spatial scale, distortion, focus and
repeatability. Line-scan operation is verified with encoder-to-line synchronization at various conveyor speeds.
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The motion blur testing is done for strobe timing and exposure for area scan operation. The minimum pixel footprint used in the model
design needs to be smaller than the smallest significant fault. Before corrections , the comparison should be to a camera that cannot
reproduce the required signal . When comparing detectors , as understood .

The second phase is the repeatability and reproducibility. A sample group of products checked over time, upon restart and where safe after
small changes in operator configuration. Confidence Position of bounding box Distribution of choice outcome A lot of volatility, and just
feeling out of whack even if the average is good. This phase should include normal parts that contain reflecting or textured areas known
to produce false positives. Stable false positive behavior is essential for practical adoption.

The third phase is the validation of timing. A product stream with realistic pitch is processed for a sustained interval while T acq, T pre,
T inf, T dec, T com and actuator acknowledgment are independently timestamped. The tracing then shows if the latency spikes are in
the neural network, the operating-system scheduling, the storage, the networking, or the mechanical reaction. The line must contain safety
buffer delta such that P95(T_E2E)+delta<=T takt. The buffer is not a universal constant, but is derived from the observed jitter and the
effects of a missed reject window. Queue depth and dropped-frame counters are kept together.

The fourth phase is validation of the decision by controlled combination of good and defective items. The final product level result is
recorded at the physical reject station instead of just reporting the image level detection. A false accept is a non-conforming unit that is
passed by the station. A false reject is a conforming unit that is rejected. The test should be stratified by defect class and defect size. 2. In
problematic cases, if the manufacturing process allows it, a blind second inspection or destructive verification can be used as an independent
reference.

The fifth phase is traceability and recovery validation. For randomly selected inspection events, an auditor should be able to reconstruct the
image, preprocessing version, model hash or version, confidence threshold, predicted boxes, final decision, actuator acknowledgement, and
operator override if present.

Then the system is intentionally put into recoverable faults such as camera disconnection, model-service restart, database unavailability or
delayed PLC acknowledgment. The test specifies the required fail-safe behavior. If a communication failure can silently turn an uncertain
event into an accepted product, then autonomous rejection should not be enabled. Table 6. Proposed Factory Acceptance Tests Before
Autonomous Rejection

lines/frames

planned speed

Test Primary measurement Pass concept Failure implies
Optical/metrology Pixel scale, focus, distortion, | Critical  defect  remains | Fix optics/illumination

repeatability observable across field before ML tuning
Acquisition timing Trigger jitter, blur, dropped | Stable capture at min/max | Revise

encoder/exposure/strobe

Inference timing Median/P95/worst T _E2E, | Tail latency fits takt with | Optimise model/pipeline
queue depth safety margin or hardware

Decision quality Per-class FA/FR and physical | Risk targets met at frozen | Recalibrate, retrain or
reject outcome thresholds modify policy

Trace audit Fraction of events fully | All sampled events replayable | Repair data
reconstructable model/versioning

Fault recovery Fail-safe response and restart | No silent accept on critical | Add watchdog/interlock
integrity service failure logic

Data Lifecycle and Drift Monitoring

The industrial data after deployment are no longer identically distributed. New suppliers, solder chemistry, surface finish, maintenance,
lens replacement, lighting aging, camera gain, and product variances can all change the image distribution. The suggested trace layer
enables drift monitoring thru inexpensive summary statistics on picture brightness, contrast, prevalence of defect classes, confidence
distributions and feature embeddings. A change in these data does not necessarily indicate model failure, but does tell us where to do
focused manual sampling.

Instead, we use a regulated feedback procedure rather than continuous on-line retraining. Suspect and low confidence events are sampled
for review; new version of the dataset is created with revised labels and retraining is done offline. The candidate model is then tested against
a new challenge set and a fixed regression set of previously accepted production conditions. We only allow deployment if the new model
improves the desired failure mode without violating the stated latency and regression criteria. The previous model package is retained for
roll back purposes.
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Data should be kept in a risk-based way. We cannot keep all the full resolution photos forever, but the system can keep all the defective
and uncertain cases, a statistically significant sample of normal cases, and compact metadata for each event. If the production photography
contains proprietary geometry or customer data then access control and retention policies are part of the study implementation. These
criteria also make a subsequent conference extension credible, since the claimed dataset can be documented without revealing sensitive
industrial material.

Limitations

The structure and analysis provided here are not based on a completed industrial trial. The most basic disadvantage is the absence of project
specific measurements. The precise fault taxonomy may also be different, depending on the selected assembly product. In addition, the
line-scan hardware and the reject-actuation process have to be physically integrated and validated.

Synthetic generation may lead to artifacts that can hurt performance in the real world . Deployment risk continues from domain transition,
camera replacement, aged lighting, product finish and line speed.

Future Research

Future work should first produce the real dataset and execute the evaluation protocol in Section V. Once a reproducible supervised baseline
exists, three extensions are technically justified: unknown-defect screening using anomaly detection [38]—[41], semi-supervised learning
to exploit unlabelled production data [16], and edge optimisation through quantisation or structured compression [35], [36]. A digital-twin
or adaptive scheduling layer may later be considered for multi-line resource allocation, but such functionality should be added only if it
addresses an observed production bottleneck rather than for architectural novelty alone.

Reproducibility, Data Governance, and Publication Discipline

For conference submission, the manuscript should distinguish three evidence classes: measurements produced by the project, numbers
reported by prior literature, and planned evaluation targets. This distinction is maintained throughout the present paper. Dataset versions
and train/validation/test manifests should be archived; preprocessing and annotation guidelines should be fixed before final testing; code
dependencies and random seeds should be recorded; and any images that contain proprietary manufacturing information should be
anonymised or released only under an appropriate data-sharing agreement.

References are included only where they provide substantive methodological or contextual support. Ensemble-learning and semi-supervised
strategies are cited in the specific contexts of representation robustness and label efficiency [15], [16], while the remainder of the
bibliography is focused on industrial vision, detection, anomaly modelling, augmentation, and edge deployment.

Conclusion

This paper reformulates high-speed assembly-line defect detection as a closed-loop manufacturing problem rather than a stand-alone
computer-vision benchmark. The proposed framework combines synchronised acquisition, conservative preprocessing, product-aware data
management, synthetic minority-defect augmentation, RT-DETR end-to-end detection, confidence-aware acceptance logic, automatic
rejection interfaces, and event-level traceability. A research-trace analysis shows how the design draws complementary lessons from
classical machine vision, one-stage CNN detectors, DETR-family methods, industrial anomaly detection, and recent line-scan systems.
Formal limitations include sampling, takt time, latency, false-accept risk and computational cost. The design can be verified with a large
experimental procedure without over-promising unmeasured performance. So the immediate research goal is not to add more model
components but to perform a leakage-free hardware-aware evaluation reporting per-class detection quality and end-to-end production
latency in real operational conditions.
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