
IJRCS 
International Journal of Robotics and Control Systems 

 
Vol. 6, No. 2, 2026, pp. 870-887 

ISSN 2775-2658 
http://pubs2.ascee.org/index.php/ijrcs 

 

 

       https://dx.doi.org/10.31763/ijrcs.v6i2.2573 ijrcs@ascee.org   

  

A Traceability-Oriented Integration Framework for Automated 
Optical Inspection and Barcode-Assisted Warehousing in SMT 
Production 
Minh B. Lam a,1, Trung-Nhan Nguyen a,2,*, Thanh-Quyen Ngo a,3, Van-Sy Nguyen a,4, Trung-Tin V. 
Phan a,5, Dinh-Khoi Hoang a,6 
a Faculty of Electrical Engineering Technology, Industrial University of Ho Chi Minh City, Ho Chi Minh City, Vietnam 
1 lambinhminh@iuh.edu.vn; 2 nguyentrungnhan@iuh.edu.vn; 3 ngothanhquyen@iuh.edu.vn; 4 nguyenvansy@iuh.edu.vn;                                
5 trungtin8947@gmail.com; 6 hoangdinhkhoi@iuh.edu.vn  
* Corresponding Author 

 

ARTICLE INFO  ABSTRACT 

 
Article history 
Received January 26, 2026 
Revised March 12, 2026 
Accepted April 01, 2026 

 In conventional surface-mount technology (SMT) production lines, 
automated optical inspection (AOI) and warehousing are typically 
implemented as separate subsystems, which can limit system throughput, 
data transparency, and product traceability. This study proposes a 
supervisory integration framework that links AOI-based inspection and 
robotic handling with barcode-assisted warehousing through a PC-based 
supervisory application coupled with a centralized relational database. The 
main contribution is a unified inspection-to-warehousing workflow that 
associates AOI outcomes, product identity, storage contents, and 
warehousing status within a synchronized relational record, enabling a 
consistent linkage between physical printed circuit boards (PCBAs) and 
digital production data. The platform was implemented on a laboratory-
scale SMT pilot line using an industrial AOI sensor, an industrial robot for 
physical handling operations, a barcode reader for product identification, 
and a supervisory application, implemented in C# WinForms, for 
integration and visualization. Experimental validation included AOI 
inspection of 512 PCBAs and barcode identification of 200 storage boxes 
under laboratory conditions. Experimental results showed that the AOI 
module achieved 95.2% classification accuracy for qualified boards and an 
88.2% detection rate for defective units, while the barcode module 
successfully identified 97.5% of storage boxes on the first pass. The 
integration synchronization enabled automatic generation of warehousing 
records without manual data entry. These results support the feasibility of 
the proposed integration approach for enabling traceability and operational 
consistency in SMT production. Validation is limited to a laboratory-scale 
configuration, and larger-scale throughput and database stress testing 
remain future work. 
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1. Introduction  
In the past few decades, the rapid growth of smart electronic devices—ranging from mobile 

products to Internet of Things (IoT) applications and industrial embedded systems—has increased 
demand for compact, reliable, and high-performance printed circuit board assemblies (PCBAs). 
Surface mount technology (SMT), pioneered in the 1960s to overcome the limitations of traditional 
through-hole technology [1], [2], has since become the dominant manufacturing paradigm. By 
enabling the direct placement of components onto the board, SMT supports high component density 
and tight geometric tolerances that are essential for scalable electronics manufacturing [3]. As device 
complexity increases, enabling consistent PCBA functional efficiency and traceability across 
manufacturing and logistics has become increasingly important. 

In general, the production flow of a PCBA passes through multiple complex and rigorous stages: 
(i) assembly and inspection, where electronic components are attached to the board and visible 
assembly quality is verified [4]‒[15]; (ii) electrical and functional testing, which validates electrical 
connectivity and operating behavior of the board [16]‒[19]; and (iii) post-production, where products 
are sorted, packaged, stored, and prepared for integration or shipment [20]‒[22]. Within this 
workflow, automated optical inspection (AOI) serves as an image-based quality check that detects 
visible assembly defects, such as missing, shifted, or incorrectly oriented parts [23]‒[25]. Typically, 
this subsystem integrates a high-resolution imaging sensor with associated lighting to evaluate PCB 
images, thereby helping maintain production quality in electronics manufacturing [26], [27].  

After production testing, PCBAs enter the post‑production stage, where sorting, labeling, 
packaging, warehousing, and inventory management are performed. Although this stage is critical for 
storage integrity and traceability, conventional industrial SMT lines often rely on manual intervention 
or loosely coupled subsystems [28]‒[30]. As a result, product identification, storage records, and 
inspection results are often maintained separately, requiring manual data entry and reconciliation. This 
lack of integration makes it difficult to synchronize production and inventory data, which is a 
fundamental requirement of modern, data-driven supply chains [31]‒[33]. 

Several studies have investigated individual segments of the PCBA workflow; however, end-to-
end linkage across inspection, handling, and warehousing remains limited. In AOI research, a variety 
of PCB defect detection methods have shifted from traditional rule-based or hand-crafted vision 
pipelines to optimized deep-learning detectors (e.g., YOLO-family variants [34], [35] and pyramid-
based architectures [36]) to improve detection accuracy and inference speed under practical factory 
conditions [37]‒[41]. While such studies enhance robustness to small defects and illumination 
variation, they typically treat AOI as an isolated inspection stage that outputs defect decisions without 
addressing how inspection outcomes are synchronized with subsequent handling actions and 
warehouse records. 

Similarly, vision-integrated robotic systems have been proposed for automated handling and 
sorting of PCBAs based on visual classification results [42]‒[45]. The cameras in these applications 
can be equipped directly on the robotic arms to provide flexible and close-up visual feedback [42], 
[43], [46], or located in a static position relative to the robot’s workspace to provide a consistent field 
of view for monitoring or quality control [47]. However, these systems are evaluated as standalone 
operational units, and the reported contributions primarily focus on vision–robot control integrations 
rather than data integration mechanisms that preserve product identity across inspection, physical 
handling, and inventory updates. 

In automated warehousing environments, standardized identification mechanisms are commonly 
employed to associate physical storage units with digital inventory records, including 1D/2D barcode 
(QR/Data Matrix) scanning incorporated with automated guided vehicles (AGVs) [48]‒[51], RFID-
based identification [52]‒[55], and vision-assisted label recognition [56]‒[59]. Among these methods, 
barcode-assisted identification remains particularly attractive in industrial settings owing to its low 
implementation cost, well-developed nature, and ease of integration with database-driven warehouse 
management systems. Therefore, this study adopts barcode technology in the warehousing stage.  
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From a logistics and data-management perspective, many electronics manufacturing 
deployments still maintain production and warehouse information in separate software systems. 
Inspection tools and equipment controllers typically record quality and handling events [60]‒[62], 
whereas enterprise applications—such as Manufacturing Execution System (MES), Enterprise 
Resource Planning (ERP), and Warehouse Management System (WMS)—store production orders, 
inventory status, and warehouse transactions in different databases [63]‒[65]. Different identifiers and 
data formats across these systems require manual reconciliation to synchronize production and 
warehouse records. Consequently, inspection decisions are not automatically linked to the specific 
storage identities and the associated import/export updates, leading to potential record inconsistencies 
and reducing end-to-end traceability.   

To address this gap, the present study develops a supervisory integration framework that links 
AOI-based inspection, robotic handling, and barcode-assisted warehousing through a PC-based 
application and a centralized relational database. Rather than treating inspection, handling, and storage 
as separate events, the proposed workflow maintains a synchronized mapping among AOI outcomes, 
decoded product identity, stored contents, and warehousing status. In this method, the PC-based 
supervisory application performs the synchronization logic for record generation, whereas the 
database serves as the authoritative data layer for persistent storage and supports the relational linkage 
between physical PCBAs and digital production records. 

The research contributions are as follows: 

• A supervisory integration framework that links AOI inspection, robotic handling, barcode-based 
box identification, and warehousing record generation within one traceability workflow. 

• A closed-loop synchronization mechanism that preserves the association among AOI results, 
product identity, stored contents, and stock status in a single transactional update. 

• A laboratory-scale implementation and validation using an industrial AOI sensor, industrial 
robot, barcode reader, and PC-based supervisory application interfaced with a centralized 
relational database. 

The remainder of this paper is organized as follows. Section 2 presents the proposed integration 
framework, including automated optical inspection, barcode-assisted warehousing, and supervisory 
data management. Section 3 describes the laboratory-scale experimental setup and hardware 
configuration. Section 4 reports and discusses the results obtained. Section 5 concludes the paper with 
its main findings, limitations, and future work. 

2. Materials and Methods 
This study follows a design–implementation–validation process consisting of three phases. First, 

the system architecture for the proposed supervisory integration framework is defined. This is 
followed by the implementation of the framework on a laboratory-scale SMT pilot line that integrates 
an AOI sensor, an industrial robot, and a barcode reader with a PC-based supervisory application and 
a centralized relational database. Finally, the framework is validated through closed-loop experiments 
and transactional record verification, with particular focus on inspection, product identification, and 
system-level synchronization. The overall research methodology is illustrated in Fig. 1.  

The following subsections describe the specific components of the system architecture, including 
the hardware modules and the supervisory integration platform. Detailed specifications are also 
provided for the communication interfaces and the closed-loop operation protocols that coordinate the 
production flow. Lastly, the timing configurations established for the pilot line implementation are 
introduced to support the evaluation of the integrated synchronization logic. 
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Fig. 1. Research methodology workflow 

2.1. System Architecture 

The proposed approach integrates three functional elements: (i) an AOI-based inspection and 
robotic handling module, (ii) a barcode-assisted automated warehousing subsystem, and (iii) a PC-
based supervisory application connected to a centralized relational database for traceability and 
synchronization. Fig. 2 shows the system architecture, in which the supervisory application acquires 
data from both the AOI—robot handling and the warehousing modules and stores the corresponding 
records in the database. In this proposed framework, the supervisory application serves as the 
integration middleware at runtime, while the database functions as the centralized system of record 
for synchronized, traceable, and queryable data. The robotic handling sequence is coordinated by a 
programmable logic controller (PLC) based on AOI outcomes.  

 
Fig. 2. Architecture of the proposed framework. The dashed arrows represent information flow, while the 

thick arrows depict physical flow 

To evaluate the feasibility of the proposed platform, a laboratory-scale SMT pilot line was 
developed. Fig. 3 shows the front-side three-dimensional layout of the pilot line with the spatial 
arrangement of the AOI station, robot workspace, PLC control cabinet, and system supervisory PC. 
The barcode scanning area is located at the rear of the line, as indicated in the figure. In the pilot line, 
a simulated warehouse with multiple floors of slots for storage boxes is arranged inside the control 
cabinet. The warehousing transfer unit is implemented using a custom-developed XYZ Cartesian 
gantry robot integrated with PLC control. Since the focus of this study is the integration and 
synchronization framework rather than the mechanical design of the gantry system, detailed design 
and motion-control analysis of the gantry robot are outside the scope of this paper. 
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Fig. 3. Three-dimensional front view of the laboratory-scale SMT assembly line  
(overall dimensions: 110 × 130 × 190 cm, width × length × height) 

2.2. AOI-Based Inspection and Robotic Handling Module 

The AOI-based inspection and robotic handling module, designed for visual inspection and 
physical handling, is equipped with a five-degree-of-freedom (5-DOF) industrial robot (RV-2AJ, 
Mitsubishi, Japan) and an industrial imaging sensor (In-Sight 2001M, Cognex, USA). The sensor is 
mounted above the robot gripper (Fig. 4) to capture monochrome VGA images (640×480) of the 
boards under test. The robot transports PCBAs to an inspection station immediately after the assembly 
stage (Fig. 5) and performs robotic handling, including sorting PCBAs into designated storage boxes 
based on inspection results. 

The AOI module is configured to detect three representative defect types: 

(i) missing components, characterized by the absence of one or more components from their 
designated positions,  

(ii) component misalignment, defined as the positional offset with the tolerance of ±0.3 mm between 
the actual component centroid and the computer‑aided design (CAD) reference, and 

(iii) angular misalignment, identified when a component is rotated relative to the contact pads beyond 
a specific threshold that is restricted to ±5° for large components and ±3° for two-pin parts. 

AOI inspection was implemented within the Cognex In-Sight Explorer environment using 
Regions-of-Interest (ROI)-based pattern tools. Initially, the global Locate Part tool was utilized to 
localize a batch of six PCBAs at the inspection station per cycle. Subsequently, the pattern-matching 
algorithm of the Inspect Part tool was applied to each component to evaluate its presence, positional 
offset, and angular deviation. The acceptance threshold, representing the minimum pattern-match 
score, was set to 50/100. Consistent with the defect definitions, the rotation-tolerance parameters for 
angular misalignment were maintained at ±5° and ±3°, depending on the component type. 

Inspection results are categorized as OK or NG, corresponding to qualified and defective boards, 
and are subsequently transmitted to an R04EN PLC (Mitsubishi, Japan) to guide the robot's motion. 
The PLC coordinates the inspection-to-handling sequence by receiving AOI outcomes and issuing 
commands to the robot and peripheral devices. In the pilot line, the PLC controller cabinet is arranged 
in the lower section (Fig. 3). 
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Fig. 4. Arrangement of the AOI-based inspection and robot handling module  

2.3. Barcode-Assisted Automated Warehousing Module 

The warehousing subsystem identifies storage boxes using a barcode reader (DataMan DM262Q, 
Cognex, USA). Following AOI inspection, the Mitsubishi robot sorts PCBAs into storage boxes on 
two distinct trays in the pilot line, representing Pass and Fail categories. Each box is preprinted with 
a unique one-dimensional barcode that identifies its production batch and contents.  

A customized PLC-controlled XYZ gantry robot, as shown in Fig. 3, is employed to perform 
automated storage and retrieval operations within the warehouse grid. In addition, an optical sensor 
(WL4SLG-3P2232, SICK, Germany) is mounted behind the reader to detect when storage boxes are 
placed in the simulated warehouse. The sensing signal is used to trigger data synchronization at the 
supervisory integration platform, which is detailed in the following subsection. 

Fig. 5 shows the rear-side arrangement of the warehousing subsystem in the pilot model. The 
barcode reader is clearly positioned in the figure, whereas the optical sensor and simulated warehouse 
are situated beneath and thus are not fully visible in this view. Additionally, the inspection station 
integrated with the AOI module is located at the rear of the model, also shown in the figure.  

 
Fig. 5. Rear-side view of the automated warehousing subsystem. The inspection station is located 

immediately after the assembly stage 
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2.4. PC-Based Supervisory Integration Platform 

The PC-based supervisory platform plays a central role in the proposed framework by 
coordinating data synchronization, traceability management, and record generation across the 
inspection and warehousing stages. The platform comprises two main components: a PC-based 
supervisory application developed in C# WinForms and a relational database implemented in 
Microsoft SQL Server. Within this architecture, the supervisory application functions as the 
transactional backbone of the system, where AOI inspection events, storage operations, and inventory 
updates are associated and written to the database.  

The SQL database serves as the central repository for synchronized traceability information 
generated during system operation. These records include AOI inspection results, storage box 
identities and contents, and stock status (in-stock/out-of-stock). SQL Server is therefore used to store 
and retrieve traceability records for reporting and inventory queries. 

This supervisory integration design was selected for the present laboratory-scale pilot model 
because it provides a straightforward implementation and reliable management of synchronized 
records within a unified platform. By integrating event coordination within the supervisory application 
and persistent storage in the relational database, the platform supports consistent traceability without 
the need for complex architecture. For larger-scale or distributed deployments, future work may 
consider extending this design through publish–subscribe middleware such as Message Queuing 
Telemetry Transport (MQTT) or Data Distribution Service (DDS). 

2.5. Data Exchange and Synchronization Mechanism 

This subsection details the multi-protocol communication used for subsystem integration, as 
illustrated in Fig. 6. The PC-based supervisory application communicates with the AOI sensor and 
barcode reader via the In-Sight Software Development Kit (SDK) version 6.5.1 and DataMan SDK 
version 5.6.0, respectively. Using the vendor SDKs shortens development time while ensuring system 
compatibility and stable operation during deployment.  

 
Fig. 6. Configuration of data exchange and synchronization 

To establish communication between the Mitsubishi PLC and the supervisory interface, PLC 
parameters are defined using the Communication Setup Utility tool within the MX Component 
software (Mitsubishi, Japan). The connection is facilitated via Ethernet using the User Datagram 
Protocol/Internet Protocol (UDP/IP) protocol with a static IP address. Concurrently, AOI outcomes 
are transmitted to the PLC through the Seamless Message Protocol (SLMP), triggering the PLC to 
execute downstream robotic handling. As the communication bridge among the PLC, the two vision 
subsystems, and SQL Server, the supervisory application eliminates the necessity of additional 
dedicated communication hardware in the proposed platform. 
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The synchronization mechanism of the proposed supervisory integration framework is performed 
at the box level by generating a consistent mapping between AOI outcomes and the destination storage 
box identity. For each tested batch of PCBAs, the C# WinForms supervisory application records an 
inspection record (batch image, OK/NG, timestamp) and assigns it to the current destination box 
selected by the PLC (Pass/Fail). A box record is created and updated when the box barcode is decoded, 
providing a unique box identifier and other contents such as board type. The supervisory application 
then updates the box-contents record by appending the inspected batch assigned to that box and 
updates the stock status field (e.g., in-stock/out-of-stock). These updates are written to SQL Server as 
a single transactional update to ensure that the AOI outcome, box identity, box contents, and stock 
status remain consistent in the database. 

2.6. Closed-Loop System Operation 

The operation of the proposed platform follows a closed-loop inspection-to-warehousing 
workflow as follows:  

(i) AOI inspection: After the assembly stage, the AOI camera captures images of the PCBAs (a 
batch of six boards per inspection cycle) and evaluates component presence/absence, position, 
and orientation. The AOI module then produces an OK/NG outcome for the batch, along with 
six classification results corresponding to each board. 

(ii) PLC-guided robotic handling: AOI outcomes are transmitted to the PLC, which selects the 
destination category for the inspected batch. The Mitsubishi robot then transfers the batch to the 
designated Pass or Fail box accordingly. In the pilot setup, each storage box is configured to 
receive three batches before the warehousing step is triggered.  

(iii) Barcode-assisted warehousing: Before warehousing, each storage box is labeled with a unique 
barcode. The PLC-controlled gantry transfers the box to the barcode-scanning position, where 
the barcode reader decodes the box identity and transmits it to the C# WinForms supervisory 
application. The gantry then moves the box to the simulated warehouse, and the optical sensor 
generates a warehousing-status signal to the supervisory platform to confirm storage.  

(iv) Database synchronization: The supervisory application collects AOI outcomes and box identities. 
Immediately after receiving the warehousing-status signal, the supervisory application associates 
AOI outcomes and box identities with stock status, from which other product information, 
including box categories (Pass or Fail), board type, and quantity of qualified and defective boards 
per box, is extracted. These details are then stored in SQL Server, enabling traceability queries 
and inventory reporting. 

2.7. Implementation Parameters and Timing Configuration 

All tasks were configured to operate under timing constraints representative of the closed-loop 
inspection-to-handling process. The average duration and maximum allowable delay were specified 
for each task of the pilot line. These timing parameters are summarized in Table 1. 

The key highlights of this configuration include: 

• System synchronization: The AOI camera and the Mitsubishi robotic arm are synchronized with 
a low deviation (under 50 ms), ensuring the robot receives control commands immediately after 
an inspection result is generated. 

• Data transmission: Inspection data and sorting results are exchanged between the AOI camera, 
PLC, and supervisory application within 10–150 ms, supporting a deterministic control 
workflow. 

• Database integration: Applying non-blocking transactions and an average timing of 15 ms for 
recording information into the SQL database is sufficient for a laboratory-scale deployment to 
avoid observable interference with the pilot-line workflow.  
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• Retry mechanism: If a signal is interrupted within a predefined timeout, the supervisory 
application automatically re-sends the request up to three times before issuing an error 
notification. 

Table 1.  Timing configuration of the pilot line 

Operation	 Description Average 
Duration 

Maximum 
Allowable Delay Note 

AOI Inspection Visual inspection duration 150 ms 160 ms — 
AOI Camera—  

Supervisory 
application 

Transmission of inspection records 
from the AOI camera to the 

supervisory application 
10 ms 20 ms Configured via 

In-Sight SDK 

AOI Camera—
PLC 

Transmission of inspection results 
from the AOI camera to the PLC 150 ms 160 ms Configured via 

SLMP (Ethernet) 
Robot handling 

actions Box sorting duration by the robot 1.8 s 1.95 s The sorting time per 
board 

Barcode reading Barcode scanning and decoding 
duration 120 ms 125 ms 1-D barcode 

recognition 
Barcode reader— 

Supervisory 
interface 

Transmission of decoded 
information from the barcode reader 

to the supervisory application 
10 ms 20 ms Via DataMan SDK 

SQL Server Database latency for record 
insertion 15 ms 25 ms Non-blocking 

transactions applied 
Signal 

synchronization 
deviation 

Synchronization deviation between 
AOI output and PLC/Robot trigger < 50 ms — 

No frame 
misalignment 

detected 
Timeout/packet 

loss Configured timeout/packet loss < 0.1 % — Retry mechanisms 
applied 

System availability System uptime during the 
production phase 99.5 % — 

Excluding 
scheduled 

maintenance 

3. Experimental Methods 
3.1. Experimental Setup 

Three experiment groups were carried out on the laboratory-scale SMT pilot line to evaluate the 
proposed platform: 

(i) AOI inspection performance, 

(ii) barcode-assisted identification, and 

(iii) database synchronization. 

For AOI validation, a total of 512 PCBAs were tested, comprising 478 qualified boards and 34 
defective boards that were intentionally generated. For barcode validation, 200 storage boxes with 
one-dimensional barcode labels were processed. In addition, system synchronization and 
communication behavior were demonstrated using configured response-time and delay constraints for 
AOI, PLC communication, barcode decoding, and SQL response. All experiments were conducted 
under laboratory conditions with ambient lighting levels ranging from 400 to 600 lx and moderate 
dust levels. 

3.2. Experimental Configuration and Calibration for Reproducibility 

To ensure reproducible inspection and handling, the pilot line was configured with a fixed camera 
board geometry and repeatable positioning of PCBAs at the inspection station. The AOI sensor was 
calibrated by (i) setting a stable imaging configuration with a focus of 150 mm, exposure of 10 ms, 
and 1.0x gain, (ii) maintaining constant lighting conditions using warm-yellow LEDs within the 
laboratory environment, and (iii) defining a consistent field of view (FOV) centered on the target 
components. Within this FOV, the spatial layout for the six PCBA units was strictly mapped to ensure 
full coverage while minimizing perspective distortion. 
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The robotic handling was performed using the Mitsubishi RV-2AJ industrial arm, with a position 
repeatability of ±0.02 mm, ensuring consistent placement at the inspection station. The robot was 
calibrated by teaching specific pick, inspection, and placement poses relative to the inspection station 
and the locations of the Pass/Fail boxes. These trajectories were managed via PLC sequencing to 
ensure deterministic cycle times and consistent box assignment. For the warehousing subsystem, 
barcode labels were standardized in size and contrast, and the reader was configured with Code 128 
symbology and an 8-ms exposure time to guarantee reliable decoding at the designated scan distance 
and angle. 

3.3. Evaluation Metrics 

To evaluate AOI performance through multiple categories, we propose using the following 
metrics: 

• Quality Acceptance Rate (QAR), denoting the percentage of non-defective (OK) boards correctly 
identified by the system out of the total qualified population: 

 𝑄𝐴𝑅 =	
𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦	𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑	𝑞𝑢𝑎𝑙𝑖𝑓𝑖𝑒𝑑	𝑏𝑜𝑎𝑟𝑑𝑠

𝑇𝑜𝑡𝑎𝑙	𝑞𝑢𝑎𝑙𝑖𝑓𝑖𝑒𝑑	𝑏𝑜𝑎𝑟𝑑𝑠
 (1) 

• Category-Specific Recall (CSR), indicating the detection accuracy calculated for an individual 
defect class, such as missing components or angular misalignment: 

 𝐶𝑆𝑅 = 	
𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦	𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑	𝑏𝑜𝑎𝑟𝑑𝑠	𝑖𝑛	𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦	𝑖

𝑇𝑜𝑡𝑎𝑙	𝑡𝑒𝑠𝑡𝑒𝑑	𝑏𝑜𝑎𝑟𝑑𝑠	𝑖𝑛	𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦	𝑖
 (2) 

• Total Defect Recall (TDR), representing the proportion of all defective (NG) boards successfully 
detected by the AOI module: 

 𝑇𝐷𝑅 =	
𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦	𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑	𝑑𝑒𝑓𝑒𝑐𝑡𝑖𝑣𝑒	𝑏𝑜𝑎𝑟𝑑𝑠

𝑇𝑜𝑡𝑎𝑙	𝑑𝑒𝑓𝑒𝑐𝑡𝑖𝑣𝑒	𝑏𝑜𝑎𝑟𝑑𝑠
 (3) 

• In addition, the performance of the barcode-based identification was evaluated using the first-
pass read rate (FPRR), defined as: 

 𝐹𝑃𝑅𝑅 =	
𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑏𝑜𝑥𝑒𝑠	𝑑𝑒𝑐𝑜𝑑𝑒𝑑	𝑠𝑢𝑐𝑐𝑒𝑠𝑓𝑢𝑙𝑙𝑦	𝑜𝑛	𝑡ℎ𝑒	𝑓𝑖𝑟𝑠𝑡	𝑟𝑒𝑎𝑑𝑖𝑛𝑔

𝑇𝑜𝑡𝑎𝑙	𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑡𝑒𝑠𝑡𝑒𝑑	𝑏𝑜𝑥𝑒𝑠
 (4) 

4. Results and Discussion 
4.1. Performance of AOI-Based Inspection 

Following the configuration detailed in Subsection 2.2, the AOI module was evaluated against 
three defect categories: (1) missing components, (2) component misalignment, and (3) angular 
misalignment. Among the 512 PCBAs evaluated, 10 instances were prepared for missing components, 
15 for component misalignment, and 9 for rotational misalignment. The detailed results outlining the 
detection rates and overall performance metrics for these three categories are presented in Table 2. 

Table 2.  AOI-based inspection performance  

Defect Categories Count of Boards 
Under Test 

Count of Boards 
Detected Metrics 

Qualified (OK) 478 455 QAR=95.2% 
Defective (NG) 34 30 TDR=88.2 % 

Missing component 10 9 CSR1=90.0% 
Component misalignment 15 14 CSR2=93.3% 

Angular misalignment 9 7 CSR3=77.8% 
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Accordingly, the QAR of 95.2% (455/478) indicates that the AOI module correctly identified a 
large majority of qualified products under the tested conditions. This high rate suggests a relatively 
low false-rejection tendency in the present setup. From a safety and quality perspective, the TDR of 
88.2% (30/34) demonstrates overall sensitivity to manufacturing faults. Analysis of CSR reveals 
higher detection rates for component misalignments (93.3%) and missing components (90.0%) 
compared to angular misalignment (77.8%). 

The lower recall for angular misalignment is primarily attributable to ambient lighting 
fluctuations, as the experiments lacked a strict lighting-control mechanism. The limited spatial 
resolution of the AOI sensor imposed inherent constraints on the capture of fine-grained pattern 
discrimination in small two-pin components. The performance variation also indicates that the current 
ROI-based thresholding vision algorithm is less sensitive to rotational deviations than to structural 
changes, such as missing parts.  

Fig. 7 illustrates the graphical user interface (GUI) of the AOI inspection module during an active 
inspection cycle. The outermost green boundary defines the camera FOV, capturing the monochrome 
VGA image of a patch of six PCBAs placed on the top of the inspection station. Within this FOV, an 
internal green rectangle identifies the localized inspection zone for the batch. The small green markers 
superimposed on each board surface indicate the successful execution of the pattern-matching 
algorithm for individual components. The classification results are displayed simultaneously in the 
GUI for operational monitoring. In this example, all boards are indicated as “OK”, resulting in an 
overall "OK" classification for this batch.  

 

Fig. 7. AOI inspection display during an inspection cycle. The outermost green box represents the camera 
FOV, while the inner box defines the localized inspection zone for a batch of six PCBAs 

4.2. Performance of Barcode-Assisted Identification 

The barcode-assisted identification module was evaluated under representative laboratory 
warehousing conditions to assess the robustness of box-level data acquisition during storage 
operations. To emulate practical variability in warehousing, barcode labels were intentionally placed 
with rotational deviations of up to ±15° and minor horizontal offsets relative to the optical axis of the 
reader. These conditions were introduced to examine whether the identification process remained 
reliable prior to each storage event. 

The box-transfer speed of the three-axis gantry robot was set within the range of 0.2 to 0.4 m/s 
to maintain consistency with the timing constraints of the closed-loop system, as summarized in Table 
1. Within this operating range, the total identification delay, consisting of approximately 120 ms for 
barcode decoding and 10 ms for data transmission, remained below the residence time of each box 
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within the camera field of view. This timing margin allowed barcode acquisition and data 
synchronization to be completed without interrupting warehousing operations. 

Among the 200 storage boxes tested, 195 were successfully decoded on the first scan, yielding 
an FPRR of 97.5%. The unreadable cases were primarily associated with poor print quality, dusty or 
scratched box surfaces, and suboptimal scanning orientations. These results indicate that the barcode-
based identification module can reliably support the proposed synchronization workflow within the 
tested operating range, provided that barcode printing quality and surface cleanliness are adequately 
maintained. Within the tested angular and transfer-speed ranges, the barcode-assisted identification 
module demonstrated stable first-pass decoding performance for closed-loop warehousing 
synchronization. 

As illustrated in Fig. 8, the identification module provides both visual confirmation and digital 
logging of the decoding process. Fig. 8(a) shows the capture interface, wherein the barcode is 
successfully localized within a green ROI and the decoded string "101031010" is accurately extracted. 
Correspondingly, Fig. 8(b) demonstrates the communication log, in which the decoded result and 
associated data string are recorded sequentially. This synchronized feedback loop facilitates real-time 
monitoring of the identification sequence, thereby reducing the possibility of identification 
mismatches before the PCBA enters the warehousing sequence.  

 

 
(a) 

 
 
 

 

(b) 
Fig. 8. Decoding interface of the Cognex DataMan reader: (a) Scanner view showing the located 1-D 

barcode region (the green box). The decoded box identity is shown at the bottom; (b) The log output 
indicating successful decoding of the box identity (ID = 101031010) 

4.3. Traceability Record Synchronization and Retrieval 

This section examines how the proposed supervisory platform supports the synchronization and 
retrieval of traceability associated with inbound and outbound warehousing operations.  Following the 
designed workflow in Subsection 2.6, AOI inspection outcomes (OK/NG) are coordinated with a 
storage-box identity obtained from barcode decoding and with the warehousing-status signal 
indicating that the box has been stored. The PC-based supervisory application consolidates these 
inputs and writes synchronized records to the centralized SQL Server database at the box level, 
enabling consistent linkage between physical PCBAs and their corresponding digital records. 

Fig. 9 shows the inbound database generated from synchronized inspection and warehousing data 
in SQL Server. The table illustrates box-level records populated automatically by the PC-based 
supervisory application after AOI inspection and barcode identification, where “Product_Code” 
denotes box identifier, “Product_Name” identifies the type of the boards, “Date” presents the storage 
date, “Quantity” shows the quantity of qualified PCBAs per box, “Description” explains whether this 
box contains OK or NG batches (with the quantity of detected NG boards of the box in the latter case), 
and finally “Status” displays warehousing status (in-stock/out-of-stock).  
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Fig. 9. Inbound (storage) record view. For Vietnamese strings, English translations are provided in callouts 

Fig. 10 shows the outbound record view used to demonstrate retrieval/issuance record 
management, where product fields such as box identifier, board type, and stock status are retrieved 
from SQL Server and populated without manual re-entry. Other fields contain outgoing information 
about products that have been exported from the warehouse. Together, these views confirm that AOI 
outcomes and storage contents are consistently mapped into structured database records that can be 
queried for traceability and inventory reporting. 

 
Fig. 10. Outbound (export) record view (demonstration) 

The successful generation and operation of these records demonstrate that inspection outcomes, 
storage identification, and box-level records are consistently maintained within a unified data pipeline. 
This consistency ensures data integrity across the production–logistics chain. Overall, the results 
demonstrate the feasibility of the proposed integration workflow for maintaining synchronized box-
level traceability records in a laboratory-scale SMT environment. 

5. Conclusion 
This study introduced a supervisory integration framework that bridges the functional gap 

between automated optical inspection, robotic handling, and warehousing subsystems in SMT 
production. The primary theoretical contribution is a synchronized box-level traceability workflow 
that preserves the association among AOI outcomes, decoded box identity, box contents, and stock 
status in a relational database. This approach supports queryable traceability records across post-
inspection handling and warehousing stages. 

Experimental results on a laboratory-scale SMT pilot line demonstrated the feasibility and 
stability of the proposed approach. The AOI module achieved a Quality Acceptance Rate (QAR) of 
95.2% and a Total Defect Recall (TDR) of 88.2%, while the barcode subsystem obtained a 97.5% 
first-pass read rate for product identification. In addition, the synchronization workflow enabled 
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automatic generation and retrieval of warehousing records from the database without manual re-entry, 
supporting operational consistency and traceability reporting. 

The present validation is limited to a laboratory-scale configuration, and several limitations 
remain. The current AOI algorithm relies on rule-based pattern matching, which is sensitive to 
illumination variation and fine-angle defects, resulting in lower detection accuracy for rotational 
misalignment (77.8%). Additionally, the warehousing demonstration focuses on box-level records and 
does not evaluate large-scale warehouse operations or long-horizon database performance under 
week-scale production volumes. The timing parameters reported for closed-loop coordination are 
configured for demonstration rather than stress-tested under industrial throughput.  

Future work should focus on improving robustness, scalability, and deployability of the proposed 
platform. The AOI pipeline can be extended from rule-based methods toward learning-based defect 
detection to improve sensitivity to small defects and fine rotational deviations, together with an 
enclosed inspection station for a stabilized illumination setting. The database should be stress-tested 
under high-volume workloads to measure update latency and to evaluate the benefits of advanced 
indexing and partitioning strategies for long-term traceability. Finally, to support distributed 
deployment across multiple production stations, the investigation of an event-driven publish-subscribe 
framework, such as MQTT or DDS, is recommended as a scalable alternative to the current centralized 
request-response model. 
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