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Abstract 

Industrial production lines increasingly require high-speed, repeatable, 
and traceable quality inspection that cannot always be achieved by manual 
visual checking. This methodology paper presents the development 
framework for an inline machine vision-based quality inspection system 
that combines controlled illumination, industrial image acquisition, image 
pre-processing, convolutional-neural-network-based defect recognition, 
decision logic, and production-line actuation. The proposed workflow 
begins with inspection-task definition and imaging trials, followed by 
dataset construction, defect annotation, transfer-learning-based model 
development, threshold calibration, and integration with a programmable 
logic controller or line controller. Performance is evaluated using 
precision, recall, F1-score, accuracy, false-reject rate, false-accept rate, and 
inspection cycle time. An illustrative prototype evaluation shows how a 
model can be validated under realistic variations in lighting, part position, 
surface texture, and defect size without presenting the values as plant-
measured production data. The methodology emphasizes robust data 
preparation, controlled optics, real-time inference, traceability, and 
human-in-the-loop handling of low-confidence cases. The framework is 
intended for scalable application to surface defects, missing components, 
assembly errors, dimensional appearance checks, and product 
classification in smart manufacturing environments. 

 
Introduction 

Quality inspection is a critical stage in industrial 
manufacturing because undetected defects 
generate scrap, rework, warranty cost, and 
downstream process instability. Conventional 
manual inspection is flexible but can suffer from 
fatigue, subjectivity, inconsistent judgment, and 
limited throughput when production speed 
increases. Machine vision provides a non-contact 
alternative in which cameras, optics, lighting, 
image-processing algorithms, and control 
hardware are combined to inspect every part 
under repeatable conditions. Recent industrial 
research has shown that machine-vision 
inspection can reduce dependence on purely 
manual checking while supporting consistent and 

traceable decisions (Reichenstein et al., 2022; 
Zheng et al., 2021). 

Traditional machine-vision systems generally 
rely on handcrafted thresholds, edges, 
morphology, texture descriptors, or geometric 
features. These methods remain useful when part 
appearance is stable, but performance often 
deteriorates when defects have large intra-class 
variation, surfaces are reflective, backgrounds 
are cluttered, or lighting changes. Deep learning 
has expanded automated visual inspection by 
learning hierarchical features directly from 
images. Systems reported for metal surfaces and 
complex industrial parts demonstrate that 
convolutional neural networks (CNNs), data 
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augmentation, transfer learning, weak 
supervision, and active learning can improve 
robustness when defect patterns are diverse or 
labeled samples are limited (Yun et al., 2020; Xu 
et al., 2020; Lv et al., 2020). 

The development challenge is therefore broader 
than selecting a classification model. A reliable 
inline system must coordinate image formation, 
camera triggering, field of view, resolution, 
illumination geometry, dataset quality, inference 
latency, pass/fail thresholds, rejection 
mechanisms, and production traceability. 
Reichenstein et al. (2022) specifically 
emphasized the need for a structured 
implementation approach when planning 
machine-vision quality inspection in production. 
Similarly, Weiher et al. (2023) reported that data 
preparation and cleaning can have a greater 
effect on inspection accuracy than small 
differences among deep network architectures. 
Accordingly, the objective of this paper is to 
present a step-by-step methodology for 
developing a practical machine vision-based 
inspection system for industrial production lines, 
with emphasis on reproducibility, real-time 
operation, and deployment readiness. 
 
Literature Review 

Deep learning-based surface inspection has 
become a major research direction because 
industrial defects are frequently small, irregular, 
and visually similar to normal process variation. 
Zheng et al. (2021) reviewed automated surface 
inspection in steel, fabric, and semiconductor 
manufacturing and showed that modern 
approaches increasingly combine specialized 
imaging with deep feature learning. Liu (2020) 
likewise grouped defect-detection methods into 
supervised, unsupervised, and other learning 
paradigms, highlighting the continuing 

importance of illumination design and dataset 
selection even when deep networks are used. 

Yun et al. (2020) developed an automated metal-
surface inspection system based on deep learning 
and data augmentation using images acquired 
from an actual production line. The study 
addressed class imbalance using a conditional 
variational autoencoder and used a CNN for 
defect classification. Yang et al. (2020) proposed 
a multi-scale and channel-compressed network 
for surface inspection under cluttered structural 
backgrounds and defects of varying size, 
reporting real-time processing capability on GPU 
hardware. These studies indicate that a 
production-ready inspection architecture should 
not depend on a single image scale or an 
assumption of visually uniform backgrounds. 

Limited defect samples remain a practical 
constraint because defects are comparatively 
rare in stable production processes. Xu et al. 
(2020) investigated weakly supervised CNN-
based defect detection to reduce annotation 
requirements, while Lv et al. (2020) 
demonstrated active-learning strategies that 
selectively request labels for informative 
samples. Transfer learning offers another 
practical route when datasets are modest. Weiher 
et al. (2023) applied pretrained CNNs to 
industrial inspection and emphasized a human-
in-the-loop workflow for uncertain cases. 
Detection networks derived from one-stage 
object-detection principles are also useful for 
locating multiple defect types in a single frame; 
for example, Zhang et al. (2021) adapted YOLO-
based detection for steel-strip defects. 
Collectively, the literature supports a 
methodology in which imaging quality, dataset 
engineering, transfer learning, confidence 
management, and line integration are treated as 
one system rather than isolated tasks. 

Table 1. Selected literature supporting the proposed methodology 

Study Application Method Methodological relevance 
Yun et al. (2020) Metal surface CNN + data 

augmentation 
Production-line data and class 
imbalance 

Yang et al. (2020) Surface defects Multi-scale CNN Complex backgrounds and 
variable defect size 

Lv et al. (2020) Surface defects Deep active learning Reduces labeling burden 
Reichenstein et al. 
(2022) 

Production 
inspection 

Structured case-
study approach 

Systematic industrial 
implementation 

Weiher et al. (2023) Manufactured 
parts 

Transfer learning + 
HITL 

Small datasets and deployment 
workflow 
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Methodology 

Step 1: Inspection Requirement Definition 

The development starts by converting the quality 
specification into machine-observable inspection 
criteria. Each defect is defined by type, minimum 
detectable size, location, appearance, severity, 
and required action. Examples include scratches, 
pits, contamination, missing fasteners, incorrect 
assembly orientation, color mismatch, label 
defects, and incomplete components. The 
production takt time is recorded because the 
maximum image-acquisition and inference time 
must remain below the available inspection 
window. Acceptance criteria are translated into 
measurable targets such as minimum recall for 
critical defects, maximum false-reject rate, and 
required traceability fields. 

Step 2: Imaging Hardware and Illumination 
Design 

An industrial area-scan camera is selected 
according to field of view, minimum defect size, 
conveyor speed, and working distance. Spatial 
resolution is calculated so that the smallest 
critical defect spans several pixels rather than 
one or two pixels. A fixed-focus or telecentric lens 
may be used depending on dimensional stability 
requirements. Lighting is chosen according to 
surface reflectance: diffuse dome illumination is 
appropriate for reflective curved surfaces, low-
angle dark-field lighting enhances scratches and 
raised edges, and backlighting is suitable for 
silhouette or dimensional checks. A photoelectric 
sensor or encoder triggers image capture at a 
repeatable product position. Exposure, gain, 
aperture, and light intensity are locked after 
validation to minimize image drift. 

Step 3: Dataset Construction and Annotation 

Images are collected across shifts, batches, 
machine settings, operators, and normal process 
variation so the dataset represents deployment 
conditions. Normal samples should include 
legitimate appearance changes that must not be 
rejected. Defect images are categorized by defect 
type and severity. For classification, each image 
receives a class label; for localization, bounding 
boxes or segmentation masks are assigned. To 
prevent information leakage, images from the 
same physical part or acquisition burst are kept 
within a single train, validation, or test split. A 
practical split is 70% training, 15% validation, 
and 15% final testing. Data augmentation can 
include moderate rotation, translation, 
brightness variation, blur, and contrast changes, 

provided the transformation does not create 
unrealistic defects. 

Step 4: Image Pre-processing and Region of 
Interest Extraction 

Pre-processing standardizes the camera output 
before inference. The workflow includes lens-
distortion correction when required, region-of-
interest cropping, geometric alignment using 
fiducial features, intensity normalization, and 
resizing to the neural-network input resolution. 
Simple rule-based checks may be retained for 
deterministic conditions such as part presence or 
gross orientation, while the CNN is reserved for 
appearance defects. This hybrid strategy reduces 
computation and avoids forcing the deep model 
to solve trivial geometric tasks. 

Step 5: Model Development and Training 

A transfer-learning strategy is recommended for 
small and medium industrial datasets because 
pretrained feature extractors reduce training 
requirements. For a single pass/fail or defect-
class decision, a compact CNN classifier can be 
used. For spatially localized defects, a one-stage 
detector is preferred when low latency is 
important. The final model is trained using class-
balanced sampling or weighted loss when defect 
frequencies differ substantially. Early stopping is 
based on validation loss and defect recall. 
Hyperparameters include input resolution, batch 
size, learning rate, number of epochs, confidence 
threshold, and augmentation strength. Model 
selection is made using the validation set only; 
the test set remains untouched until final 
evaluation. 

Step 6: Decision Logic and Production-Line 
Integration 

The inference output is converted into industrial 
actions using configurable decision logic. 
Predictions above the defect-confidence 
threshold are marked reject; predictions below a 
low-confidence boundary are accepted if the 
application is non-critical; and an intermediate 
uncertainty band can be routed to human review. 
The inspection computer exchanges trigger, 
inspection-complete, pass/fail, and fault signals 
with a PLC or line controller. Rejected parts are 
tracked to a pneumatic ejector, robot, diverter, or 
stop station using encoder position or product ID. 
Each inspection event is stored with timestamp, 
product identifier, predicted class, confidence, 
image path, and decision to support auditability 
and process improvement. 
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Figure 1. Proposed architecture of the inline machine vision quality inspection system. 
 
Step 7: Validation Protocol and Performance 
Metrics 

Validation is performed in two stages. Offline 
validation uses the held-out test set to calculate 
accuracy, precision, recall, F1-score, and 
confusion matrices. For defect inspection, recall 
is particularly important because false 
acceptance of a critical defect can be more costly 
than an unnecessary rejection. Online validation 
then runs the system on the line under 
representative speed, vibration, lighting 
contamination, and product-position variation. 
Cycle time is measured from trigger to decision. 
Additional industrial metrics include false-accept 
rate, false-reject rate, missed-trigger rate, image-
acquisition failure rate, and system availability. 
Thresholds are frozen only after the quality team 

reviews representative false-positive and false-
negative samples. 
 
Results 

Because this paper defines a development 
methodology rather than reporting a completed 
plant trial, Table 2 provides an illustrative 
prototype result set showing how the validation 
output should be reported. The values are 
demonstration data for method presentation and 
must be replaced by measured values before 
claiming experimental production performance. 
The example assumes four classes: normal, 
scratch, contamination, and assembly defect. A 
transfer-learned CNN is evaluated on a held-out 
test set and then timed on an edge-GPU 
inspection computer. 

Table 2. Illustrative prototype validation results (demonstration values) 

Metric Illustrative value Interpretation 
Overall accuracy 96.8% Correct classifications across all test images 
Defect precision 95.4% Most predicted defects are true defects 
Defect recall 97.2% Low proportion of missed defects 
F1-score 96.3% Balanced precision and recall 
False-accept rate 2.1% Defective parts incorrectly accepted 
False-reject rate 3.4% Good parts incorrectly rejected 
Mean inference time 18 ms/image Compatible with high-speed inline inspection 

 
The illustrative result pattern indicates the 
expected trade-off between defect recall and false 
rejection. In practice, the operating threshold 
should be selected according to defect criticality 
rather than maximizing overall accuracy alone. 
For safety-critical or high-cost downstream 
applications, the threshold can be lowered to 
prioritize recall, while low-confidence images are 
retained for human review and later retraining. 
The example cycle time also demonstrates why 
image acquisition and communication overhead 
must be included with model inference when 
verifying line compatibility. 
 
Conclusion and Discussion 

This paper presented a step-by-step 
methodology for developing a machine vision-
based quality inspection system for industrial 

production lines. The central finding from the 
reviewed literature is that inspection reliability 
depends on the complete system: controlled 
image formation, representative datasets, 
appropriate learning methods, calibrated 
decision thresholds, real-time integration, and 
traceability. Deep learning provides strong 
capability for complex appearance defects, but it 
does not eliminate the need for careful lighting, 
optics, dataset cleaning, and production 
engineering. Research by Yun et al. (2020), Yang 
et al. (2020), and Weiher et al. (2023) supports 
the use of data augmentation, multi-scale feature 
learning, and transfer learning for practical 
industrial inspection, while Reichenstein et al. 
(2022) reinforces the value of a structured 
deployment methodology. 
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For implementation, the recommended sequence 
is: define observable defect criteria; design the 
imaging station; collect representative images; 
separate train, validation, and test data; train a 
compact classifier or detector; calibrate 
confidence thresholds; integrate with PLC-based 
line control; and validate under real production 
variation. Future work should focus on collecting 
measured plant data, assessing long-term drift, 
automatic retraining governance, uncertainty 
estimation, explainable defect visualization, and 
model monitoring across product variants. 
Before publication as an experimental research 
article, the illustrative results in this manuscript 
should be replaced with measured results from 
the intended production line while retaining the 
methodology and evaluation structure. 
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